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ABSTRACT 

Reliability issues are always salient as behavioral researchers 

observe human behavior and classify individuals from criterion-referenced 

test scores. This has created a need for studies to assess agreement . 

between observers, recording the occurrance of various behaviors, to 

establish the reliability of their classifications. In addition, there 

is a need for measuring the consistency of dlchotomous and polytomous 

classifications established from criterion-referenced test scores. The 

development of several log linear univariate models for measuring 

agreement has partially met the demand for a probability-based measure 

of agreement with a directly interpretable meaning. However, multi

variate repeated measures agreement procedures are necessary because of 

the development of complex intrasubject and Intersubject research designs. 

The present investigation developed applications of the log 

linear, latent class, and weighted least squares procedures for the 

analysis of multivariate repeated measures designs. These computations 

tested the model-data fit and calculated the multivariate measure of the 

magnitude of agreement under the quasi-equiprobabllity and quasi-

independence models. Applications of these computations were illustrated 

with real and hypothetical observational data. 

It was demonstrated that employing log linear, latent class, 

and weighted least squares computations resulted in identical multi

variate model-data fits with equivalent chi-square values. Moreover, 
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the application of these three methodologies also produced identical 

measures of the degree of agreement at each point in time and for the 

multivariate average. 

The multivariate methods that were developed also included 

procedures for measuring the probability of agreement for a single 

response classification or subset of classifications from a larger set. 

In addition, procedures were developed to analyze occurrences of system

atic observer disagreement .within the multivariate tables. 

The consistency of dichotomous and polytomous classifications 

over repeated assessments of the identical examinees was also suggested 

as a means of conceptualizing criterion-referenced reliability. By 

applying the univariate and multivariate models described, the re

liability of these classifications across repeated testings could be 

calculated. 

The procedures utilizing the log linear, latent structure, and 

weighted least squares concepts for the purpose of measuring agreement 

have the advantages of (1) yielding a coefficient of agreement that 

varies between zero and one and measures agreement in terms of the 

probability that the observers' judgments will agree, as estimated under 

a quasl-equiprobability or quasi-independence model, (2) correcting for 

the proportion of "chance" agreement, and (3) providing a directly 

interpretable coefficient of "no agreement." Thus, these multivariate 

procedures may be regarded as a more refined psychometric technology for 

measuring inter-observer agreement and criterion-referenced test 

reliability. 



CHAPTER 1 

INTRODUCTION 

Science requires that data be reliable. In the behavioral 

sciences, quantitative estimates of the consistency, dependability, 

and predictability of behavioral data are preferred. Such an assess

ment is necessary prior to >the determination of. the accuracy or 

validity of the data. The probability of making valid empirical con

clusions based on scientific behavioral research is considered to be a 

direct function of the reliability of measurement. Reliability issues 

are always salient as social scientists observe human behavior and as 

they try to classify individuals. Both direct observation of human 

behavior and classification of individuals by means of criterion-

referenced tests are methods that social scientists use to minimize 

inferential assumptions and to increase the validity of their assertions 

about human functioning. The present study will focus on the reliability 

of human observers' judgments when making direct observations of 

behavior. Moreover, it will be explained how the procedures used for 

determining such reliability may be applied to the problems of classify

ing individuals from criterion-referenced test scores. 

Measuring Observer Agreement 

Observational studies of human behavior often require the re

cording of a number of behavioral categories. In addition, most 

1 
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observational studies require the assessment of agreement between 

observers to establish the reliability of the observations. These 

reliability measures attempt to document that the behavioral data com

piled by the observer are similar to those that would be collected by 

other trained observers. The measurement procedures involve members 

of the observational team simultaneously and independently coding 

Identical behaviors emitted by the same experimental subjects through

out the identical experimental sessions. The observers' behavioral 

protocols are then compared with respect to consistency among observers' 

judgments. It is Imperative that interobserver reliability estimates 

be assessed since the probability of measuring a change in subject 

behavior between treatment conditions, is a direct function of the 

reliability of the observers' judgments. 

Observers of human behavior may be predisposed to bias, in

attention, inadequate training, subjective judgment, observer feedback, 

observer drift, and other sources of random and systematic error (Hersen 

and Barlow, 1976; Kratochwili, 1978). Other sources of error affecting 

observational measurement may be influenced by the number of behavioral 

observations and the length of observational periods (Shavelson, 1980). 

Such multifacted errors become incorporated into the behavioral measure

ments and affect the reliability of the observers' responses. The 

extent to which these observers' responses are reproducible or reliable 

determines the degree and significance of their response agreement. 

This situation 1b analogous to the problems that gave rise to 

classical psychometrlcs. Human observers correspond to alternate forms 

of a test, and nominal response data correspond to test scores. 
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The observers may be school psychologists, the behavioral 

categories on-task, physical agression, and speaking out, and the units 

different academic classroom periods; or the observers may be teachers, 

the categories different types of social skills, and the units small 

groups of children of various ages, etc. Using these examples it becomes 

evident that three assumptions must be met for an accurate measure of 

observer agreement. First, the units (i.e., time or experimental con

ditions) must be mutually exclusive. Second, the nominal scale 

behavioral categories must be mutually exclusive and exhaustive. Finally, 

the observers must respond independently (Cohen, 1960). 

In most cases, a criterion for the "correctness" of observer 

responses is not established, and the observers are equally skilled in 

coding the behaviors. In addition, there are no assumptions or restric

tions involving the distribution of observer judgments across behavioral 

categories (Cohen, 1960). 

Measures such as the percentage of agreement, Cohen's Kappa 

(Cohen, 1960), and phi have been used to measure observer agreeement, 

but these coefficients have limitations. For example, the percentage 

of agreement index compares number of observer agreements and dis

agreements with a standard. Although this elementary procedure is com

putationally and interpretatively simple, it is unacceptable because it 

neglects to consider chance agreement, doeB not have a meaningful lower 

bound of acceptability, and does not have a value representing no 

agreement (Hartmann, 1977). The value for the percentage agreement index 

also relies excessively on the frequency of the behavior, thereby 
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resulting In evaluations of high frequency behaviors to have Inflated 

high percentage agreement values. Investigators may also notice that 

acceptable levels of percentage agreement occur when In reality the 

judges are responding at chance levels. Finally, Inclusion of observer 

agreement frequencies on nonoccurrences of behavior may substantially 

alter computed percentages of agreement (Yelton, Wildman, and Erickson, 

1977). 

Categorical or occurrence-nonoccurrence observer agreement data 

have also been analyzed with correlational statistics such as kappa (k) 

and phi (Hartmann,1977). Kappa reflects the proportion of agreement 

after chance agreement is eliminated from consideration. Fhl is the 

product-moment correlation between two observers' dichotomous categorical 

data. The phi value will approximately equal the kappa value if the 

marginal frequencies or the sums of the table columns and rows are 

relatively equal. Percentage agreement, kappa, and phi are unfortunately 

fraught with several weaknesses. All three statistics allow confounding 

of random and systematic error (Hartmann, 1977). Disagreements between 

observers caused by random factors, such as occasional inattention or 

coding errors, and systematic factors, such as differential operational 

definitions of target behaviors, cannot be discriminated when the 

previously mentioned statistics are applied. In addition, these measures 

of agreement lack a directly interpretable means of assessing the degree 

of agreement. 
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Log-Linear Agreement Models 

As an alternative, the application of log linear models and the 

quasi-independence concept for the purpose of measuring observer agree

ment has the advantages of yielding a probability-based measure of 

agreement with a directly interpretable meaning, correcting for the 

proportion of "chance" agreement, and providing a directly meaningful 

coefficient of "no agreement". 

Bergan (1980a, 1980b) has developed procedures for measuring 

observer agreement using the quasi-independence and quasi-equiprobability 

concepts. The application of these procedures for measuring observer 

agreement has several advantages. Use of the quaBi-independence or 

quasi-equlprobablllty concept yields a coefficient of observer agreement 

that varies between zero and one and measures agreement in terms of the 

probability that the observers' judgments will agree, as estimated under 

a quasi-independence or quasi-equlprobability model. These procedures 

may also be used to investigate whether or not a single observational 

category or specific group of categories is a major contributor to the 

coefficient of agreement. Finally, systematic occurrences of disagree

ment between observers may be located and measured. 

To assess agreement the judgments of the observers are organized 

into a contingency table. Quasl-equiprobabllity or quasi-independence 

among the variables comprising this contingency table is measured by 

testing the hypothesis that a subset of the contingency table cells are 

equiprobable or independent. The quasi-equiprobability model is 

recommended for measuring observer agreement when two or three 



observers are recording the presence or absence of one specific behavior 

The observer agreement measure using the quasi-equiprobability model 

allows the flexibility of calculating the statistic completely with 

hand calculations or with the use of various computer programs (Clogg, 

1977; Fay and Goodman, 1973). The quasi-independence model is 

recommended for measuring observer agreement when two or more observers 

are recording three or more response categories. This analysis includes 

the calculation of maximum likelihood estimates of expected cell 

frequencies under the model of quasi-independence which requires an 

iterative procedure and preferably the use of a high speed digital 

computer. 

A third model that may be considered for the assessment of agree 

ment is the model of symmetry. Given a two-way square contingency table 

the model of symmetry disregards the diagonal cells in the table and 

examines the relationship of the pairs of cells around the diagonal. 

Under this model, the hypothesis of symmetry tests the equality of the 

joint probabilities, within each disagreement pair of cells around the 

diagonal. 

Statement of the Problem 

The scientific community and research consumers are in need of 

a statistical "judgmental aid" that condenses a series of human be

havioral data from many observers (Kratochwill and Wetzel, 1977). 

Furthermore, measurements of observer reliability that communicate the 

accuracy and quality of behavioral data recorded throughout a specific 
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project or experiment are necessary. The Increasing development of com

plex intrasubject and Intersubject research designs calls for the 

construction of multivariate measurement procedures that employ various 

design facets. Present applied behavioral research designs incorporate 

design facet combinations of subjects, observers, conditions, behaviors, 

sessions, and trials. The functional association between reliability 

and validity requires that data reliability be demonstrated if behavioral 

differences between treatment conditions are to be shown. 

Investigators, such as Bennett (1967, 1968 and 1972), have 

proposed a multivariate formula for measuring observer agreement across 

multiple observers and behaviors. Their procedures focused on a chi-

square statistic that tested the statistical significance of a multi

variate measure of agreement. But, the procedures, such as Bennett's, 

lacked a means of measuring the degree of agreement among the observers. 

Although Bennett did provide a measure for the average proportion•of 

"positive findings" (i.e., agreement among observers), his index neglects 

to consider the contribution of chance agreement. 

To meet the need for a multivariate measure of the degree of 

agreement among observers, the present investigation was designed to 

develop a multivariate extension of the Bergan (1980a, 1980b) procedure 

for measuring observer agreement. The study encompassed the construction 

of a multivariate repeated measures statistical procedure for assessing 

the magnitude of observer agreement across settings, subjects, behaviors, 

conditions, observers, and trials. 
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By focusing on the collection of observer agreement data across 

different points in time, a repeated measures design was created. 

Specifically, applications of the log-linear, latent class, and weighted 

least squares procedures for the analysis of multivariate repeated 

measures designs were constructed. These methodologies assessed the fit 

between data and models of quasi-independence and quasi-equiprobability. 

A multivariate measure of agreement was also calculated. In addition, 

methods for measuring the probability of observer agreement for a single 

response classification or subset of classifications from a larger set 

was constructed. Finally, procedures for analyzing occurrences of 

systematic observer disagreement were developed. A pretest-posttest-

followup intrasubject research design with accompanying data from two 

observers was provided by the University of Arizona Psychology Department. 

Observer judgments of the presence of one behavior across two points in 

time was compiled and a two-way contingency table constructed. In 

addition to this data, hypothetical data illustrating the judgments of 

two observers coding three behavioral categories across two points In 

time was provided. These data were used to test and illustrate the 

application of the multivariate repeated measures statistical pro

cedures. 

Since the observers' judgments are represented as codings of 

the occurrence-nonoccurrence of target behaviors, it is postulated that 

such categorical data is similar to the dichotomous mastery and 

nonmastery classification decisions that occur within the realm of 

criterion-referenced testing. The consistency of mastery and 
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nonmastery classifications over repeated assessments of the identical 

subjects has been suggested as an approach to conceptualize criterion-

referenced reliability (Huynh, 1976; Subkoviak, 1976; Swaminathan, 

Hambleton and Algina, 1973; Subkoviak, 1980). The present investigation 

also demonstrated how the multivariate agreement measures developed can 

be applied to assess the reliability of dichotomous and polytomous 

classifications established from criterion-referenced test scores. 

The Implications drawn from the proposed research suggest 

techniques for the psychometric validation of procedures for determining 

inter-observer agreement. The growing sophistication of behavioral 

assessment procedures mandates that these psychometrically sound measure

ment principles be established. By increasing the reliability of 

psychometric procedures, more accurate selection of appropriate treatment 

strategies by psychologists and educators may occur. 



CHAPTER 2 

REVIEW OF THE LITERATURE 

The following sections will present the various procedures for 

estimating interobserver reliability along with evidence suggesting why 

a lack of consensus regarding the "preferred" method exists among 

applied behavioral researchers. The literature review will specifically 

discuss the percentage agreement measure, Cohen's kappa, phi, general

ization of the kappa coefficient, and multivariate observational measures. 

An extension of the section on multivariate observational measures will 

include a discussion on assessing agreement with graphical judgmental 

aids and with probability based formulas. Following these sections will 

be a presentation of measures of observer agreement under the models of 

quasi-independence and quasi-equiprobability, and measures of observer 

agreement from repeated measurement experiments. Finally, evidence 

suggesting how multivariate agreement measures may be applied to the 

computation of reliability indexes for criterion-referenced test scores 

will be presented. 

Percentage Agreement Measure 

Although the past two decades have produced a vast array of 

sophisticated observational technologies, the development of psycho-

metrically refined measurement principles has been languorous. Hartmann 

(1977) noted that researchers who use behavioral observers have tended 

10 
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not to emphasize that the critical association between validity and 

reliability is affected by the reliability of the human observer. This 

problem is masked by researchers' excessive employment of the percentage 

agreement formula (Kelly, 1977). 

All procedures for measuring observer agreement require that the 

categorical or occurrence-nonoccurrence data be summarized into a multi-

way contingency table. A two-by-two table, for example, would represent 

agreement between two observers that the behavior occurred (cell A) and 

agreement the behavior did not occur (cell D) in the two diagonal cells, 

respectively. The off-diagonal cells would represent the two types of 

disagreement; observer A judging the behavior occurred while observer B 

judging it did not occur (cell B) and vice-versa (cell C). 

The most commonly used agreement statistic is percentage agree

ment (Kelly, 1977). This agreement estimate is defined by dividing the 

frequency of observer agreements by the total number of observations and 

multiplying by 100, i.e., (A + D/A + B + C + D) x 100 (Kratochwill and 

Wetzel, 1977). Hawkins and Dotson (1975) argue that this statistic is 

inadequate because agreement estimates are inflated when behavioral 

occurrences are low, thereby Incorporating the agreement frequencies that 

the target behavior was not emitted. 

Two additional versions of the percentage agreement procedure 

have also been reported by Hartmann (1977), Kratochwill and Wetzel 

(1977), and Hawkins and Dotson (1975). Hartmann (1977) presented a 

version called the "effective percentage agreement", in which behavioral 

occurrences may be calculated if the investigation focuses on observer 
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agreement regarding low rates of target behavior occurrences. This 

procedure reduces the inflationary effects of observers agreeing that 

the target behavior did not occur* Effective percentage agreement for 

occurrences 1b defined by dividing the frequency in agreement cell A 
I 

by the sum of cells A, B, and C and multiplying that proportion by 100. 

An investigation that focuses on the low nonoccurrence rate of a 

target behavior may apply the effective percentage agreement formula for 

nonoccurrence of target behaviors (Hartmann, 1977). This agreement 

measure is given by dividing the frequency of agreement cell D by the 

sum of cells Bt C, and D and multiplying that proportion by 100. These 

effective percentage agreement formulas purport to reduce the chance 

agreements that may arise when different rates of occurrence of target 

behaviors are presented. "Chance" agreement refers to the expected 

proportion of agreement that may be attributed to independent-observer 

judgments. Due to such manifestations, Hartmann recommends under con

ditions of low rates of target behavior occurrence that nonoccurrence 

agreement frequencies be discarded to reduce the contribution to agree

ment by "chance" agreement. Analogously, if high rateB of target 

behaviors are emitted, omission of occurrence agreement frequencies is 

warranted to prevent excessive inflation of the agreement index. 

Hartmann (1977) cautions that these percent agreement estimates have 

additional deficiencies regarding the specific conditions (i.e., specific 

rate of target behavior occurrence) under which these procedures should 

be used, the minimum acceptable level of agreement, and the value 

designating no agreement. 
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Since an objective method for determining the frequency at which 

one effective percentage agreement measure should be used over the 

other does not exist, researchers such as Birkimer and Brown (1979a) 

have suggested reporting agreement as the average of the occurrence and 

nonoccurrence agreement scores. Harris and Lahey (1978) countered that 

suggestion by developing a percent agreement formula that incorporated 

occurrence agreement weighted by the average rate of nonoccurrence, and 

nonoccurrence agreement weighted by the average rate of occurrence. 

Although this procedure attempts to minimize the contribution o£ chance 

agreement, it does not remedy the previously mentioned limitations 

inherent in all the versions of the percent agreement formulas. 

Cohen's Kappa and Phi 

During the previous attempts to develop a more precise measure 

of observer agreement, there merged a consensus among most researchers 

that there must be a demonstration that "obtained" agreement signifi

cantly differed from "chance" agreement. The investigators also added 

that summarizing categorical agreement data within a contingency table 

allows researchers to use several commonly known postulates to develop 

reliability measures (Goodman and Kruskal, 1954). 

Light (1971) asserted that agreement is a special case of 

association. Only under the conditions where two observers are judging 

the occurrence-nonoccurrence of a single behavior is this statement 

untrue. Given a two-by-two contingency table, agreement measures will 

equal association measures. Thus, measures based on the chl-square 
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statistic, such as the likelihood ratio chi-square statistic, Pearson 

chi-square, or phi, may be applied (Light, 1971). However, if more than 

two behavioral categories are applied, then standard association 

measures should not be used to measure agreement. 

Light argues that the difference between agreement and associa

tion is that for two or more observer judgments to agree, they must be 

categorized in the identical contingency table cells, while for two 

observer judgments to be associated mandates that one observer's 

judgment be predictable from information regarding the other's judgment. 

Therefore, agreement is a special case of association, and the responses 

in a contingency table may indicate high agreement and high association 

or even low agreement and high association (Light, 1971). 

Historically, investigators have emphasized reliability measures 

for continuous and ranked data (Ebel, 1951). Recent advances with 

categorical data (Bergan, 1980a) have allowed more investigators to 

incorporate categorical variables into their research designs. A break

through first came in 1955 when Scott generated an observer agreement 

measure that corrected for chance agreement and assumed the distribution 

of response proportions across behavioral categories for the population 

was known and equal for all observers. Scott's (1955) "coefficient of 

lntercoder agreement" was estimated as: 



15 

where tQ Is the sum of the observed proportion of agreement response 

pairs, and tfi is the sum of the diagonal cell probabilities. However, 

p^ was calculated with the assumption of known population marginal 

probabilities, and on the basis that both judges had marginal dis-

, trlbutions of proportions that were equal and identical to the 

population proportions. 

Cohen (I960) commented it would be Impossible for investigators 

to meet Scott's assumptions of symmetric marginals. Therefore, Cohen 

developed an index, kappa, that made no assumptions regarding equality 

of the marginal distributions. He defined kappa (k) as: 

where Pq is the sum of the observed proportion of cases in the main 

diagonal of the contingency table and Pe is the sum of the expected pro

portion of cases in the main diagonal. The expected proportion of cases 

was calculated by finding the joint probabilities of the observed 

marginals. Thus, Pq denoted the proportion of cases in which the 

observers agreed and denoted the proportion of cases for which 

observer agreement was expected by chance. 

The kappa statistic presented in the previous paragraph is 

d 
analogous to the agreement expression 1 - —2., where d is the observed 

3e ° 

disagreement proportion, and dg is the expected disagreement proportion, 

under the hypothesis of random agreement. Based on this expression, 

kappa can be given by: 
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c 

y 
c I 

1=1 

1=1 ni+ Vi 
2 
n 

where Is the frequency for cell n is the total number of 

ceptuallzed as a ratio of disagreements or measures of distance between 

two judges. These measures of distance are calculated by counting a 

series of ones and zeros or the frequency of agreement versus dis

agreement pairs in the complete set of observer respones (i.e., 2n). 

Coefficient k represents the proportion of agreement after chance 

agreement is removed from consideration. If the observed magnitude of 

agreement equals the magnitude expected by chance alone, then k will 

equal zero. Complete agreement between the observers will result in a 

k value of 1.0. A negative k value will occur if the observed agreement 

is less than the agreement expected by chance. 

Cohen, and Everitt (1969), and Hubert (1977) produced a weighted kappa 

coefficient, which allowed the various disagreement categories to be 

differentially weighted. For the purpose of assessing the magnitude of 

observer agreement, all disagreements should be regarded as equally 

serious. Thus, weighted kappa, which places varying emphasis on the 

different degrees of disagreement, need not be computed. 

responses in the table, and and are the observed marginals in 

til til the i row and j column, respectively. Thus, kappa may be con-

Further investigations by Cohen (1968), Everitt (1968), Flelss, 
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Procedures have also been developed by Cohen (I960, 1968) and 

Everitt (1968) for measuring the standard error of the kappa statistic, 

but their formulas overestimate the variance. Application of their 

procedure would produce conservative significance tests and confidence 

intervals. However, Fleiss, Cohen and Everitt (1969) developed a more 

accurate formula for the estimated large-sample variances. By applying 

the Fleiss et al. (1969) procedure, accurate tests of the significance 

of the kappa statistic can be conducted and kappa confidence intervals 

generated. 

Phi, the product-moment correlation between two observers 

responses on the occurrence-nonoccurrence of a single behavior, is denoted 

by: 

Phi « (AD - BC)/(A+B) (C + D) (A + C) (B + D)1/2, 

where A is the frequency for behavioral occurrence agreement, D is the 

frequency for behavioral nonoccurrence agreement, and C and B are the 

disagreement frequencies. 

The values for phi range from -1.0 to +1.0, with 0.0 representing 

no agreement between the two judges responses and +1.0 representing com

plete agreement between the two judges responses. A comparison of kappa, 

applied to dichotomous responseo from two judges, and phi will show the 

two indexes to be equal if the marginal proportions for the two judges 

are the same. When the marginal proportions for the two judges 

<P1A£ P^g) are within .10 - .20, kappa will have a value within a few 
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hundreths of the phi value (Cohen, 1960). If the marginal proportions 

are not equal, then the kappa value will he less than the phi value, 

thereby indicating an inflation of the phi value. Thus, if the marginal 

proportions are equal, phi may portray the chance corrected proportion 

of agreement. 

Various disadvantages exist with the use of the phi coefficient. 

If variability between the observers' responses does not exist (vari

ability = 0), then the correlation is undefined. Other problems may 

be exhibited if the observers' errors are correlated or if the range of 

scores is not considered (Hartmann, 1977). 

Generalizations of the Kappa Coefficient 

The application of the kappa statistic is limited to the situ

ation where only two observers are considered and the same two observers 

code each subjects' behavior (Cohen, 1960; Hubert, 1977). Generalizations 

have been essential for circumstances where more than two observers are 

coding behaviors and where the observers are not all judging the same 

subjects. 

Fleiss (1971) generalized the kappa formula for assessing 

observer agreement among a specific number of judges who have been 

randomly assigned to observe various subjects. Let N refer to the total 

number of subjects, n refer to the number of raters observing each sub

ject, and B refer to the number of behavioral categories the observers 

were coding. Allow 1 - 1, ... N to denote the subjects and j = 1, 

... B to denote the behavioral categories. Let ̂  refer to the number 
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til til 
of observers who judged the i subject to the j behavioral category 

and to be given by: 

1 N 

Pj = Nn J, n t-1 ij 

til 
Define P^ as the proportion of all codings to the j behavioral category. 

Summing across all the behavioral categories will demonstrate: 

y y p a i 
1  " l j  "  n  a n d  3  j  

The following algorithm calculates the proportion of observer 

agreement pairs out of all the n(n-l) possible pairs of observer judg

ments: 

N . B 

f ^ ^ n Nn) * 4=^1 4=1 "44 
Nn(n-l) i&1 J=1 1:1 

If a subject is randomly selected and observed by two randomly chosen 

raters, the second rater's judgments would agree with the first rater's 

judgments P proportion of the time. Since random chance agreement is 

to be expected, the mean proportion of agreement must be calculated: 

B 

P = £ P 2 
e i-=l j 
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The value of 1 - P assesses the degree of observer agreement 

possible following the correction for chance. The degree of agreement 

observed following chance correction is P - Pe- Therefore, the 

normalized measure of overall agreement, corrected for chance agreement, 

equals: 

1 - P 
e 1 

An equivalent and condensed kappa statistic may be given as: 

N B B 
K = I I n2 I p 2 

i-1 j=l ni^ - Nn 1 + (n - 1) j=l yi 

B « 
Nn(n - 1)(1 - I p/) 

j=l J 

Fleiss (1971) also added, if the total number of subjects (N) 

is large, a kappa variance under the hypothesis of no agreement beyond 

chance may be calculated. Furthermore, under the hypothesis of no 

agreement following chance correction, K/standard error (k) will, by 

the central limit theorem, be distributed approximately as a standard 

normal variate (Fleiss, 1971). The resulting index from K/standard 

error (k) will allow investigators to infer if the overall observer 

agreement from ratings for B behavioral categories is significantly 

greater than chance or not. 
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Finally, FXelss (1971) also developed procedures for measuring 

agreement on a specific behavioral category j. Under the assumption 

that each subject is judged to belong to one of the B behavioral 

categories by randomly chosen observers, the agreement measure is 

defined as the conditional probability that the second observer's 

assignment to behavioral category j is identical to the first observer's 

assignment. Variance measures and statistical significance tests of 

these conditional probabilities may also be calculated if the investiga

tor wishes to generate confidence Intervals and test hypotheses that 

the kappa values are significantly different from zero. 

Light (1971) also described a conditional measure of the agree

ment level, for the purpose of partitioning an overall kappa value 

into various partial kappas (k^, j-1, .B). This measure, which is 

based on Coleman's unpublished work, allows one to infer the level of 

agreement between two raters' judgments for only those subjects which one 

rater placed into a predetermined behavioral category. Coleman's 

algorithm does not assume the observers are randomly chosen, as Flelss 

(1971) did. Coleman also believed a conditional association measure of 

k should be based on the sum of agreement and disagreement pairs. The 

following index k , measures the level of agreement between two raters 
px 

for those subjects which the first rater assigned to the j***1 behavioral 

category: 

n. 
k = i - a - -^j/a - ̂ u.) , 
pJ ni+ B 
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where i = j. Coleman also generated variance measures and procedures 

for assessing the statistical significance of as differs from 

zero. 

Further generalizations of the kappa statistic by Light 

(1971) included a measure of the level of agreement among more than two 

observers. The multiple observer agreement formula is based on the 

following kappa expression: 

d 
1 - -2-
1 d 

e 

where d^ is the observed proportion of observer disagreements and d^ the 

expected proportion of observer disagreements given the n (number of 

observers) observed marginals. A multiple observer agreement statistic 

k^ was developed by Light, based on the above expression, along with a 

measure of the estimated standard error, a procedure for testing the 

hypothesis that k^ is not significantly different from zero, and a 

measure, of the conditional k ̂  (i.e., partial kappa) for cases with more 

than two observers. 

The kappa measures described in the previous paragraphs com

pared the observed overall level of agreement with the expected overall 

level. Thus, these procedures did not assess the differences between 

the observed and expected patterns of observer agreement. Light's 

(1971) alteration of the chi-square test allows an assessment of the 

pattern of observer agreement between two observers. By collapsing 

all of the off-diagonal disagreement cells, differences between observed 
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and expected cell frequencies can be eliminated. Light expanded upon 

this concept and the chi-square statistic and generated a pattern 

agreement measure A that stresses each agreement cell and collapses 
P 

all the disagreement into one category. In conjunction with the 

measure of the level of observer agreement, kappa, Light asserts more 

precise inferences regarding observer judgments may be made. The 

index is distributed asymptotically, under the hypothesis of random 

agreement, as chi-square with I degrees of freedom (I X I table). If 

this "chi-square" A index is not statistically significant, then one 
P 

cannot conclude that the observed agreement pattern is statistically 

significantly different from the expected pattern. By using the A^ 

and k Indexes, the investigator may Infer if the pattern and level of 

observer agreement are significantly different from the expected pattern 

and level of agreement. 

The previous paragraphs described generalizations of the kappa 

coefficient for cases where more than two observers were employed and 

where the observers did not all judge the same subjects. In addition, 

the kappa variance, specific behavioral agreement measures, kappa 

partitioning, and pattern agreement measures were discussed. The 

following section will expand upon these issues and present a measure 

among multiple observers judging multiple behaviors. 

Measures of Multivariate Observations 

Bennett's (1967, 1968) initial interest with chi-square tests 

of observer agreement centered around the development of a measure to 
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test the statistical significance of agreement among multiple observers, 

coding the presence/absence of a single behavior. The limited application 

of this statistic encouraged him to develop a multivariate formula to 

test the statistical significance of agreement among multiple observers 

coding the presence/absence of multiple behaviors (Bennett, 1972). For 

example, let there be 11 observers coding the presence or absence of 

correlated behaviors on a sample of N subjects. The binary response 

patterns of the n observers, form a B-dimenslonal contingency table with 

observed frequencies. 

The null hypothesis of no difference among observers, for all 

behavioral categories, may be tested by calculating probabilities for 

each cell and applying a chi-square statistic (degrees of freedom = 

(n - 1)B). This multiple observer and multiple behavior test of agree

ment assesses if observer agreement across the behavioral categories is 

statistically significant or not. Furthermore, by summing the binary 

responses across behaviors, one can calculate the average proportion of 

"positive responses'1 among the observers. Although Bennett (1972) 

tried to convey the average proportion of "positive responses" as a 

measure of the degree of agreement, he did not succeed. Chance agree

ment is not considered at all by Bennett, thereby creating a measure 

that contains all of the faults that are inherent in a percentage agree

ment measure. Bennett's chi-square statistic is also not recommended 

since it only assesses the statistical significance of the agreement 

among observers and neglects to measure the degree of observer 

agreement. 
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Fleiss (1965) commented that if many dichotomous responses 

regarding a subject are combined to produce an Integer, the parametric 

means of asrssslng reliability may be applied. However, if a single 

dichotomous evaluation describes a subject, the model with a normal 

distribution of errors is not recommended. Given the case where many 

observers are judging the presence or absence of one behavior across 

many subjects, Fleiss recommends a nonparametric model to represent 

the errors underlying the observers' responses. He recommends that 

Cochran's Q statistic be used for assessing the hypothesis of no system

atic differences among the observers' responses. Fleiss stated that if 

the Q test assessment of the presence of bias among the observers pro

duces evidence that biases are minimal, then it is recommended that the 

intraclass correlation between all pairs of observer responses on the 

same subject be computed. 

In 1966 Fleiss published an extension of the procedures described 

in the previous paragraph for cases where multiple observers are 

judging several behaviors across all subjects. Likelihood ratio tests 

were designed for testing the hypothesis of no differences among the 

observer means. If there are a large number of subjects or observers, 

the resulting statistic has an approximate chl-square distribution. 

Similar to the single behavior coefficient mentioned in the previous 

paragraph, Fleiss (1966) also developed a means for measuring the magni

tude of errors of measurement (i.e., reliability) by applying the 

intraclass correlation statistic. The measures developed by Fleiss 

(1965, 1966) primarily test if the mean response vectors for the 
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observers are significantly different. The issue of the magnitude of 

agreement among observers is not adequately addressed by Fleiss, 

because chance agreement is not considered. 

Finally, another method for measuring agreement, given the case 

when multiple observers dichotomously (i.e., 1 or 0 scores) judge a 

single behavior across many subjects, is to use the Kuder^Richardson 

formula KR20 (Maxwell and Pllliner, 1968). The KR20 index purports 

to estimate the correlation, between the given totals of subject scores, 

and the corresponding totals for a parallel group of observers. This 

index has severe limitations as a measure of agreement, such as under

estimating the reliability coefficient when there is heterogeneity among 

subjects on the behavior of interest. 

Assessing Agreement with 
Graphical Judgmental Aids 

Birkimer and Brown (1979a) proposed that Interobserver reliability 

assessments be presented graphically when data are presented in the form 

of percentage of trials in which a target behavior is judged to occur by 

an experimental rater. They asserted that by graphing obtained and chance 

reliability data the interpretation of the presence of experimental 

effects would be facilitated. The evaluation of observer agreement and 

disagreement, according to Birkimer and Brown, requires six steps. First, 

both observers' data for each reliability check must be graphically 

illustrated. Second, a percentage of disagreement reliability index 

must be calculated. Birkimer and Brown's definition of percentage dis

agreement is as follows: 
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Number of disagreements Y inn 
Number of intervals or trials 

Third, disagreement percentages should be illustrated on the graph as a 

vertical band, centered halfway between the two observers' target 

behavior rates. Fourth, Birkiraer and Brown recommend calculating the 

following chance disagreement percentage: 

(0± X N2) + (IL X 02) 
Chance percentage = X 100, 

T 

where observer 1 judges the occurrence of the target behavior in 0^ of 

the Intervals and nonoccurrence in of the intervals, and observer 2 

judges the occurrence of the target behavior in 0^ of the intervals and 

nonoccurrence in Ng of the intervals. The total number of intervals is 

designated as T. Fifth, the chance disagreement percentages should also 

be illustrated on the graph as a vertical band, centered halfway between 

the two observers' target behavior rates. This step was recommended so 

that investigators could compare the obtained percentages with chance 

disagreement and agreement ranges. Finally, Birkimer and Brown state 

the conclusion of the presence of an experimental effect requires that 

an overlap not exist between the disagreement range(s) calculated under 

different or adjoining experimental phases. 

Birkimer and Brown's graphic procedures may seem elegant, but 

they have potential for encouraging the misinterpretation of 

bbhavioral data. The application of the disagreement range to express 

the "believability" of experimental effects may encourage excessive 

levels of Type II error (Hartmann and Gardner, 1979). Kratochwill 
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(1979) adds that Investigators may regard these disagreement ranges as 

confidence intervals and conclude that the absence of overlap, between 

disagreement ranges in adjoining before and after experimental phases, 

indicates "believable*' experimental effects. He adds that even under 

conditions when experimental effects did not occur the data patterns may 

be above the disagreement range between the two raters and not be due 

to observational chance variations. Although demonstrated observer 

reliability is crucial, evaluation of experimental effects should be by 

criteria independent of the judges' responses (Kratochwlll, 1978; 

Kratochwlll, 1979). Hartmann and Gardner (1979) add that to evaluate 

experimental effects not only must reliability be considered, but also 

the data level, slope, and variability. 

Ktatochwill (1979) commented that several other problems exist 

with the Birkimer and Brown method. First, the investigator must 

question how much "overlap" between the disagreement ranges will be 

allowed. Second, the investigator must question how many observer 

reliability checks are necessary to convince the Investigator the 

raters' judgments are consistent. Finally, these procedures add un

necessary complexity to the evaluation of the presence or absence of an 

experimental effect. 

In a subsequent article, Birkimer and Brown (1979b) suggested 

the application of significance tests to facilitate the analysis of a 

two-by-two table, representing the judgments of two rates coding the 

presence or absence of a single behavior. In addition, they generated 

three simple procedures for measuring the statistical significance of the 
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agreement data. These procedures are strongly criticized by Hartmann and 

Gardner (1979), who recommend that the reader Ignore Blrkimer and 

Brown's (1979b) informal procedures since more accurage agreement 

measures may be calculated with simple chi-square tests. In addition, 

by increasing the number of observational intervals, the investigator 

may greatly increase the probability of high agreement values, using 

the Birkimer and Brown (1979b) procedures. 

Probability-Based Agreement Formula 

Another agreement formula reported in the literature is Yelton, 

Wildman and Erickson's (1977) probability-based agreement formula. That, 

too, is greatly flawed. Although the Yelton et al. measure purports to 

take chance agreement into consideration and to measure the probability 

of two observers agreeing upon the occurrence of a target behavior, 

their procedures ignore all instances where one observer recorded a 

behavioral occurrence and the other observer did not record anything. 

For example, suppose observer A recorded 100 behavioral occurrences and 

observer B recorded 50 behavioral occurrences. If all of observer B's 

recordings matched observer A's, then the application of the Yelton 

et al. probability formula would result in an observer agreement 

probability index of 1.0. This index would Indicate perfect agreement, 

yet observer B neglected to record 50 behavioral occurrences. Thus, by 

not considering nonoccurrence judgments, the Yelton et al. formula is 

seriously flawed. 
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Observer Agreement under the Models of Quasi-
Independence and Quasi-Equiprobability 

As mentioned in the previous sections, measures such as the 

percentage of agreement, Cohen's kappa, and phi have been used to measure 

observer agreement, but these coefficients have limitations. Fortunately 

an alternative to these procedures exist. The application of log linear 

models and the quasi-independence and quasi-equiprobability concepts for 

the purpose of measuring observer agreement have the advantages of 

yielding a measure of agreement with a directly interpretable meaning, 

correcting for the proportion of "chance" agreement, and providing a 

directly interpretable coefficient of "no agreement". 

Bergen (1980a, 1980b) has developed procedures for measuring 

observer agreement using the quasi-independence and quasi-equiprobability 

concepts. The application of these procedures for measuring observer 

agreement has several advantages. Use of the quasi-independence or 

quasi-equiprobability concept yields a coefficient of observer agree

ment that varies between zero and one and measures agreement in terms of 

the probability that the observers' judgments will agree, as estimated 

under a quasi-independence model. These procedures may also be used 

to investigate whether or not a single observational category or specific 

group of categories is a major contributor to the coefficient of agree

ment. Finally, systematic occurrences of disagreement between observers 

may be located and measured. 

To assess agreement, the judgments of the observers are 

organized into a contingency table. Quasi-equiprobability or quasi-

independence among the variables comprising this contingency table is 
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measured by testing the hypothesis that a subset of the contingency table 

cells are equlprobable or independent. The quasi-equiprobability model 

is recommended for measuring observer agreement when two or three 

observers are recording the presence or absence of one specific behavior. 

Observer agreement using the equiprobability model may be calculated 

completely with hand calculations or with the use of various computer 

programs (Clogg, 1977; Fay and Goodman, 1973). The quasi-independence 

model is recommended for measuring observer agreement when two or more 

observers are recording three or more response categories. These 

measurements of observer agreement require the calculation of maximum 

likelood estimates of expected cell frequencies under the models of 

quasi-independence and quasi-equlprobability. To obtain the estimates 

for each cell in the contingency table, the probability of occurrence of 

each cell must be calculated. The maximum likelihood estimates of 

expected cell frequencies are subsequently calculated by multiplying 

the cell probabilities by N, the number of observations being analyzed. 

Furthermore, the calculation of maximum likelihood estimates of expected 

cell frequencies under the model of quasi-independence requires an 

iterative procedure, thus the use of a high speed digital computer is 

recommended. 

Quasi-equiprobability and quasi-independence models were first 

developed by Leo Goodman (1975) and applied to the assessment of 

observer agreement by John Bergan (1980a, 1980b) and Clifford Clogg 

(1979). Goodman first employed the quasi-independence concept in his 

response scaling techniques. Bergan (1980a) and Clogg (1979) 
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subsequently Introduced the observer agreement measure by adopting a 

version of Goodman's quasi-independence methods. The following chapter 

on univariate models will present in detail the quasi-equiprobability 

and quasi-independence models, along with Bergan's (1980a, 1980b) pro

cedures for measuring observer agreement under the models of quasi-

equiprobability and quasi-independence. 

Another advantage to employing log-linear models and the 

independence and equiprobability concepts is the option for computing 

2 
the variance (Sr; ) for the estimated Beta parameters within the log-Jj 

linear model (Goodman, 1978). The parameters within the log-linear model 

correspond to the main and interaction effects that describe the categor

ical data. For each of these estimated Beta parameters, a "standardized 

value" of the estimate may be computed by dividing each estimated Beta 

parameter by its estimated standard deviation (S~ ). Additionally, 

each of these standardized Beta values can be tested to see whether the 

original Beta parameter is nil. Goodman (1978) postulates, given a 

large sample size, if a specific Beta parameter is nil, then the 

standardized value of the estimated Beta parameter will be approximately 

normally distributed with a mean of zero and a variance of one. Finally, 

variance estimates also allow for the computation of parameter confi

dence intervals. 

Repeated Measurement of Categorical Data 

The development of a multivariate extension of the Bergan (1980a, 

1980b) procedure for measuring agreement required consideration of the 
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procedures, developed by Grizzle, S tamier, and Koch (1969) and Koch, 

Landis, Freeman, Freeman, and Lehnen (1977), for analyzing multivariate 

categorical data obtained from repeated measurement experiments. 

Following the formulation of specific hypotheses, these researchers 

developed corresponding test statistics based on the application of the 

weighted least squares methods. Koch and his associates emphasize 

generating and testing models and hypotheses based on the weighted re

gression method because computational procedures are greatly simplified 

and linear models are more easily conceptualized. 

Koch et al. (1977) recommended applying a noniterative procedure 

for fitting the experimental functions to a linear model, for testing 

the model-data fit, and for testing hypotheses regarding the linear 

model parameters. Given a repeated measurement experiment, con

ceptualize every subject being observed for J) points in time or under 

I) different conditions, and rated across 1j behavioral categories. This 

design enables r = iP multivariate response profiles to be generated. 

Xf no differences exist among the 1) points in time or D experimental 

conditions, then the hypothesis of first order marginal symmetry 

(homogeneity) will be retained. Specifically, this hypothesis tests 

the equality of the sums of the row and column pairs (e.g., row 

1 = column 1; row 2 = column 2, etc...). 

Koch and his colleagues cautioned investigators to keep several 

issues in mind when working with repeated measurement designs. First, 

they noted that with repeated measurement designs, there is a lack of 

independence among responses to the different measurement conditions. 
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This is caused by "subject effects" that influence measurements for the 

same subject under two different conditions to have more resemblance 

than measurements on different subjects under two different conditions. 

Second, the association of subject response measures across time is 

affected by the proximity of the measures; measurements closer together 

in time have greater associations with one another than measurements 

taken further apart. 

Given repeated measurement designs, multiway contingency tables 

must be constructed. The third issue, according to Koch and his 

associates, is that with large tables moderate sample sizes may be more 

easily accommodated with the weighted least squares approach rather than 

with the maximum likelihood procedures. Weighted least squares 

estimates are based on first order marginal probabilities or mean scores, 

whereas maximum likelihood estimators require joint probabilities and 

observed frequencies. Thus, larger sample sizes are required by the 

maximum likelihood procedure, in comparison to the least squares method. 

This need for a larger sample size is further evidence by the maximum 

likelihood procedures greater sensitivity to zero cell frequencies. The 

fourth issue, according to Koch and his associates, is that the maximum 

likelihood procedure requires the manipulation of the entire multiway 

contingency table. Conversely, the least squares approach only requires 

the calculation of the first order marginal probabilities and mean 

scores from the observed data. 

Based on the procedures developed by Grizzle et al. (1969) and 

Koch et al. (1977)» Landis and Koch (1977) generated observer measures 
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that test lnter-observer bias with the hypothesis of first-order marginal 

symmetry (homogeneity) and measure inter-observer agreement with a 

generalized weighted kappa statistic. The advantages and disadvantages 

of applying the kappa statistic apply with their procedures also. 

Although the kappa statistic allows the researcher to not be concerned 

about zero cell frequencies when measuring agreement, a meaningful 

interpretation of the k statistic is still lacking. 

Reliability Measures for 
Criterion Referenced Tests 

Swaminathan, Hambleton, and Algina (1973) Huynh (1976) and 

Subkoviak (1976) stated the intention for criterion-referenced testing in 

objective-based instructional sequences is to categorize students into 

mastery or nonmastery classifications for each objective incorporated 

into a test. Given a dichotomous classification system of mastery and 

nonmastery categories* it is justifiable to regard the consistency of 

mastery-nonmastery decisions for repeated test administrations as a 

reliability measure. In fact, criterion-referenced test reliability may 

be regarded as a measure of agreement between mastery-nonmastery classi

fications assigned in repeated test administrations (Swaminathan et al., 

1973). Furthermore, if a test purports to measure several objectives, 

it is critical to assess the reliability for each subtest assessing a 

specific objective. 

Swaminathan et al. (1973) proposed applying the kappa statistic 

for measuring the reliability of criterion-referenced tests. By 

categorizing the students into one of J3 mutually exclusive mastery 
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classifications during each test administration, they stated it was 

permissible to apply the kappa statistic to the mastery state data and 

produce a kappa measure of the proportion of consistent classifications 

beyond that attributable to chance. 

The Swaminathan et al. reliability procedure required two test 

administrations, whereas the reliability procedures developed by Hunyh 

(1976), Marshall and Haertel (1976), and Subkoviak (1976) called for 

only one test administration. Huynh's reliability procedure included 

the calculation of the mean, standard deviation, Kuder-Richardson 21 

coefficient, and alpha parameter, and the determination of a cut-off 

score. The alpha parameter, along with information regarding the Beta 

parameter and number of test items, were necessary for the specification 

of the shape of the joint determination of scores on the first and 

second test forms. These values were then incorporated Into a 

generalized form of the kappa statistic to produce a value Indicative 

of the proportion of consistent classifications. 

Subkoviak (1976) developed an analogous reliability measure, 

based on one test administration. He substituted assumptions for the 

second test administration that Included (1) the parallel test scores 

were Independently distributed and (2) the observed scores for each 

person formed a binomial distribution. Given these assumptions, 

Subkoviak also generated a generalized kappa measure of consistent 

classifications. 

The Marshall-Haertal method (1976) is similarly based on a 

single administration of a criterion-referenced test and on the 
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assumption that if examinees were retested, the observed score distribu

tion for each examinee would form a binomial distribution. The pro

cedure estimates examinees' scores for a test twice the length of the 

original test and calculates the proportion of consistent classifications 

on two tests, from the average of the various split-half estimates. 

Although the Swaminathan procedure is simple to compute, it 

requires two test administrations and inflates the errors of 

estimation for moderate sample sizes. Conversely, the Huynh, Subkoviak, 

and Marshall procedures require one administration of the criterion-

referenced test and have smaller standard errors for moderate sample 

sizes. However, these latter three procedures also have biased agree

ment estimates for short tests, are computationally more complex, and 

rely on the kappa statistic (i.e., Huynh and Subkoviak). 

Decisions regarding mastery classifications and hence the 

reliability of criterion-referenced tests are influenced by factors such 

as the way mastery classifications are made, cutting or criterion scores, 

length of the test, and subject heterogeneity and test score variability. 

Thus, reliability measures of mastery consistency are situation specific 

and require accompanying specifications of cutting scores, student skills, 

and test length (Swaminathan et al., 1973). 

Measuring the consistency of dichotomous mastery classifications 

across repeated testings is analogous to assessing agreement of be-, 

havioral assignments across several observers. Therefore, one could 

suggest that the multivariate measures that were developed for the 

present study may be applied to assess the reliability of criterion-

referenced tests. 



CHAPTER 3 

UNIVARIATE MODELS OF AGREEMENT 

The following sections will discuss the models of Independency, 

quasi-independence, equlprobabllity, quasi-equiprobability, and symmetry. 

In addition, model comparison strategies will be discussed as a means 

of assessing agreement. Following these comparison strategies will be 

a presentation of procedures for estimating the magnitude of agreement 

under the models of quasi-independence, quasi-equiprobability, and 

symmetry. To facilitate the•agreement computations under the model 

of quasi-independence, there will be a discussion of how to apply the 

Deming-Stephens iterative procedure. Finally, the Kappa statistic is 

described and recommended to the researcher if certain statistical 

assumptions cannot be met. 

Independence and Quasi-independence Models 

The models of quasi-independence are best illustrated by 

associating them with the model of Independence. If the judgments of 

two observers, A and B, are organized into a two-dimensional I x I 

contingency table, the rows in the table will represent the first 

observer's responses, 1 to I, and the columns will represent the second 

observer's responses, 1 to I. Cell frequencies within the contingency 

table are labeled with f's. For instance, represents the frequency 

with which both observers coded the second response category. An 

38 
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inspection of the table will reveal that observer agreement frequencies 

are represented in the diagonal cells. 

A test of independence of responses by two observers, depicted 

A in a two-dimensional table, may be portrayed with the model TT^ = IT ^ X 

J 
TT The symbol IR^ represents the probability of occurrence of cell 

A ii, IT ^ represents the probability of occurrence of variable A at level 
TD 

i and 7T ^ represents the probability of occurrence of variable B at 

level i. The calculation of maximum likelihood estimates of expected 

cell frequencies for the test of independence are based on the afore

mentioned mathematical model. These estimates are computed by multiply

ing the cell probabilities by the total frequency of observations re

presented in the table (N). The model under investigation "fits" the 

data if the maximum likelihood estimates of expected cell frequencies 

conform closely to the observed cell frequencies. The likelihood-ratio 

statistic tests the fit of the data and model hypothesizing independence 

between observer responses. 

Quasi-independence among variables comprising a contingency table 

is measured by testing the hypothesis that a subset of the contingency 

table cells are Independent (Bishop, Fienberg, and Holland, 1975). By 

eliminating specific cells from the initial contingency table it is 

possible to segregate critical cells that account for association between 

the variables. The actual process of eliminating cells from the con

tingency table refers to placing structural zeros within the critical 

cells. Structural zeros are created by constraining expected cell 

frequencies to be equal to observed values. Setting estimates of 
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expected frequencies equal to observed frequencies achieves this con

straint and does not contribute to the value of the likelihood-ratio 

chl-square statistic. A demonstration of how structural zeros do not 

contribute to the chi-square value can be shown by applying the follow

ing likelihood-radio statistic: 

For example, if the diagonal cell's observed and expected values were 

set equal, the quantity for the portion of the formula log (observed/ 

placing structural zeros in the diagonal cells would eliminate any con

tribution to the chi square value by the diagonal cells* 

that an algorithm called iterative proportional fitting be used to 

estimate the maximum likelihood expected cell frequencies. This pro

cedure establishes preliminary estimates of the expected values and 

successively adjusts them until they meet the criterion that the marginal 

totals for the estimated frequencies is equal to the marginal totals for 

the observed values. The expected and observed marginal totals, in an 

incomplete table with structural zeros in the diagonal, will converge 

= 2 J (observed) log Observed 
Expected 

expected) would be zero for all of the diagonal cells. Therefore, 

To test the hypothesis of quasi-independence it is mandatory 

only if the following assumption is met: 
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where X., is the sum of the frequencies in non-structural-zero cells in IT 

row i, X+± is the sum of the frequencies in non-structural-zero cells 

in column it and N Is the sum of the frequencies in all of the non

structural zero cells (Bishop, Feinberg, and Holland, 1975). 

Once the maximum likelihood expected frequencies are calculated, 

the likelihood-ratio chl-square statistic may be used to assess 

independence among the non-structural zero cells. Degrees of freedom for 

the model of quasi-lndependence are determined by subtracting from the 

total number of contingency table cells the number of cells with 

structural zeros, one for the sample size constraint, and the number of 

independent parameters. 

Equiprobabillty and Quasi-
Equiprobabillty Models 

The models of quasl-equlprobability are best illustrated by 

associating them with the model of equiprobabillty. Equiprobabillty 

among the variables comprising a contingency table is measured by testing 

the hypothesis that the probability of occurrence is identical for all 

cells in the contingency table. To calculate the estimates of expected 

cell frequencies (F^) under the model of equiprobabillty, for a 2 x 2 

table representing the dichotomous judgments of two observers, the 

following formula would be applied: 

P 
±i c 

The estimated frequency of the cell (F^) is denoted with observer A 

responses which occur at level i (1 = 1,2), and observer"B responses which 
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occur at level j (j = 1» 2). As previously Indicated, N refers to the 

sample size or total number of responses and C refers to the number of 

cells being considered. With the equiprobability model, the sample size 

imposes a single constraint on the estimates of expected cell frequencies. 

Therefore, a model of equiprobability for a 2 x 2 contingency table would 

have 3 degrees of freedom. 

As with models of quasi-independence, imposing structural zeros 

within critical cells creates models of quasi-equlprobability which 

test the hypothesis of equiprobability among remaining response patterns. 

Estimates of cell frequencies, under models of quasi-equiprobabillty, are 

calculated with the follwlng formula: 

F,, = 6.. N /C 
ij ij s' s 

where 6 = i ES » where S is the subset of cells remaining 
ij 0 otherwise ' — 

following the insertion of structural zeros and C equals the number of Q 

cells considered within the subset j>. 

Symmetry Model 

Given a two-way square (I x J) contingency table, the model of 

symmetry disregards the diagonal cells in the table and examines the 

relationship of the pairs of cells around the diagonal. The model 

focuses on the joint probabilities, P.., where i j j. Under this model, 
ij 

the hypothesis of symmetry can be tested, stated in terms of the joint 

probabilities as H^: P^ • f°r 1 / j» 
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With the model of symmetry, structural zeros are imposed on the 

diagonal cells and the estimated expected cell values are calculated with 

the following formula: 

XH + X1i 
» —•*—2—*L- where i 5* j 

= X.. where i « j. 
Ij 

The model of symmetry, as defined by the expression F^ «* F^ for all 

i = j, Implies marginal homogeneity. The model of marginal homogeneity 

is denoted by the expression F^ • F_^, where i = 1 to I and j - 1 to J. 

The plus (+) sign signifies that the frequencies are summed across the 

columns and rows, respectively, following the elimination of the 

diagonal frequencies. Thus, the model of marginal homogeneity asserts 

the sum of the first row equals the sum of the first column and each 

subsequent row and column sum equal one another. 

The degrees of freedom under the model of symmetry are calculated 

by subtracting the number of diagonal cells and number of pairs of 

off-diagonal cells from the total number of cells in the table. There

fore, a model of symmetry for a 3 x 3 table would have 3 degrees of 

freedom. By applying the likilihood-ratio chi-square statistic the 

hypothesis of symmetry may be tested. 

Assessing Agreement by Comparing Models of 
Independence and Quasi-Independence 

Since information regarding agreement by two observers is 

located within the diagonal cells in the contingency table, dis

agreement in the table may be assessed with a chi-square test of 
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quasi-independence with diagonal cells deleted (Bishop, Feinberg, and 

Holland, 1975). By applying the chi-square test of Independence, which 

measures agreement and disagreement, a baseline model can be formed. 

Statistical tests measuring the significance of the diagonal cells con

tribution to agreement may be conducted by subtracting the chi-square 

values for assorted hierarchical tests of quasi-independence from the 

chi-square value for the test of independence. Goodman (1975) defined 

two models as hierarchically related if the subordinate model 

possessed all of the constraints of the superordlnate model in addition 

to one or more further constraints. For instance, the model of 

independence is hierarchically related to a model of quasl-independence 

with the diagonal cells deleted. With hierarchical models the super

ordlnate model implies the subordinate model. Therefore, the model of 

independence implies the model of quasi-Independence. If the model of 

independence fits the data (i.e., has a statistically nonsignificant 

chi-square value), then the model of quasi-independence would also fit 

the data. 

The advantage of the likelihood-ratio chi-square statistic lies 

in its ability to be partitioned exactly into Independent component 

chi-squares and summed to achieve the overall contingency table chi-

square and degrees of freedom (Cochran, 1954). This property allows 

the independence model and chi-square to be partioned into component 

chi-squares such as the chi-square for the test of quasi-independence 

and the chi-square indicating the difference between the independence 

and quasi-independence values. Subtracting the chi-square value and 
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related degrees of freedom for a test of quasi-independence with all the 

diagonal cells eliminated from the chl-square value and related degrees 

of freedom for the test of Independence would provide a chi-square value 

that would measure if the diagonal cells provide a significant con

tribution to the association in the contingency table. 

By applying the aforementioned model comparison procedures, the 

specific chi-square contribution of a single agreement cell or subset 

of agreement cells can be assessed. An experimeter wishing to 

investigate the contribution of each agreement category represented in 

the diagonals of a 3 x 3 table may accomplish this by using several 

different quasi-independence models and compare them with the indepen

dence model. For example, the investigator could set up three quasi-

independence models each ruling out one of the diagonal cells f^» 

f22» and f^jt respectively. Each of the chi-square values for these 

independence models could be subtracted from the chi-square value for 

the independence model to test if the specific cell provided a signi

ficant contribution to model-data fit. If a model of quasi-independence 

ruled out a single cell such as f^> ant* the difference between the 

chi-square values for the quasi-independence and independence models 

had a value of 3.84 (critical value for 1 degree of freedom) or larger 

than the contribution of that cell to agreement would be statistically 

significant. If the difference chi-square value was less than 3.84 

then the investigator could not conclude that the observers' judgments 

agreed for the first behavioral category, regardless of the number of 

agreement frequencies in the f^ cell. 
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Investigators may also find that an off-diagonal disagreement cell 

provides a significant contribution to the overall chi-square value. 

A case of systematic disagreement between observers may occur If 

observer A codes a specific behavior in the first category and observer 

B codes that behavior in the second category. To test if a significant 

association between the observers' responses exists, a quasi-independence 

model may be developed which places structural zeros in the hypothesized 

cell or cells denoting systematic disagreement. The chi-square value 

for the quasl-independence model is subtracted from the chi-square value 

for the Independence model to test the statistical significance of the 

association. 

Assessing Agreement by Comparing Models 
of Equiprobability and Quasi-Equlprobability 

The model comparison procedures described in the previous para

graphs may also be used with equiprobability and quasi-equiprobability 

models. By using the model of equiprobability as a baseline and con

structing a model of quasi-equiprobability with the agreement diagonal 

cells deleted, an investigator can test the improvement In model-data 

fit provided by the agreement cells and find the difference between the 

models* chi-square values. 

Two other hierarchical quasi-equiprobability models may also be 

constructed by ruling out the f^ or f^ cells, respectively. A 

hierarchical sequence of models could then be established. A model of 

equiprobability (three degrees of freedom) would be hierarchical to the 

two models of quasi-equiprobability with a structural zero in the f^ 

or fjg cell (two degrees of freedom each), respectively. The two 
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previously mentioned models would In turn be hierarchically related to 

the agreement quasi-equiprobability model with structural zeros In the 

and f22 cells (one degree of freedom). Differences may be computed 

between the f^ or f22 models and agreement model (f^ and ^22 cê s 

deleted) to determine the Improvement in model-data fit afforded by 

the respective models. 

Estimating the Magnitude of Agreement under 
the Model of Quasi-Independence 

A quasi-independence model and the maximum likelihood estimates 

of probabilities for agreement and disagreement may be used for the 

computation of the degree of agreement between observers. Goodman's 

(1975) work with response scaling and Bergan (1980a) have demonstrated 

that from models of quasi-independence, with structural zeros in the 

cells representing agreement, maximum likelihood probability estimates 

may be calculated for the agreement cells. In addition, the off-diagonal 

or disagreement cells may also have a probability estimate computed. 

The precision of the probability estimates is based on the model fit

ting the data. Therefore, a chi-square value for a quasi-independence 

model must be statistically non-significant to indicate an appropriate 

model-data fit. Given a 3 x 3 table with observations for three 

behavioral categories, the maximum likelihood estimates representing 

agreement and disagreement would be expressed in four classifications. 

The first three classifications would represent each of the diagonal 

cells, respectively. The fourth classification would represent the 

BIX cumulative off-diagonal disagreement cells. 
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Goodman (1975) assumed that the off-diagonal observer dis

agreement responses (i.e., cells without structural zeros)'were 

Independent. He also assumed the expected response pattern for each 

diagonal cell with a structural zero had a probability of 1. Given these 

assumptions, the following formula computes the maximum likelihood 

estimate for the probability that observers' A and B responses would be 

represented within the disagreement category: 

AB , A B (3.1) 
TT = TF j j  n »t . o ij io jo 

where TTq is the estimated probability of disagreement between observers, 

"AB 
TT is the estimated probability of a disagreement response (i j) 

"A for both observers; TT ^ is the conditional probability of observer A 

emitting response 1, assuming the observers' ij response pattern denotes 

a disagreement between the observers; and IT is the conditional 

probability of observer B emitting response j. The probability of a 

specific agreement category _t is expressed with the following maximum 

likelihood estimate: 

*t ° Pij ~ W io n jo 

where p is the observed proportion of a specific observer agreement 

category t as designated in the ij cell, TT^_ is the maximum likelihood 
— 10 

estimate of observer A's response i given the disagreement category 0 

J and it jq is the maximum likelihood estimate of observer B's response j 

given the disagreement category. 
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~AB 
In formula (3.1) the IT ^ value is calculated by dividing the 

response pattern ij expected cell frequency (F^) by the total number of 

-A -B 
observer responses (N). The computation of the it and ir values 

require the expected cell frequencies and use of the following formula 

for polytomous variables: 

Ao - °At/1'°(j1 "V1") 

where /i'o represents the odds of an 1 disagreement response to an i' 

disagreement response, by observer A. These odds are obtained from the 

following estimated expected cell frequencies: 

"V1*0 = VV 

where ij and lj1 are disagreement response patterns. 

Goodmans work with response scaling and models of quaei-

idenpendence demonstrated that the probability for the agreement (i.e., 

structural zero cells) and disagreement (i.e., non-structural zero cells) 

categories add to one. Therefore, the estimated proportion of the sum 

of the agreement cells equals one minus the probability for the dis

agreement cells. By placing structural zeros in the agreement/diagonal 

cells within a contingency table signifying the response distribution of 

two observers, an index of the magnitude of observer agreement can be 

developed. The following formula connotes the magnitude of observer 

agreement as the estimated probability that judgments from two observers 

will occur in one of the agreement categories (ir^): 

i 
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"A • 1 - *0 

where TT^ IS the estimated probability that a pair of judgments from 

the observers will occur in the disagreement category. 

Estimating the Magnitude of Agreement under 
the Model of Quasl-Equiprobability 

Bergan (1980b) has also developed procedures to measure the 

magnitude of observer agreement under the model of quasi-equiprobability. 

As with the measure of observer agreement under the model of quasi-

independence, the calculation .of the probability of observer agreement 

under the model of quasi-equiprobability requires that one first compute 

the estimated probability of observer disagreement. Observer disagreement 

is evidenced if the pair of judgments occur in the disagreement category 

designated by the off-diagonal cells. As defined under the model of 

quasi-independence, the estimated probability of disagreement (iro), 

under the model of quasi-equiprobability is expressed by: 

~AB ,"A "B 
TT = TT JJ/TT. IF. o ij' io jo 

-AB where IT .. is the estimated probability of a pair of observer judgments 
-A in the f^2 or f^^ off-diagonal cell, ir is the estimated conditional 

probability of observer A emitting response i given the disagreement 

category, where ir . is defined in a parallel fashion. 
jo 

Given the model of quasi-equiprobability, the obervers1 responses 

are dichotomously categorized. Such categorization results in the 



"A assignment of the value of .5 to IT 

estimated probability of disagreement 

expression: 
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and n . . The formula for the jo 

reduces to the folloiwng 

4 

* ""AB a ry r 
"o " ij/>25 

where „ is estimated by or Fj^/N. 

Under the model of quasi-equiprobability the probability of 

observer agreement ir^ is similarly defined as: 

TT. = 1 - TT 
A o 

As under the model of quasi-independence, it is possible to 

measure the probability of a specific agreement category _t under the 

model of quasi-equiprobability. Since there are only two diagonal 

cells (f^ and t*ie disagreement category (expresed as 0), t 

will range from 0 to 2. The estimated probability for a specific agree

ment category f (f^ or f2j) is expressed by: 

"t • Pij - "o <-25> 

where it is the estimated probability of agreement category t (1 or 2) 

and is the observed proportion of a specific observer category t. 

By subtracting the expression ir^ (.25) from P^ the value ir^. is corrected 

for chance agreement. 
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Latent Agreement 

The agreement models of quasi-Independence and quasi-equi-

probability may also be conceptualized as latent class models of 

agreement (Bergan, 1980a; Clogg, 1979)» Latent class models assert 

observable variables measure latent or unobservable characteristics, 

and are taken as indicators of that characteristic's value. Each 

latent variable is comprised of latent classes, representing each 

agreement category within the diagonal of the contingency table and a 

latent class representing disagreement within the off-diagonal cells. 
t 

For example, a latent class model of quasi-equiprobabillty would contain 

three latent classes, one for each of the two agreement categories 

within the diagonal and one for the disagreement category. 

The first latent class assumes that: 

AX BX . 
* u - w ii = 1> 

AX where ir ^ is the probability of observer A responding in category 1 

given the observation is contained in the first latent class of latent 

BX variable X and ir ^ is the probability of observer B responding in 

category 1 given the observation is contained in the first latent class 

of latent variable X. The first latent class portrays agreement in 
* 

the f^ cell. The second latent class declares that: 

AX BX 1 
¥ 22 = * 22 * 
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and portrays agreement in the f^ cell. The third latent class 

represents disagreement within the two off-diagonal cells. Given the 

model of quasi-equiprobability, the disagreement latent class asserts 

that: 

AX „ BX , 
10 * 10 = 

For both the models of quasi-equiprobability and quasi-indepen-

•"X dence, the estimated probability ir of a specific latent class t in the 

latent variable X is estimated with the following equation: 

-X v -ABX 
v t " ̂ij ijt 

"ABX where TT .. is the estimated joint probability of observer ATs response 
Xj L 

1, observer B's response j, and latent class t. By applying Goodman's 

-ABX (1974) iterative procedure the estimated joint probability ir .. may 
ij t 

be computed. These estimates may also be generated by using Clogg's 

(1977) computer program which computes estimates of expected cell 

frequencies and IT ^ for various latent class models using the iterative 

procedure. 

Applying the Model of Quasi-Equiprobabillty 
with Large Contingency Tables 

The quasi-equiprobability and quasi-independence procedures 

described in the previous sections were primarily recommended for 
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conditions where two observers' responses were categorized across two 

(quasi-equiprobability) or three or more (quasi-independence) behavioral 

categories. Bergan's (1980b) algorithms for measuring observer'agreement 

using the quasi-equiprobability model, representing two behavioral 

categories, may be calculated completely with hand calculations or with 

the use of various computer programs (Clogg, 1977; Fay and Goodman, 

1973). The calculation of maximum likelihood estimates of expected cell 

frequencies under the model of quasi-lndependence requires an iterative 

procedure and preferably the use of a high-speed digital computer. If 

access to a computer is not available, if the off-diagonal contingency 

table cells (i.e., for 3 x 3 or larger tables) have many zero frequencies 

and/or the model does not fit the data the models and procedures 

developed by the author and described in the following paragraphs are 

recommended. 

The model of quasi-equiprobability may be conceptualized with 

the following expression: 

it. + ir tt® k-»-(i,j) diagonal cell 
P = ° 1 
11 A B J IT IT . TT . otherwise 

o i J 

4 

where is the observed probability for cell ij, TT^ is the parameter 

for the respective diagonal cells, -IT represents measurement error 

A within each cell, TT ^ represents the parameter for rows 1 to 1, and 

IT j represents the parameter for columns 1 to j. Under the model of 

quasi-equiprobability, the parameter equals l/l since all the 
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alpha (a) values, 1 to I, are equivalent. In addition, the parameter 

£ 
IT . equals l/J since all the Beta (0) values, 1 to J, are equivalent. 
i 

A 2 x 2 quasi-equiprobability model may then be considered with the 

parameters given by: 

TT-I + H i; TT, + IT i; IR i; IT £ 1 o £. o o o 

where the first two expressions symbolize the two diagonal cells and the 

second two expressions reflect the two off-diagonal cells. 

The expressions in the previous sentence may be rewritten and 
j 

incorporated into the following condensed table: 

Diagonal Cell 1 Diagonal Cell 2 Off-Diagonal Cells 

• TT- + iff 1 o *2 f *"0 

with the three cell probabilities summing to equal one. In this model 

all off-diagonal cells are combined into one cumulative cells. Thus, 

larger contingency tables may also be analyzed under the model of 

quasi-equiprobability. A 3 x 3 table, with two observers judging three 

behavioral categories, could be condensed into the table given by: 

Cell. 
*11 

Cell £22 Cell f33 
Cumulative 

Off-Diagonal Cells 

"IT, + IT 
1 9 o ¥2 + 9 *o *3 + I *o 

6 

9 \> 
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where each of the six off-diagonal cells are hypothesized to have the 

same probability of occurrence. 

A general table may be established by: 

'1*1'. *2 + 1 \ *3 +K% 
K - R 
K *o 

where R Is equal to the number of cells In the diagonal and K is equal to 

2 
the total number of cells In the two-way table ( ). Furthermore, all 

K 

of the probabilities in the above table sum to one. Maximum likelihood 

estimates under the model of quasi-equiprobability may be generated and 

incorporated into the algorithms for the estimated probability of 

agreement and disagreement. Maximum likelihood estimates of probabilities 

of agreement within each of the agreement categories may be generated by: 

w_. 
(K - R) Xlj - Xo 

ij 
(i=j) (K - R) N 

where K is the total number of cells in the two-way table, R is the 

number of cells in the diagonal, X^ Is the observed frequency within a 

single diagonal cell »̂ XQ IS the total number of off-diagonal 

frequencies, and N is the total number of judgments in the complete 

two-way table (agreements and disagreements). Thus a maximum likelihood 

probability estimate may be computed for every agreement category within 

the table. Furthermore, a probability estimate of disagreement may be 

calculated by: 
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R f
Xo, 

(K - R)N ° R - 1 K N } 

each of the agreement categories 0^) and the 

(no) sum to one. Therefore, the probabilities for 

The probabilities for 

disagreement category 

the agreement cells may be summed and indicate the magnitude of agreement 

in a directly interpretable fashion. 

Simple Observer Agreement Calculations 
i i 

When an investigator does not have access to a computer and 

wishes to hand calculate the magnitude of observer agreement and/or has 

a set of data with marjy zero frequencies in the off-diagonal cells, 

the following procedures will provide the most accurate measures. First, 

i 

set up a two-way contingency table and test the fit of the quasi-

I 
equiprobability model {described in the previous section. If the model 

fits the data, also apply the procedures for measuring the magnitude 

of observer agreement 

equiprobability model 

because it has the moe 

recommended in the previous section. The quasi-

is recommended as the first model to be tested 

=t degrees of freedom and least amount of structure 

imposed by the parametric model. If the quasi-equiprobability model does 

not fit the data the nodel of symmetry should be tested next. If this 

model fits, then Bergen's (1980a) procedures for computing the magnitude 

of observer agreement may be used. An unacceptable model-data fit would 

next warrant testing the model of quasi-independence. To derive the 

expected cell frequencies under the model of quadi-independence, an 



58 

iterative process must be applied. The following section will describe 

the Demraing-Stephens iterative fitting program (Feinberg, 1978) for 

obtaining expected cell frequencies with hand calculations. 

The three models mentioned in the previous paragraph impose 

varying constraints and estimate different off-diagonal parameters. In 

the case of a 3 x 3 table with three behavioral categories, the following 

expressions illustrate the various ways the models estimate the 

off-diagonal cell probabilities; 

Quasi-equiprobability 1 (l,j)eS 

5 degrees of freedom ^ / 0 (i,j)iiS 

Symmetry (i, j) eS 

3 degrees of freedom ^ ' 0 (i,j)^S 

Quasi-independence 1 °i^j 

1 degree of freedom 0 (i.j)^S 

where S signifies the subset of off-diagonal cells. The expression for 

the model of quasi-equiprobability asserts the off-diagonal cells have 

the same probability of occurrence. The probability is determined by 

only the number of off-diagonal cells. Symmetry Implies the joint 

probabilities for the pairs of cells around the diagonal are equi-

probabile. For instance, cell f^ Is equiprobable wi'th cell f^ and 

cell f^ Is equiprobabile with cell f^. Each pair of off-diagonal 

cells imposes an additional constraint upon the data. Cell probabilities 

under the model of quasi-independence are expressed as the product of 

factors that are functions of two marginals. 
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Iterative Computations of Expected Frequencies 

The estimated expected frequencies under the model of quasi-

lndependence must be computed by an algorithm called iterative pro

portional fitting. In the Deming-Stephens (Feinberg, 1978) algorithm, 

preliminary estimates of the expected values are made, then successively 

adjusted until they meet the criterion that the marginal totals for the 

estimated frequencies equal the marginal totals for the observed values. 

Therefore: 

| — ~ 
P B f and F « f 

cjL+ 1+ +j +j 

for all i and j in the subset of off-diagonal cells. Since the diagonal 

cells contain structural zeros under the agreement model of quasi-

inde pendence, the frequency summations are only across non-structural-zero 

cells. 

xij 

*1+' 

Let Fy equal the expected frequency pf the (i,j)th cell, with 

equal to the observed frequency. Let us also assume that or 

etc refer to the summation across only non-structural-zero 

(o) cells. The initial start values within the table are denoted as F ^ 

. (K) 
and the subsequent Kth iteration as Fv 

To hasten the iterative process, rather than insert values of 

one within the table for start values It is recommended that a pro

portion of the cell frequencies be estimated from the marginal values 

and used as the start values (F^^). The procedure sequentially 

fixes one set of marginal values and allows the other set of marginals 
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to vary. To calculate the proportional start values, consider a 3 x 3 

table with the diagonal cells deleted. Begin by fixing the column 

marginals and allowing the row marginals to vary. Cell F̂ 2i is 

estimated with specific marginal frequencies from the original table: 

= X 
21 +1 

(x2 f x3+) 

Similarly cells and are estimated by: 

;<o) 
F 31 X+1 ( ^ ) 

\X2+ + X3+ ) 

If \ 

+ X3+/ 

p(0) = I Xl+ 
p 13 +2 \x1+ • 

Once the start values are calculated, the algorithm proceeds in 

a two-step manner, with: 

5  ( K )  x  
i a +1). 
ij 5 CK) 

i+ 

9 <K + 1) y 

and j »+2). _« 2* 

«  p ( K + D  
F+J 

The procedure alternates between fixing the row and column 

marginals. During the iterative process the improvement in the 
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subsequent fits come from the estimated marginals getting nearer to 

the observed marginals. Following several large estimation leaps 

initially, the convergence process slows down with smaller estimation 

changes. Thus, once the investigator gets past the initial estimation 

leaps, a "reasonable" approximation may be expected without considerable 
4 

iteration. 

Summary and Conditions for the Use of Kappa 

The previous sections described a variety of methods for measur

ing observer agreement. In summary, the quasi-equiprobability model is 

recommended for measuring observer agreement when two or three 

observers are recording the presence or absence of one specific be

havior. Observer agreement using the equiprobabllity model may be cal

culated completely with hand calculations or with the use of various 

computer programs (Clogg, 1977; Fay and Goodman, 1973). The quasi-

independence model is recommended for measuring observer agreement when 

two or more observers are recording three or more response categories. 

The analysis includes the calculation of maximum likelihood estimates of 

expected cell frequencies under the model of quasi-independence which 

requires an iterative procedure and the use of a high speed digital 

computer. 

If the investigator does not record the presence or absence of 

a single behavior, have access to a computer to test quasi-independence, 

or meet the assumptions for quasi-independence, then it is recommended 

that the fit of the large quasi-equiprobability model, symmetry model, 
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and quasi-Independence model may be tested successively. The procedures 

for hand calculating the measure of observer agreement for the quasi-

equiprobability, symmetry, and quasi-independence models were 

described In the previous sections. 

An Investigator may encounter situations where all the model-

data fits are unacceptable or where there Is such an excessive number of 

zero frequencies In the off-diagonal cells that maximum likelihood 

estimates of expected cell frequencies cannot be calculated. If such 

Instances occur with the Investigator's two-way tables, it is 

recommended that Cohen's (1960) Kappa (K) coefficient be calculated to 

measure observer agreement. 

Coefficient K represents the proportion of agreement after chance 

agreement is removed from consideration: 

with Vo~ I Pij < 1 = ̂ » only> 

and Pc ? Pi+ (for 1 = j cells, only). 

Let Pq be the sum of the observed proportion of cases In the main 

diagonal, Pc be the sum of the expected proportion of cases in the main 

diagonal, and P +̂ and P+̂  be the marginal proportions In the ith row and 

jth column, respectively. 

Pq is not an acceptable measure of agreement, because some 

agreement cases could be expected to occur in the main diagonal by chance. 



Therefore, to correct for chance occurrences F was subtracted from P 
* c o 

In the formula. The value for P£ may be regarded as the sum of the 

proportions expected under the model of Independence. Since P 
c 

depends on marginal totals» it is normalized by dividing by 1 - P^, 

the maximum value possible for Pq - Pfi given marginal totals P +̂ and 

p+r 
If the observed magnitude of agreement equals the magnitude 

expected by chance alone then K will equal zero. Complete agreement 

between the observers will result in a Kappa of 1.0. A negative Kappa 

value will occur if the observed agreement is less than the agreement 

expected by chance. 



CHAPTER 4 

MULTIVARIATE MODELS OF AGREEMENT 

Repeated measurement experiments incorporate data from groups 

of experimental units each of which is assessed under two or more 

distinct conditions. ThuB, studies which classify each individual with 

respect to each categorical variable at several successive points in 

time may be characterized as repeated measurement designs. The data 

obtained from such designee may be conceptually arranged in multi

dimensional contingency tables. 

The following sections will present a variety -of procedures for 

analyzing categorical data obtained from repeated measurement designs. 

This is the first such work of this kind. The first three procedures 

use the quasi-equiprobablllty concept to measure model-data fit and 

observer agreement under conditions when two observers are recording 

the presence or absence of one specific behavior at two points in time. 

The first two procedures use log linear and latent class models with 

maximum likelihood statistical methods to estimate and test the model 

parameters. The third procedure applies the weighted least squares 

statistical methods to test the hypothesis of equi-probability between 

specific contingency table marginal values. The fourth and fifth 

procedures employ thequasi-independence concept to measure model-data 

fit and degree of observer agreement under conditions when two observers 

are recording three response categories at two points in time. The 
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fourth procedure uses the maximum likelihood methods to estimate and 

test the parameters within this 3x3x2 design. The fifth procedure 

uses the weighted least squares method to test the hypothesis of 

independence among the marginal values. Finally, in a concluding section, 

a discussion is presented about how these procedures may be employed to 

assess reliability of classifications established from criterion-

referenced test scores. 

Quasi-Equiprobability and Maximum 
Likelihood Methods 

A repeated measurement design that encompasses two observers 

categorizing the presence or absence of a single behavior for each 

subject at two points in time creates a 4 x 4 contingency table. 

Table 1 illustrates the format for constructing a contingency table 

from such a repeated measures design. The table incorporates the four 

response variations of the two observers at time I and time IX. The 

rows in the table represent the time I judgments of the two observers, 

A and B. For example, category 11 indicates the two observers judged 

that the behavior occurred at time I and category 12 denotes that 

observer A judged that the behavior occurred but observer B judged that 

the behavior did not occur at time I. The columns in the table depict 

the response variations of the same two observers, referred to as C 

and D, at time II. Table 1 also contains two cells with .5 frequencies 

(cells 1221 and 2112). Originally these cells contained a frequency of 

zero, but .5 was inserted in order to allow subsequent log transforma

tions of the cell values. 
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Table 1. Observed cell frequencies, expected cell frequencies, and 
expected frequency formulas under the model that AB is 
quasl-equiprobable, CD is quasi-equiprobable, and the 
saturated model is true. 

TlM II 

Observer 

Obssrver A.  B  

1 2 

Tlael 

2 1 

Observed 
Marginal 
Value• 

Obsoryed 
Marginal 
Valuta 

77** 3 4 22 

1 1 ftjkt fllktf 
{ > 
"ilkt 2 'ljkt 106 

*..kt 

(2.8421)*** (4.2533) 

2 . 1 .3 2 
r • r • t 

f £ 
±1kt 2 2 2 'ttkl 2 2 'iila 2 

!1J" 'y'.-u flJ-* 

(2.1810) (1.0335) (.5775) (2.1818) 

5.5 

2 .3 1 3 
r r a r • 

'ijkl 2 'llkl 22 'tin 2 2 'ilkt 2 

flJ,,f..kt V 
(1.8462 (.4372) (.9774) (2.7694) 

6.5 

39 S 3 61 

2 2 'ijkl f»kl 2 

(4.7368) (3.1765) 

'ijkl 108 

120 9.5 8.5 88 226 Total 

* r - 1̂ .. + 

' " '..kt * f..kV 
** Observed frequencies 

•** Expected frequencies within parentheses 

**** An observer's response of 1_ signifies the 
behavior occurred. A 2 response Indicates 
the behavior did not occur. 
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Since the four corner cells, 1111, 1122, 2211, and 2222 portray 

observer agreement at each of the two points In time, It may be 

asserted that a model assessing equlprobablllty between specific marginals 

may test observer agreement at the two time periods. Specifically, the 

agreement model constrains the observed and expected row 1 and row 4 

marginal values to be equal, constrains the observed and expected 

column 1 and column 4 marginal values to be equal, assesses equlprobablllty 

between the row 2 and row 3 marginal values, and equlprobablllty between 

the column 2 and column 3 marginal values. By constraining the pre

viously mentioned marginal values, the rows and columns (i.e., 12 

and 21) representing disagreement between the observers may be in

vestigated. Furthermore, the process of constraining the four observed 

and expected marginal values to be equal also constrained the observed 

and expected cell values in the four agreement corner cells to be equal. 

Thus, a quasl-equlprobability model that measures the remaining 

observer disagreement cells was created. 

This log linear agreement model asserts that the joint 

variable AB is quasi-equiprobabile, the joint variable CD is quasi-

equiprobable, and that the saturated model is true. In essence this 

quasi-equiprobabllity model states that an agreement model may be 

primarily formulated from the marginal values. Furthermore, in the 

2 
following paragraphs it Is demonstrated that the X value for the 4x4 

2 
agreement table will equal the sum of the X values for the two 2x2 

tables measuring quasi-equiprobabllity among the row marginals and 

column marginals, respectively. 
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The analysis of repeated measures designs focuses on the marginal 

values. This emphasis on the marginal values transpired because model 

testing procedures based on maximum likelihood statistical procedures may 

become quite .complex in some cases. Although this issue on how to 

employ maximum likelihood procedures with repeated measures designs of 

agreement seemed difficult initially, it should be recognized that 

hierarchical sets of models may be developed with models that not only 

incorporate marginals but also models that rely on marginals ex

clusively. Thus, maximum likelihood procedures utilizing marginals have 

been developed. 

The model asserting the joint variable AB is equiprobable, the 

joint variable CD is equiprobable, and that the saturated model is true 

is a model that subsumes two hierarchical models that involve marginals. 

The test that the joint variable AB is equiprobable sums across the C 

and D cells and examines the joint AB marginals. Conversely, the test 

that the joint variable CD is equiprobable sums across the A and B 

cells and examines the joint CD marginals. The saturated model component 

allows the reproduction of the large initial table without adding to 

the large tabled chi-square value. This occurs because the chl-square 

value for the saturated model equals zero. Thus, by adding the two chi-

square values for the joint variables (AB and CD) equiprobability test 

and the chi-square for the saturated model, the chi-square for the full 

table may be generated. 
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The maximum likelihood expected cell frequency formulas within 

Table 1 are for the model that holds AB is the quasi-equiprobable, 

CD is quasi-equiprobable, and that the saturated model is true. These 

2 
expected cell frequencies .-and their accompanying X formulas were 

obtained by applying the following algorithmic procedures. 

Saturated model: 

i (0) = f 
ijkJl ijkJl 

AB is equiprobable: / 
- J I ) 

expected frequency F ^ = \ *"19 for (i1j)(il»j') ( eS 

f.. otherwise 
ij • • 

The joint variable AB is generated by summing across the C and D cells. 

Similarly, the observed frequency f . is produced by summing over the 
lj • • 

k and Jl cells. The prime values refer to opposite cell values. For 

example, if f. refers to cell 12, then f , , refers to cell 21. 
lj • * 1 J • 

Finally, the notation eS represents a member of set S. An equi-

probability test between the 12 and 21 marginals would include only the 

12 and 21 marginals within set S. Thus, the marginals 11 and 22 would 

not be Included in set S. The notation below for the joint variable 

CD is similarly defined. 

CD is equiprobable; 

(2) 
expected frequency F_ ̂  'If otherwise'"1 U'.J')eR 

The three chi-square formulas below test the three separate 

components of the model; the saturated model is true, the joint 
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variable AB Is equiprobable, and the joint variable CD is equiprobable. 

The notation £n refers to the natural log. 

X H0 " 2 E f±jka 
an [fijk£/f ijkil 

x Hx " 2 I <f
ijn + ... + fij225 ln [f ij./*ij. 

X H2 = 2 I (fnk£ + tm+ f22kSt? ln [f..kA^..kJ 

The following chi-square formula sums the above three chi-squareB 

and obtains the chi-square formula for testing the values in the large 

table. 

x h
3 " 2 I fijk£An [fijk£yrfijkJ+ 

2 ̂  fljkJtAn [fij./*ij..l+ 

2 ̂  fijUAn [f..k£/*\.kJ 

2 ̂  fijkAS,n fijk£ " *n fijk£ + *n fij.. 

An ̂ lj.. + An f..k£~ £n *..k£ " 

An [fijkA fij.. f..kJl f̂ijU ̂ ij.. *..kJl] 

The following computations for the members of the S and R sets 

incorporate the equiprobability restrictions between the 12 and 21 

marginals. 

for S and R - In £y _ 
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for neither S or R •= £n / f±jkJ 

*djk/ for S and R = (fiik + £i'V..^ 2> (f..k& 

fij.. f..k& 

*ijk* for nelther s 0r R - fijkA 

*ijk£ for S but not R " ̂fHkJt (fi1.. 

fij.. 

The formulas for the maximum likelihood expected cell frequencies 

under the 4x4 agreement model were applied to data obtained from a 

geriatric study conducted by the University of Arizona Psychology 

Department. The observed frequencies within Table 1 were tabulated by 

two observers recording geriatric patients' dressing skills during pre

test and posttest experimental sessions. Table 1 shows the observed 

and expected cell frequencies obtained from these data. 

2 The X value for the model-data fit is equal to .1488 (degrees 

of freedom = 2, p>.05). Thus, the joint AB and CD quasl-equiprobablllty 

and saturated model fits the data well. However, it may be demonstrated 

that this chi-square value may be calculated by just utilizing the 

marginal values, rather than the entire 4x4 table. For instance, 

Table 2 shows that the four time 1 marginals may be subsumed into a 

2x2 table and the four time II marginals may be incorporated into 

a second 2x2 table. A test of quasi-equlprobability within each of the 
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2 x 2  t a b l e s ,  w i t h  t h e  1 1  a n d  2 2  c e l l s  d e l e t e d ,  r e s u l t e d  I n  c h i - s q u a r e  

values of .08 and .06, respectively; thereby, summing to a chi-square 

value of .14. 

Table 2. Observed Cell frequencies for the time I and time II 
marginals. 

Time I 
Observer B 

Time II 
Observer D 

Response 

1 
Observer 

A 2 

106 5.5 

6.5 108 

"Response 

1 
Observer 

C 2 

| 120 9.5 

| 8.5 88 

In summary, it has been demonstrated that the chi-square value 

from the 4x4 table for the model that AB is quasi-equiprobable, CD 

is quasi-equiprobable, and that the saturated model is true equals the 

sum of the two chi-square values from the 2x2 tables for. the model of 

quasl-equiprobablllty among the 12 and 21 marginal cells at time I and 

II. Thus, to measure the model-data fit and the degree of observer 

agreement, the researcher may choose to consider only the eight marginal 

values obtained from the large 4x4 table for his/her investigation 

and obtain identical results. 
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Latent Class Approach to 
Multivariate Agreement 

Latent class models may also be used to conceptualize multi

variate agreement. Latent class models assert that observable vari

ables measure latent or unobservable characteristics and are taken 

as indicators of that characteristic's value. The latent class 

method that is recommended assesses the model-data fit and degree of 

observer agreement by only considering the eight marginal values 

obtained from the previously described 4x4 table. Following the 

construction of the two 2x2 tables from the time I and time II 

marginals, latent classes may be generated. 

Latent Class Model of Agreement 

The latent class model of agreement is represented by the 

following equation: 

~X ? "ABOX... . -.it - I -a ijkt (4.1, 
t=l 

-X where TT is the estimated probability of a specific latent class t in 

the latent variable X and estimated joint probability 

of observer A's response i, observer B's response j, time k, and 

latent class t. 

In addition, the following formula connotes thq magnitude of 

observer agreement as the estimated probability that judgments from 

two observers will occur in one of the agreement categories (TT̂ ) : 
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7TA = 1 - (7T3X + TTGX) (4.2) 

"X •*" X where IT. and ir, are the estimated probability that a pair of judgments 
3 o 

from the observers will occur in the disagreement category (previously 

defined as ir ). 
o 

The latent class model of agreement contains three latent classes 

for each of the two time periods, one for each of the two agreement 

categories within the diagonal and one for the disagreement category. 

This results in a total of six latent classes. The following restrict

ions are Imposed in order to produce the six latent classes. 

The first latent class assumes that: 

AX BX OX . 
*  i i = "  u " "  ii  1  

AX where ir ^ is the probability of observer A responding in category 1 

given the observation is contained in the first latent class of latent 

BX variable X, ir ^ is the probability of observer responding in 

category 1 given the observation is contained in the first latent class 

OX of latent variable X, and ir ^ is the probability of the category 1 

observation occurring at time I given that the observation is contained 

in the first latent class of latent variable X. The first latent class 

represents agreement in the f^ cell within the time I table. The 

second latent class states that: 

AX BX OX . 
n  22 " 17 22 " " 12 
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and depicts agreement in the f^ cell within the time 1 table. The 

third latent class portrays disagreement within the two off-diagonal 

cells at time X. Under the model of quasi-equiprobability, the 

disagreement latent class assumes that: 

AX BX c OX , 
* i3 ° 1 J3 = -5' " 13 " 1 

The remaining three latent classes represent identical cells but within 

the time II table. They are described as follows: 

AX BX OX 1 

* 14 = 17 14 = * 24 

AX BX OX , 7T = IT — TT 55 I 
25 25 25 

AX BX c OX , 
* 16 " " j6 " -5' * 26 " 1 

Under the model of quasi-equiprobability, the estimated pro-

*X bability is of a specific latent class t in the latent variable X is 

deduced from the equation: 

-X r -ABOX 
t J±ir ijkt 

These estimated joint probabilities and latent class probabilities may 

be computed by applying Clifford Clogg's (1977) computer program which 

uses the iterative process. 
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An Example 

The geriatric data from the 4x4 table was used to test the 

fit of the latent class model and measure latent agreement. As 

previously mentioned, this quasi-equiprobability model only in

corporated the eight marginal values, four at each of the two points 

in time. The likelihood ratio chi-square value obtained from assessing 

the model-data fit was .15 (degrees of freedom = 2, p > .05). Except 

for rounding error, this chl-square value is identical to the chi-

square values obtained from the previous quasi-equiprobability tests 

2 measuring the 4x4 table (X = .1448) and the two 2x2 marginal 

tables (X2 = .14). 

The following six latent class probabilities were also calculated 

by Clogg's latent structure computer program: 

tt3̂  = .2233, TTX2 = .2277, = .0489 

£X, = .2478, irX_ = .1766, TTX » .0756. 
4 5 '6 

These latent class probabilities show that the three latent class prob

abilities for time I sum to .5 and the three latent class probabilities 

for time II sum to .5. Thus, these probabilities demonstrate that the 

large table may be subdivided into two 2x2 tables incorporating the 

marginals at each point in time. The degree of observer agreement at 

time I, for the latent class model, was computed by summing IT ^ and 

irX2 and multiplying by two ((.2233 + .2277) x 2), which resulted in a 

.90 agreement value. Disagreement at time I was obtained by multiply-

Y 
ing ir j by two (.0489 x 2) which yielded a .10 disagreement value. 
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Similar procedures also produced the time II degree of agreement value 

of .8488 and disagreement value of .1512. The average degree of 

agreement for both time periods is .8755, which was derived by adding 

the first, second, fourth and fifth latent class probabilities of agree

ment at both periods of time. 

Log Linear Model Comparison 

Since it was demonstrated above, with the log linear model, 

2 that X calculations involving only the eight marginal values will equal 

computations encompassing the entire 4x4 table, one may also postulate 

that the degree of observer agreeement, under the log linear model, 

may also be measured by only considering the eight marginal values. The 

degree of observer disagreement may be assessed by first calculating 

the expected cell frequencies, under the model of quasi-equiprobability, 

within each of the two 2x2 tables (Bergan, 1980b). At time I, 

observer disagreement (ito) equaled .0973 (i.e., 5.5/226/.25) and at 

time II observer disagreement equaled .1504 (i.e., 8.5/226/.25). An 

average of the two disagreement values equalB .1239. Consequently, 

observer agreement at time I equaled .9027, at time II equaled .8496 

and the average of the two time values equaled .8761. Thus, a comparison 

of the degree of agreement values calculated under the log linear model 

of quasi-equiprobability and the latent class agreement model finds them 

to be identical, except for rounding error. 
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Quasi-Equiprobabllity and the 
Weighted Least Squares Method 

The weighted least squares procedure, developed by Grizzle, 

Koch, and their associates, analyzes multivariate categorical data 

obtained from repeated measurement experiments. This noniteratlve 

procedure fits the experimental functions to a linear model, tests 

the model-data fit, and estimates the parameters underlying the linear 

regression model. In essence, this procedure creates a categorical 

data analogue to interval data methodologies such as linear multiple 

regression. 

For the purpose of assessing the degree of agreement between the 

two observers, coding the presence/absence of one behavior at two points 

in time, the 4x4 table must be considered again. The hypothesis 

directed at the degree of observer disagreement investigated the first-

order marginal distributions of the response profiles and constrained 

corresponding probabilities. Agreement between the two observers at 

the two points in time was investigated by fitting the linear regression 

model assessing equlprobabllity between the row 2 and 3 marginals and 

equiprobability between the column 2 and 3 marginals. As with the 

maximum likelihood method, the marginals for row 1, row 4, column 1, 

and column 4 were constrained. 

Landis, Stanish, and Koch's (1976) GENCAT II computer program 

utilizes the following asymptotic regression model: 

Ea(R) - y - X0 (4.3) 
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where Ê (R) signifies asymptotic expectation, 3 is a vector of unknown 

parameters that will be estimated, and X is a design matrix represent

ing the relationship among the components of y with regard to the 

independent variables of interest. The estimated 3(Beta) parameters 

for the marginal equiprobability test correspond to the row and column 

parameters. This model's goodness of fit and the hypotheses regarding 

linear combinations of the parameters are assessed with Q statistics. 

If the sample sizes are large then the Q statistics have approximate 

chi-square distributions. 

The GENCAT II computer program was used to test the linear 

model-data fit, estimate the underlying model parameters, and compute 

cell probabilities and expected cell frequencies via weighted least 

squares methodologies. Table 3 shows the computed expected cell 

frequencies for the 4x4 table, following log transformations of the 

cell values. A comparison of the Table 3 weighted least squares expected 

cell frequencies and the Table 1 maximum likelihood expected cell 

frequencies will show both sets of expected values to be equal. 

The hypothesis testing equiprobability between the row 2 and 

row 2 marginals and equiprobability between the column 2 and 3 marginals 

resulted in a minimum modified (i.e., Wald Statistic) chi-square value 

of .1750 (degrees of freedom = 2, p > .05). A further test partialed 

out'this chi-square value and obtained a chi-square value of .0909 

(degrees of freedom = 1, p >.05) for the test of equiprobability 

between the row 2 and 3 marginals and a chi-square value of .0588 

(degrees of freedom = 1, p > .05) for the test of equiprobability 
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Table 3. Observed cell frequencies and expected cell frequencies via 
weighted least squares computations. 

Observer £ 1 

£ l 

Observer A B 

1 1 
77 

Time XI 

1 

2 

2 

1 

(77.0434) (2.8024)* (4.2262) 

2 

2 

22 
(22.0124) 

Observed 
Marginal 
Values 

106 

Time I 
12 2 1 .5 2 

(2.1696) (1.0170) (.5650) (2.1696) 
5.5 

2 1 
(1.8306) 

.5 
(.4294) 

1 
(.9718) 

3 
(2.7346) 

6.5 

2 2 39 5 3 61 
(38,9302) (4.7008) (3.1866) (61.0426) 

108 

Observed 
Marginal 
Values 

120 9.5 8.5 88 226 Total 

•Expected cell frequencies arc within parentheses. 
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between the column 2 and 3 marginals. Given that the column and row 

equiprobabllity model fit the data well, It was appropriate to conduct 

an additional test to Investigate if the row and column parameters were 

equal. An advantage of the weighted least squares procedure is that 

this test may be conducted. Maximum likelihood procedures are not 

recommended for this test because complex computations using Lagrange 

multipliers would be necessary. The weighted least squares test pro

duced a chi-square value of 1.5376 (degrees of freedom = 1, p > .05), 

thereby indicating the marginal distributions were the same for the two 

time periods. 

Following the confirmation that the linear regression model fit 

the data well, the degree of observer agreement and latent class 

probabilities were calculated. However, these calculations require 
j 
that the marginal values be incorporated within two 2x2 tables, as 

described in the previous section. Table 4 illustrates the observed 

frequencies and weighted least squares estimated cell probabilities for 

Lach of the tables representing a specific time. Latent class pro

babilities may also be computed using the weighted least squares 

estimated probabilities and the following computational algorithm for 

the agreement latent classes (* ): 

r 1 w w wA wB . 
P 81 *t = (Pij ~ *0 17 io * jo) /2 

where is the observed proportion of a specific observer agreement 

category t designated in the ij cell, ^ is the probability of 
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vA 
disagreement, ^ ̂  is the observer A's response i given the disagreement 

wfi category 0 and v is the estimate of observer B s response j given 

the disagreement category. The latent class probability for the dis-

w agreement categories is obtained by dividing ̂  by two. Since the six 

latent classes must sum to one, it was also necessary to divide the 

above latent class quantities by two. This enables the first three 

latent classes for time I to sum to .5 and the last three latent classes 

for time II to sum to .5. 'Thus, the six latent classes for the full 

4x4 table can sum to one. 

Table 4. Observed cell frequencies and estimated cell probabilities 
using the weighted least squares computations. 

Response 
' 1 

Observer A 

2 

Time I 

Observer B 

1 2 

Response 
1 

Observer C 

2 

Time II 

Observer D 

106 

(.4711)* 

5.5 

(.0242) 

6.5 

(.0242) 

108 

(.4799) 

1 2 

120 

(.5333) 

9.5 

(.0376) 

8.5 

(.0376) 

88 

(.3911) 

^Estimated cell probabilities are within parentheses. 
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The degree of observer disagreement calculated for time I 

0242 
equaled .0968 (i.e., ( * 5 ) (  5 )  ^ ôr t*me equaled .1504 (i.e., 

•*.P.3?JL). This produced an average degree of disagreement of .1236 for 

the two time periods. The six latent classes for the two time periods 

are as follows: 

^ = .2235, £2 = .2279, ̂  = .0484, ̂  = .2479, "5 = .1768, » .0752. 

A comparison of the latent class probabilities produced by the 

weighted least squares procedure and the previously described maximum 

likelihood procedure will show both sets of latent class probabilities 

to be identical, except for rounding error. 

Finally, a comparison of the degree of observer agreement values 

produced by the log linear maximum likelihood procedure, latent class 

maximum likelihood methodology, and weighted least squares computations, 

shows all three procedures generated identical agreement probabilities 

at time I (.90), time II (.85), and for the average of the two times 

( .88) .  

Quasl-Independence and Maximum Likelihood Method 

Given conditions when two observers are observing more than one 

behavior, it is recommended that the quasi-independence concept be 

employed to assess observer disagreement. The following paragraphs will 

extend the previously described maximum likelihood algorithms to 

accommodate a quasi-Independence model. A repeated measurement design 

that Includes two observers categorizing three behavioral categories at 

two points In time creates a 9 x 9 contingency table. Table 5 
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illustrates the format for constructing a contingency table from the 

aforementioned design. At each of the two points in time the two 

observers may evidence nine response variations. The rows in the 

table represent the response variations at time I and the columns 

represent the response variations at time II. 

Since the cells 1111, 1122, 1133, 2211, 2222, 2233, 3311, 

3322, and 3333 portray observer agreement at each of the two time 

periods, it may be postualted that a model assessing independence be

tween specific marginals may test observer agreement at the two time 

periods. More specifically, the agreement model constrains the 

observed and expected row 1, row 5, and row 9 marginal values to be 

equal, constrains the observed and expected column 1, column 5, and 

column 9 marginal values to be equal, assesses independence between the 

row 2, 3, 4, 6, 7, and 8 marginal values, and assesses independence 

between the column 2, 3, 4, 6, 7, and 8 marginal values. By constraining 

the aforementioned marginal values, the rows and columns representing 

disagreement between the two observers may be investigated. In addi

tion, the process of constraining the six marginals also constrains the 

observed and expected cell values in the nine (i.e., 1111, 1122, 1133, 

2211, 2222, 2233, 3311, 3322, and 3333) agreement cells to be equal. 

ThuB, a quasi-independence model is created that measures the remaining 

observer disagreement cells. The test of marginal quasi-independence 

also uses the model of agreement that was presented within formula 4.1 
T 

(i.e., irX = J !,«-)• *n addition to this model, the magnitude 



Table 5. Observed cell frequencies, observed marginal values, and 
expected marginal values under the model of marginal 
quas i-lndependence. 
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Time II 

Observer C 1 

D 1 

Observer A B 

1 1 

Ttoe I 

1 2 

1 2 

2 1 

2 2 

2 3 

3 1 

3 2 

3 3 

44 

2 

1 

31 

1 

2 

5 

SO 

1 

2 

1 

2 

3 

3 

2 

4 

0 

1 

1 

1 

3 

3 

3 

2 

1 

3 

3 

3 

1 

4 

2 2 2 3 3 3 Observed/Expected 
Marginal Values 

2 3 12 3 

25 2 3 2 32 

13 2 11 

1 5 2 3 4 

2 2 5 1 1 

29 4 1 4 37 

2  1 1 1 5  

1 2 3 2 1 

2  3  1 1 4  5  

3 19 1 4 2 41 

" 114 
(113.68) 

16 
(17.18) 

25 
(23.88) 

19 
(18.95) 

112 
,(111.70) 

19 
(19.58) 

15 
(16.43) 

23 
(22.12) 

125 
(124.65) 

Observed Marginal Values 137 17 23 18 83 21 33 20 127 468 Total 

Expccted Harglnal 
Values 

(136.99)(17.25)(22.32)(17.96)(82.92)(21.22)(21.91)(20.33)(126.88) 
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-of agreement Is similarly defined with the agreement measure within wl|t 

formula 4.2 (.e., TT. = 1 - ir , where TT is the sum of the disagreement 
A O | O 

latent classes). I 
i 
i 

The analysis of repeated measures designs, employing the con

cept of quasi-independence, also focused on the use of the marginal 

values. As with the set of quasi-equiprobabllity models, hierarchical 
i 

sets of models may be developed with models that not only incorporate 

marginals but also models that use marginals exclusively. 

The agreement model asserting variables A and B are quasl-
i | 

independent, variables C and D are quasi-Independent, and that the 
I I 

saturated model is true is a model that subsumes two hierarchical 
i 

models that involve marginals. The test that variables A and B are 

quasi-independent sums across the C and D cells. Conversely, the 

test that the variables C and D are quasi-independent sums across the 

A and B cells. The saturated model ^component allows the reproduction 
! 

of the large initial table without adding to the large table's chi-

square value. Thus, by adding the three chi-square values for the 

A and B quasi-independence test, C and D quasi-independence test, and 

the saturated model test, the chi-square for the full table may be 

generated. The formulas for generating the maximum likelihood expected 

2 I 
cell frequencies and the X values for this model are presented below. 

Saturated model 

ijk 
(0) „ = f 
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A and B are quasi-independent 

ôr i •••!; j = 1» "'J* where a and b are 
•* J J parameters for the test of independence. 

i: for cells (i»j) in S 6ij . J * n othevwise 

« " ! o  

C and D are quasi-independent 

( 2 )  
F . .k i  =  Skl  *^2,  f o r  k  5 5  1» •••*» 1  =  1  L» w h e r e  

for cells (k, 4) in S 

^ i  1n otherwise 

Chi-square for the Saturated model 

x H
0 = 2 I [ f1;jkA /fijkJl] 

Chi-squares for the two quasi-lndependence tests (A with B and 
C with D): 

x H
x " 2 I (fijU + ... + fij22* An Pij.. / ̂ ij.. 1 

X H
2 = 2 £ (fim + ... + f22kS? An tf..k£ /*..kd 

Chi-square for the total table: 

X H3 = 2 I fijkJl An [f±:jkJl + 2 I An + 

2 ̂  fijkJl An tf..k£ ^..kJ" 

2 ̂  fijkA An fijk£ ~£n fijkA + An fij... " *n *ij.. + 

An f..k£ - ?lk*= ' = 

An [fijkJl fij.. f..kJ^ fijkZ *ij.. *. .kj 
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Computation of the {a} and {b} estimates under the model of quasi-

independence requires the application of the following iterative 

process. 

Set B •••» and proceed with the iterative 

process* as previously described, by setting 

a(v> " 4'" . (v - 1) for i - 1 I and 
1 3 J 

b<V>J * ll'" (v) for J - 1 J 
ij ai 

till • 
Following the v cycle, compute the F vaues with the following formula: 

F(2v)i:} = a(v)± b^j for all (i,j) . 

Alternatively, if a researcher has a repeated measures con

tingency table that meets the maximum likelihood assumption of 

X +̂ + < N, where X +̂ is the Bum of the frequencies in non-structural 

zero cells in row i, X^ is the sum of the frequencies in non-structural 

zero cells in column i, then the full table may be considered as a 

univariate model. In other words, if the lack of excessive zero cell 

frequencies allows the researcher to meet the above assumption then 

procedures utilizing the univariate quasi-independence model may be 

employed. 
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As described in the previous chapter, the procedures using the 

univariate quasi-independence model included the insertion of 

structural zeros in cells representing agreement (e.g., cell 1111) 

and the application of the iterative proportional fitting algorithm 

for the computation of expected cell frequencies. Following the cal

culation of expected cell frequencies, the probabilitiy of a specific 

agreement category t. was generated with the formula: 

"A -B TT. = P.. -  7 T  i r . i r . .  
t ij o io jo 

If the above maximum likelihood assumption is met then the 

univariate quasi-independence model procedure may be applied to any 

size table (i.e., 4 x 4 or 9 x 9). Given the 4x4 repeated measures 

table, the cells 1111 and 2222 denote pure agreement at both time 

periods and the cells 1122 and 2211 represent agreement within time 

periods but not across time; the remaining cells are considered 

disagreement cells. The calculation of the probabilities (i.e., ir^.) 

for agreement cells 1111 and 2222 would enable the researcher to 

determine the degree of pure agreement across time. Furthermore, the 

computation of the probabilities for agreement cells 1122 and 2211 

would allow the researcher to obtain information regarding agreement 

within time periods but not across time. The sum of these four cell 

probabilities would yield the overall degree of agreement during the 

two observational time periods. 
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Quasi-independence and the Weighted 
Least Squares Method 

The weighted least squares procedure was also applied to fit 

the experimental functions within the 9x9 table to a linear model, 

test the fit of the quasi-independence model, estimate the parameters 

underlying the linear regression model, and compute the expected 

marginal frequencies. To test the quasi-independence model, the 1, 

5, and 9 row marginal values were constrained and the 1, 5, and 9 
i 

column marginal values were constrained. Independence was then assessed 

between the 2, 3, 4, 6, 7, and 8 row marginal values and between the 

2, 3, 4, 6, 7, and 8 column marginal values. ThiB process enabled the 

marginals representing disagreement between the two observers to be 

investigated. 

The asymptotic regression model presented in formula 4.3 (i.e., 

E(R) » y = X3), for the quasi-equiprobability test, is also used for the 

quasi-independence test. However, the 3 parameters for the quasi-

independence test would reflect Independence among the marginals, rather 

than equiprobability. 

The weighted least squares marginal quasi-independence test 

measures the observer by time association. ThiB association is ex

amined by testing the log odds ratios within the table. Under the 

hypothesis of quasi-independence, if the observer by time measure of 

association reflects Independence then the log odds will equal zero 

(Koch, personal communication). 
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The hypothetical data in Table 5 was used to test the afore

mentioned marginal quasi-independence model. The observed frequencies 

and model based estimates of the marginals, in Table 5, were con

structed by the GENCAT II computer program. By using these marginal 

estimates a goodness of fit test for the marginal quasi-independence 

model was conducted. The weighted least squares fit for the linear 

functions produced a chi-square value of 2.4081 (degrees of freedom 13 

2, p > .05); thereby providing a good model-data fit. 

To generate expected cell frequencies for the model, it is 

recommended by Gary Koch (personal communication) that the iterative 

proportional fitting algorithm be applied to adjust the observed cell 

frequencies to agree with the fitted margins produced by the GENCAT II 

analysis. If this procedure is applied the zero cell frequencies in 

the contingency table should be changed to 0.5. G. Koch also suggested 

that if a researcher encounters a zero marginal value the investigator 

should eliminate the row or column which is involved from consideration 

and analyze the table which remains. Alternatively, the researcher 

may add 1/2 to every cell and then proceed to multiply every cell by the 

original sample size divided by the original sample size plus 1/2 the 

number of cells; however, any of these strategies regarding the ways 

to handle zero marginal values would be ad hoc. 

Reliability of Criterion-Referenced 
Test Categorizations 

Since the observers' behavioral occurrence-nonoccurrence 

judgments are dichotomous codings, it is postulated that such 
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categorical data is identical to the dichotomous mastery and nomnastery 

classification decisions that are generated:,by criterion-referenced 

testing. Given a dichotomous classification system of mastery and 

nonmastery categories, it is reasonable to consider the consistency of 

mastery-nomnastery decisions from repeated test administrations as a 

reliability measure. Moreover, criterion-referenced test reliability 

may be defined as a measure of agreement 

classifications produced from repeated teE 

Various univariate and multivarlat 

to assess reliability of mastery classifications. Given the case 

where students were dichotomously categorized during two test adminis

trations would warrant constructing a 2 x 2 table, measuring the fit of 

the univariate quasi-equiprobability model, and assessing the degree of 

agreement. An assessment of student mastery of a behavioral domain 

utilizing two instruments at two points in time would justify con-

jetween mastery-nonmastery 

3t administrations, 

e models may be employed 

structing a 4 x 4 multivariate table, tes 

quasi-equiprobability model, and computin 

both points in time. More specifically, 

produced by two instruments measuring the 

create four possible response patterns (i 

the first administration of the tests. T 

the tests would also generate the same foi 

the administration of two tests at two po 

construction of a 4 x 4 multivariate table for the data analysis. 

:ing the fit of the multivariate 

; the degree of agreement at 

he mastery-nonmastery scores 

same behavioral domain would 

e., 11, 12, 21, 22) during 

le second administration of 

ir response patterns. Thus, 

Lnts in time would require the 



Criterion referenced test scores may also be 
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classified within 

polytomous categories. For example, the classification of student 

scores on two similar instruments at two points in time would create a 

multivariate design. Additionally, if the researcher divides the 

students' scores from each instrument into three categories a 9 x 9 

multivariate table would be created. 

In summary, to measure the reliability of criterion-referenced 

test classifications across repeated testings would warrant the applica

tion of the univariate and multivariate models described in the previous 

sections. By inserting the frequency of test classifications into an 

appropriate contingency table and following the identical model test

ing and degree of agreement computations presented in the previous 
| 

sections, a classification reliability measure may be produced. 

Additionally, reliability measures may be partialed out to determine the 

degree of agreement at each point in time, for specific behavioral 

categories, and for specific assessment instruments. 



CHAPTER 5 

DISCUSSION 

The present investigation developed applications of the log 

linear, latent class, and weighted least squares procedures for the 

analysis of multivariate repeated measures designs. These computations 

tested the model-data fit and calculated the multivariate measure of 

the magnitude of agreement' under the quasi-equiprobability and quasi-

independence models. 

It was demonstrated that employing log linear, latent class, 

and weighted least squares computations resulted in identical multi

variate model-data fits with equivalent chi-square values. Moreover, 
i I 

the application of these three methodologies also produced identical 

measures of the degree of agreement at each point in time for the 

multivariate average. 
| 

The present investigation also clarified the conditions for 

applying the quasi-equiprobability as well as the quasi-independence 

model. If the investigators examined observer agreement on only one 

behavioral response at two or more points in time, then the quasi-

equiprobability model was recommended. However, if the researcher was 

Investigating observer agreement on more than one behavioral response 

at two or more points in time, the the quasi-independence model was 

chosen. 

94 
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The multivariate methods that were developed also included pro

cedures for measuring the probability of agreement for a single 

response classification or subset of classifications from a larger 

set. It may also be added, to analyze occurrences of systematic 

observer disagreement within the multivariate tables, the investigator 

need only apply the systematic disagreement procedures described with

in the chapter on univariate models. 

The consistency of' criterion referenced test classifications 

over repeated assessments of the identical examinees was also 

suggested as a means of conceptualizing criterion-referenced reliability. 

By applying the univariate and multivariate models described in the 

previous chapters, the reliability of these dichotomous and polytomous 

classifications across repeated testings could be calculated. To 

accomplish this, the frequency of test classifications must be inserted 

into an appropriate table followed by the identical model testing and 

degree of agreement methods previously described. 

The procedures utilizing the log linear, latent structure, and 

weighted least squares concepts for the purpose of measuring agreement 

have the advantages of 1) yielding a coefficient of agreement that 

varies between zero and one and measures agreement in terms of the 

probability that the observers' judgments will agree, as estimated 

under a quasi-equiprobability or quasi-independence model, 2) correcting 

for the proportion of "chance" agreement, and 3) providing a directly 

lnterpretable coefficient of "no agreement". Thus, these multivariate 
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procedures may be regarded as a more refined psychometric technology 

for measuring inter-observer agreement and criterion-referenced test 

reliability. 

The multivariate agreement methodologies that were developed 

may be applied to complex intrasubject and intersubject research designs 

incorporating design facet combinations of observers, conditions, 

sessions, behaviors, and subjects. In addition, these reliability 

measurements may be applied to compute the accuracy and consistency of 

behavioral data recorded throughout a specific project or experiment. 

Although the present research developed multivariate agreement 

procedures utilizing the quasi-equiprobability and quasi-independence 

models, it may behoove behavioral researchers to investigate the 

possibility of employing other models, such as the model of symmetry, 

for measuring reliability. Finally, further research applying these 

multivariate procedures to various student classifications from 

criterion-referenced test scores is necessary to validate the multiple 

purposes of this technology. 
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