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There are several conditions for applying equal weights as an alternative to least 

squares weights. Psychometric parallelism, one of the conditions, has been suggested as 

a necessary and sufficient condition for equal-weights aggregation. The purpose of this 

study is to investigate the effect of psychometric parallelism among predictors on the 

efficiency of equal weights and least squares weights. Target correlation matrices with 

10,000 cases were simulated so that the matrices had varying degrees of psychometric 

parallelism. Five hundred samples with six ratios of observation to predictor = 5/1, 10/1, 

20/1, 30/1, 40/1, and 50/1 were drawn from each population. 

The efficiency is interpreted as the accuracy and the predictive power estimated 

by the weighting methods. The accuracy is defined by the deviation between the 

2 2 

population R and the sample R . The predictive power is referred to as the population 

cross-validated R and the population mean square error of prediction. The findings 

indicate there is no statistically significant relationship between the level of psychometric 

parallelism and the accuracy of least squares weights. In contrast, the correlation between 

the level of psychometric parallelism and the accuracy of equal weights is significantly 

negative. 



• • • • 2 Under different conditions, the minimum p value of % for testing psychometric 

parallelism among predictors is also different in order to prove equal weights more 

powerful than least squares weights. The higher the number of predictors is, the higher 

the minimum p value. The higher the ratio of observation to predictor is, the higher the 

minimum p value. The higher the magnitude of intercorrelations among predictors is, the 

lower the minimum p value. This study demonstrates that the most frequently used levels 

of significance, 0.05 and 0.01, are no longer the only p values for testing the null 

hypotheses of psychometric parallelism among predictors when replacing least squares 

weights with equal weights. 
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CHAPTER 1 

INTRODUCTION 

A pervasive and important problem in behavioral science involves the prediction 

of results for a criterion variable based on scores from a set of predictors. When 

measures are to be aggregated to form a composite measure or to predict a criterion 

variable, the question of differential weighting of the component measures arises (Wang 

& Stanley, 1970). Least squares weights, also called ordinary least squares, are most 

commonly used in weighting the predictors into a composite (McCormick & Ilgen, 

1980). In least squares weights, the sample R is derived so that the sum of the squared 

deviation scores is minimized and the prediction's accuracy is maximized for the sample 

in which the regression equation is developed (Kromrey & Hines, 1993; Vogt, 1993). 

Some difficulties with using least squares weights in prediction are: (a) they 

consume degrees of freedom in the estimation of those weights (Einhorn & Hogarth, 

1975); (b) they lead to a decrease in effectiveness when sampling procedures are poor 

(Einhorn & Hogarth, 1975); (c) they often cause a shrinkage in practical situations when 

the initial sample is small (Dorans & Drasgow, 1978; Schmidt, 1971); and (d) they can 

not perform when the criterion variable is not available (Wilks, 1938). 

A popular alternative to least squares weights is equal weights. The procedure of 

equal weights, according to Srinivasan (1977), is as follows: 

1 



(a) orient each of the k predictors such that the greater the value of a predictor 
(with values for the other predictors remaining the same), the greater will be 
the criterion; 

(b) scale each of the k predictors into standardized form (i.e., zero mean and unit 
variance); 

(c) form a single "composite predictor" by simply adding up the k predictor 
scores; 

(d) run a simple regression with the composite predictors as the only independent 
variable (aside from an intercept or constant term); 

(e) use the regression equation estimated in (d) to predict the criterion values for 
future samples, (p. 1) 

The equal weights method has a number of attractive side benefits. It is more 

convenient to administer than the least squares weights method (Muchinsky & Skilling, 

1992). It is the simplest procedure for combining a set of measurements into one 

composite measurement (Burt, 1950). It consumes a minimum of degrees of freedom in 

the estimation (Dawes & Corrigan, 1974). Equal weights are insensitive to outliers. In 

other words, non-normality in the original sample does not perturb their values in a way 

that impairs their accuracy on a validating sample (Wainer, 1976). Equal weights can be 

used even if there is no observation on the criterion variable (Cattin, 1978; Einhorn & 

Hogarth, 1975). Because of these attributes, some empirical studies have reported less 

cross-validation shrinkage with equal weights in comparison to least squares weights 

(Davis & Sauser, 1991). 

Researchers have investigated and compared the efficiency of equal weights and 

that of least squares weights under different conditions. Wilks (1938) studied the effect 

of the number of predictors and the intercorrelation among predictors on the relationship 

between these two weighting models mathematically. Einhorn and Hogarth (1975) used 



the ratio of observation to predictor, the definition of the criterion variable, and the mean 

of the intercorrelation as factors in examining equal weights for decision making. Wainer 

(1976) employed the range of the beta weights to demonstrate the robustness of equal 

weights. Zimmerman (1983) studied the effectiveness and the interaction of the mean of 

validities and the variability among validities in comparing the accuracy of equal weights, 

least squares weights, and ridge regression. According to Perloff and Persons (1988), the 

magnitude of the intercorrelation among predictors is the key in determining when to use 

equal weights instead of least squares weights. 

Paunonen and Gardner (1991) stressed that the necessary and sufficient condition 

for equal-weights aggregation is that the predictors satisfy the requirements of 

psychometric parallelism. The definition of psychometric parallelism includes two 

conditions. First, submeasures must be random samples from a population or domain of 

items producing the same true scores on the attribute being measured. Second, error 

score variables must be equal but uncorrected. If these two conditions exist, the 

observed scores will have equal expected values for their means, standard deviations, 

intercorrelations, and correlations with external variables (Lord & Novick, 1968). 

A test of psychometric parallelism among predictors proposed by Wilks (1946) is 

given by: 

D 
^ [ l + ( £ - l ) r p 2 ( l - 0 + v ] * 



where L is the likelihood ratio for testing the hypothesis that the means are equal, the 

variances are equal, and the covariances are equal, k is the number of the predictors, D is 

the determinant of the sample variance-covariance matrix of the predictors, s2 is the 

average variance of the predictors, r is the average of intercorrelations among predictors, 

and v is the variance of the predictors' means. 

For n subjects, the quantity of -n loge L is distributed approximately as x with 

(k/2)(k + 3) - 3 degrees of freedom when the null hypothesis of equal means, variances, 

and covariances for predictors is true. That is, the predictors are statistically parallel. If 

all the variables are expressed in standard-score form, then the first equation can be 

rewritten as follows because s2 is equal to 1 and v is equal to 0. 

D 

[1 + (£ - 1)F](1 - r ) A * = (2) 

The second equation is a test of the equality of intercorrelations among predictors 

(Paunonen & Gardner, 1991). The numerator of this equation is a standardized variance-

covariance matrix. A distinguishing property of a variance-covariance matrix is positive 

definiteness (Worthke, 1993). The determinant of a positive definite matrix is always 

positive (Graybill, 1961). The range of the value of L is always positive but less than or 

equal to 1 (Wilks, 1946). When all intercorrelations among predictors are not statistically 

different from one another, the degree of psychometric parallelism among them is strong. 

Namely, when L is equal or close to 1, the value of % for testing psychometric 

parallelism is small, and the probability value, p, of % is large. On the other hand, when 



there are statistical differences in the intercorrelations among predictors, the degree of 

psychometric parallelism is less. In other words, when L approaches 0, the value of % is 

large, and the p value of % is small. 

Statement of the Problem 

The problem of this study is how psychometric parallelism among predictors 

affects the efficiency of equal weights and least squares weights in estimating the 

population R with different combinations of predictors, sample size, and magnitude of 

intercorrelations among predictors. 

Purpose of the Study 

The purpose of this study is to demonstrate the effect of psychometric parallelism 

among predictors on equal weights and least squares weights by using simulated data. 

The correlation between L and the accuracy of least squares weights and the correlation 

between L and the accuracy of equal weights are examined. The predictive efficiency of 

equal weights and that of least squares weights are compared while changing the degree 

of psychometric parallelism with different combinations of predictors, sample size, and 

magnitude of intercorrelations. In addition, the difference between the predictive power 

of equal weights and that of least squares weights as a function of the p value of % is 

investigated. 

Research Questions 

To carry out the purpose of the study, the following research questions were 

formulated: 
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1. Is there any relationship between L and the accuracy of least squares weights in 

estimating the population R when there are variations in the number of predictors, 

sample size, and magnitude of intercorrelations? 

2. Is there any relationship between L and the accuracy of equal weights in 

estimating the population R when there are variations in the number of predictors, 

sample size, and magnitude of intercorrelations? 

3. At what p value of % for testing psychometric parallelism do equal weights 

become superior to or equal to least squares weights in estimating the population R when 

there are variations in the number of predictors, sample size, and magnitude of 

intercorrelations? 

Significance of the Study 

Since it has been established that equal weights sometimes yield more efficient 

predictions than those from least squares weights, the question remains as to when equal 

weights are to be preferred over least squares weights or vice versa. Although previous 

studies have examined the relative predictive accuracy of equal weights and least squares 

weights under different conditions, none have examined the effect of psychometric 

parallelism among predictors on the efficiency of equal weights as compared to least 

squares weights. Furthermore, Paunonen and Gardner (1991) have proposed that the 

necessary condition of equal weights is that the predictors satisfy the requirement of 

psychometric parallelism. However, no previous study has investigated the 

comprehensive effect of psychometric parallelism among predictors on the efficiency of 



equal weights as compared to least squares weights when the number of predictors, 

sample size, and magnitude of intercorrelations are varied. 



CHAPTER 2 

REVIEW OF THE LITERATURE 

Equal weights have been widely employed in behavioral science because they are 

more convenient to administer than least squares weights. A number of studies have 

shown that, under certain conditions, equal weights can be as efficient in predicting future 

behavior as least squares weights, and that equal weights may be better (Davis & Sauser, 

1991; Dawes & Corrigan, 1974). 

Equal Weights Versus Least Squares Weights 

Wesman and Bennett (1959) investigated the efficiency of equal weights and that 

of least squares weights in predicting the first term GPA of college freshmen by 

combining scores from the verbal, numerical, and information tests of the College 

Qualification Tests. Students from four schools were included in the study with sample 

sizes ranging from 76 to 449. Each equation of least squares weights was then cross-

validated in each of the other schools. The resulting validity coefficients did not appear 

to differ from those obtained by the use of equal weights. 

A study by Lawshe and Schucker (1959) compared the predictive efficiencies 

among four different weighting methods: standard deviation of each predictor, inverse of 

standard deviation, least squares weights, and equal weights. The performance of these 

weighting methods was compared by combining aptitude test and high school 
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achievement data to predict success of first year engineering students. The criterion for 

success was the minimum GPA required for students to continue in the school of 

engineering. Three analyses of variance were performed to test for differences between 

the predictive efficiency of the four methods at different sample sizes. It was concluded 

that least squares weights were no more efficient than equal weights with samples of less 

than 100. 

Trattner (1963) examined three methods of selecting and weighting test for a test 

battery. The test selection and weighting methods included the Wherry-Gaylord Integral 

Gross Score method, the Civil Service Commission Job Analysis Method, and the 

General Blue Collar Test Battery. The first of these involved least squares weights based 

on the correlations of tests with a criterion and intercorrelations of the test with other 

tests. The other two methods applied equal weights to the tests. All three methods were 

applied to test and performance appraisal data for journeyman employees in 12 different 

job categories. Sample sizes in these categories ranged from 130 to 250. The regression 

equations obtained from each job category were then cross-validated on a sample from a 

different job category. Again, equal weights appeared to be as effective as least squares 

weights. 

In 1978, Schmidt, Johnson, and Gugel evaluated the application of linear policy-

capturing models to the real-world decision task of graduate admission in the psychology 

department at Michigan State University during 1967-1971. Indices used as predictors of 

admission decisions were the three GRE scores (Verbal, Quantitative, and Advanced) and 
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undergraduate GPA for the junior and senior years. The results of the study indicated that 

use of equal weights of GRE scores and GPA in admission decisions could be expected to 

be at least as effective as least squares weights. 

In examining the relationship and superiority among the weighting methods for 

combining several predictors into a composite, Aamodt and Kimbrough (1985) evaluated 

four methods in their studies: critical incident, rank order, equal weights, and least 

squares weights. The results of their studies indicated that there is no significant 

difference among these four methods in terms of resistance to validity shrinkage. 

However, even though the differences were not significant, more shrinkage did occur 

when least squares weights were used than when any other method was used. 

Silverstein (1987) employed data from three standardization samples for the 

WISC-R (Wechsler Intelligence Scale for Children-Revised), the WPPSI (Wechsler 

Preschool and Primary Scale of Intelligence), and the WAIS-R (Wechsler Adult 

Intelligence Scale-Revised) to compare the validities and reliabilities of each of several 

short forms, using least squares weights and equal weights. The validities and 

reliabilities varied little from one set of weights to another, so that a strong case could be 

made for the use of equal weights, which also possess the advantages of simplicity and 

robustness. 

Recently, Muchinsky, and Skilling (1992) assessed the economic utility of five 

weighting methods (chi-square, weighted application blank, Bayes, equal weights, and 

least squares weights) for evaluating consumer loan applications. A sample of 443 
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consumer loans which had been classified as either good or bad accounts was analyzed by 

11 predictor variables. Cross-validation correlations revealed that consumer credit risk is 

highly predictable. The degrees of shrinkage between validation and cross-validation 

samples were 0.02 and 0.08 for equal weights and least squares weights, respectively. 

The proportion of hits (correct classifications) was 80.2 for equal weights, and only 72.1 

for least squares weights. Biserial correlation coefficients between the predicted status 

(accept versus reject) and actual credit risk status (good versus bad) were also computed. 

The correlation coefficients were 0.54 for equal weights and 0.44 for least squares 

weights. 

The results of these studies consistently indicated that equal weights can often be 

as efficient in prediction as least squares weights. Besides the empirical investigations, 

several researchers have employed Monte Carlo procedures to learn when equal weights 

are superior to least squares weights. 

Conditions for Equal Weights 

Theoretical arguments regarding the issue of equal weights versus least squares 

weights have been presented for over seventy years. Charters (1920), Douglass and 

Spencer (1923), West (1924), and Stalnaker (1938) have found that the correlation 

between weighted and unweighted composites usually exceeds 0.90. A theory of using 

equal weights can be traced back to Wilks's (1938) article entitled "Weighting systems for 

linear functions of correlated variables when there is no dependent variable." The theory 

of Wilks (1938) is that when all predictors are oriented in the same direction and are 
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positively intercorrelated, the correlations between any two weighted composites become 

perfect as the number of predictors approaches infinity. 

Burt (1950) showed that differential weighting may be regarded as unnecessary 

when the correlation between the weighted and unweighted assessments is significantly 

larger than the reliability coefficient for the weighted assessments. For example, if the 

reliability of the composite figures is 0.92, the correlation between these composite 

figures and those given by the unweighted average of the standardized judgments is 0.95. 

In this case, the use of differential weighting would certainly seem unnecessary. 

Lawshe and Schucker (1959) found that the more components in the composite, 

the more the weights can depart from those of the least squares solution without adversely 

disturbing the correlation between the composite and the criterion. This finding was 

similar to Wilks's(1938). 

Instead of studying the effect of the number of predictors on selection of 

weighting methods, Schmidt (1971) considered the ratio of observation to predictor. In 

simulation studies, Schmidt (1971) empirically determined the critical sample sizes (n*) 

for different numbers of the predictors (k) as varying from n* = 37 for k = 2, through n*= 

44 for k = 6, to n* = 92 for k = 10. If the sample size for a two-predictor problem is 

greater than 37, least squares weights will be expected to have higher predictive validity 

than equal weights. 

In terms of the sample size and the definition of criterion, F,inborn and Hogarth 

(1975) found that when k = 4 and n > 200 and the criterion is either well defined or 
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somewhat vague, the least squares weights are preferred. When n is between 50 and 200 

and k - 4, the equal weights model is preferred over the least squares model unless the 

squared multiple correlation is greater than 0.5 and the criterion is well defined. For 

small sample sizes (rt < 50 and k = 4), equal weights should be recommended. Whenever 

the criterion variable becomes more ambiguous, equal weights are the only reasonable 

alternative. 

In attempting to recover population regression weights from sample data, which is 

directly relevant for model testing, Dorans and Drasgow (1978) found that, with n = 30 or 

n = 60 and £=11, equal weights had a higher congruence coefficient with the population 

weights than least squares weights. Another interesting finding of theirs was that, at n = 

120, the coefficients for least squares weights and equal weights were approximately 

equal, though equal weights had the higher cross validation R2. They also found that 

equal weights superiority was less obvious when the communality of the criterion with 

predictors was low in the population and when the prespecified factor model provided 

only a moderate fit to the population covariance matrix. The results of their studies 

showed that when the sample size is small relative to the number of predictors, equal 

weights are clearly superior to least squares weights. 

Wainer (1976, 1978) did not take sample size into consideration when applying 

equal weights for prediction. Contrary to the findings of Schmidt (1971), Einhorn and 

Hogarth (1975), and Dorans and Drasgow (1978), Wainer (1976,1978) stated that equal 

weights result in very little loss of accuracy even in large samples. Thus, the use of equal 
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weights should be the rule rather than the exception for purposes of prediction. Wainer 

(1976,1978) provided a demonstration that the expected loss of variance explained when 

using equal weights (0.5) will be less than k/48 if all standardized least squares regression 

coefficients are uniformly distributed on the interval (0.25, 0.75). 

Other researchers have made several pertinent criticisms of Wainer's (1976,1978) 

conclusions and equal weights theorem. Laughlin (1978) showed that the loss in 

predictive accuracy due to the substitution of equal weights for least squares weights is 

dependent on the spread of the regression coefficients. Thus, Wainer's (1976) assumption 

that regression coefficients are uniformly distributed in the interval (0.25, 0.75) becomes 

too restrictive in practical applications. Pruzek and Frederick (1978) have also criticized 

this assumption as being highly restrictive. 

Laughlin (1978) provided a revised theorem which differs in two ways from 

Wainer's theorem. First, his theorem deals with the actual loss in predictive accuracy 

when switching k optimal weights to equal weights instead of the loss expected across all 

possible sets of k weights that are restricted to fall within some interval. Second, it 

considers the loss in relative predictive accuracy, rather than the loss in absolute accuracy 

as does the original theorem. 

According to Laughlin's (1978) revision, the loss in explained variance will be 

&<7p when replacing optimal least squares coefficients with equal weights. The formula 

can be defined: 



15 

Loss = Y $ ) - ^ - = h y l (3) 
7=1 * 

where P ; is the least squares weight of predictor j, p is the mean of the k optimal 

weights, and a p is the variance of the k optimal weights. 

When only one predictor is included in the linear model, a j = 0, there is no loss 

in explained variance. Based on Equation 3, Laughlin (1978) stressed that the loss in 

prediction for equal weights in comparison to least squares weights is not as small as 

Wainer (1978) expected. It can be regarded as serious and therefore not negligible. 

However, Laughlin (1978) concluded that, in theory, the loss in explained variance 

causes equal weights to be not as predictive as least squares weights, while in practical 

situations equal weights may be preferable due to their insensitivity to sampling error and 

their convenience. 

The intercorrelation among predictors is another major consideration in selecting 

a set of weights for prediction. Wilks (1938), Burt (1950), and Gulliksen (1950) 

indicated that the correlation between equal weights and least squares weights increases 

as the average of correlation coefficients among predictors increases. 

Einhorn and Hogarth (1975) investigated the difference between the predictive 

power of the equal weights and least squares weights. They found equal weights will be 

superior to least squares weights in certain situations, including (a) small sample size, (b) 

high intercorrelations among predictors, and (c) low coefficient of determination. That is, 



16 

equal weights will be more efficient as the average of intercorrelations among predictors 

increases. However, the assumption made by Einhorn and Hogarth (1975) was that 

intercorrelations among all predictors are equal (Keren & Newman, 1978). The 

assumption of equal intercorrelations among predictors creates a bias against least 

squares weights. Differential intercorrelations will usually provide the basis for 

suppression and will result in the superiority of least squares weights over equal weights 

under these conditions (Keren & Newman, 1978). 

According to Perloff and Persons (1988), the results of empirical studies were 

seriously biased by using the index of equal weights to explain all phenomena. Their 

point about the use of equal weights was that "when theory does not provide the weights, 

the use of arbitrarily chosen weights leads to biases in coefficient estimation, prediction, 

and hypothesis tests" (Perloff & Persons, 1988, p. 95). The appropriate weights depend 

on the question, the population, and the sample to be used. Equal weight aggregation is 

not appropriate for all studies. It is appropriate only when the component submeasures 

are believed to be repeated measures of the same phenomenon. If the measures were 

highly correlated, they may be viewed more as repeated measures than as independent 

ones (Perloff & Persons, 1988). 

The presence of a high degree of intercorrelation among predictors will increase 

the variance of least squares weights, causing them to be unstable. Under such 

conditions, the beta weights will fluctuate widely from sample to sample as a function of 

relatively minor changes in the data. Of course, this is not a problem when using equal 
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weights. Nevertheless, least squares weights and equal weights are both susceptible to 

the problem of redundancy of information (Zimmerman, 1983). 

In selecting a set of weights for prediction, according to Paunonen and Gardner 

(1991), the magnitude of the intercorrelation among predictors is not the only factor 

involved in the determination to use equal weights. They referred to classical test theory 

and showed that a necessary and sufficient condition for equal weighting in aggregation 

is that the predictors are psychometrically parallel. Variables with very small 

intercorrelations can be considered psychometrically parallel, whereas highly correlated 

variables can be nearly nonparallel (Paunonen & Gardner, 1989,1991). Equation 1 on 

page 3 proposed by Wilks (1946) is the test of psychometric parallelism among 

predictors. Equation 2 on page 4 is the same test formula when the variables are 

expressed in standard-score form. 

Paunonen and Gardner (1991) tested the psychometric parallelism of predictors by 

applying two examples of four predictor variables in standard Z score form with n = 100 

for each example. The results of their studies revealed that nonparallel predictors can be 

highly correlated, whereas parallel predictors can be nearly orthogonal. The magnitude 

of the intercorrelations among predictors is irrelevant to the determination of their 

parallelism (Paunonen & Gardner, 1991). Namely, the magnitude of intercorrelations 

among predictors is not the only factor involved in the determination to use equal 

weights. 
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Measures of Predictive Power 

There are three mean square errors that must be distinguished: (a) sample mean 

square error, (b) population mean square error, and (c) population mean square error of 

prediction (Darlington, 1968). Darlington (1968) stated: 

The smallest, and normally the easiest to observe, is the sample mean square error 
of the equation developed in that same sample. The second and next smallest is 
the population mean square error of the equation developed in the entire 
population; this equals the expected mean square error of that equation in any 
random sample. The third and largest is the mean square error of a sample 
regression equation in the population, which equals the expected mean square 
error of such an equation in a cross-validation sample, (p. 173) 

Also, there are three R ' s which correspond to these three mean square errors: (a) 

sample R2, (b) population R2, and (c) population cross-validated R2. Population R2 is the 

R produced in the population by the true population weights. Population cross-validated 

R is the correlation produced in the population by the regression estimated weights 

(Darlington, 1968). 

Two popular measures of predictive power are the population mean square error 

of prediction and the population cross-validated R2 (Cattin, 1978,1980). There are two 

approaches to estimate the predictive power of a regression model: a cross-validation 

procedure and a formula (Cattin, 1980). Both the population mean square error of 

prediction and the population cross-validated R can be estimated by applying a cross-

validation procedure or a formula (Cattin, 1980). 

A cross validation procedure is a method for estimating the degree of shrinkage in 

regression (Mosier, 1951). This procedure is done by using two samples. For the first 
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sample a regular regression analysis is performed, and the regression equation is 

calculated. The regression equation is then applied to the predictor variables of the 

second sample, thus yielding a predicted score for each subject. Then, the predicted 

scores are correlated with the observed scores. The first sample is referred to as the 

screening sample, and the second as the calibration sample (Lord & Novick, 1968). The 

• 2 2 difference between R of the screening sample and R of the calibration sample is an 

estimate of shrinkage. If the shrinkage is small and the R is considered meaningful, the 

regression equation obtained in the screening sample may be applied to future predictions 

(Pedhazur, 1982). 

Although cross validation comes close to comparing the predictive validities of 

least squares weights and equal weights, cross validations are usually applied to only a 

single, usually small sample. This means that the achieved cross validities are unbiased 

but inaccurate estimates of the respective predictive validities. Consequently, any 

comparisons of equal weights and least squares weights based on cross validities are also 

unbiased but inaccurate (Srinivasan 1977). The problem was to an extent minimized by 

Perloff (1951) who performed multiple cross validations and compared equal weights and 

least squares weights in terms of the mean of several cross validations. The results of his 

studies indicated that least squares weights performed more effectively for large samples 

(n = 250) and equal weights were better for small samples (n = 50). 
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In order to avoid the inaccuracy problem with finite sample cross validation 

studies, Schmidt (1971) proposed a scheme in which the mean superiority of least squares 

weights over equal weights is given by: 

A = E[Ep(V)-p(l)] (4) 

where A is the average of the mean superiority of sample least squares weights over equal 

weights for a given condition, p is the regression weight computed on a sample from the 

population, p( P) is the distribution of population correlation coefficients produced by 

sets of estimated regression weights computed from a number of samples, Ep( (3) is the 

expected value of that distribution, and p(l) is the population correlation when equal 

weights are applied. Negative values of A indicate that equal weights are superior to least 

squares weights (Schmidt, 1971). 

The procedure for the simulation involved the use of 100 sample correlation 

matrices for different values of n and k from which the p( P ) distribution was obtained. 

This process was repeated for values of n = 25, 50, 75,100,150,200, 500, and 1000 and 

values of k = 2,4, 6, 8, and 10. For each n level within each population correlation 

matrix, the difference between Ep( (3) and p(l) was computed, with each Ep( p ) being 

A 

based on 100 values of p( p). The conclusion of Schmidt's study (1971) was similar to 

Perloffs (1951): for small samples equal weights were better, while for large samples 

least squares weights performed more effectively. 
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The other way to estimate the predictive power of a regression model is a formula. 

A number of formulas have been derived for estimating the population mean square error 

of prediction and the population cross-validated R2 (Cattin, 1978,1980). In order to 

estimate both the population mean square error of prediction and the population cross-

2 2 validated R , the sample mean square error and the sample R should be determined first. 

Let Yt be an observation on a criterion variable, Y, and k predictor variables. The 

sample mean square error represented by 5 is : 

* 2 = - £ « - i ; ) 2 (5) 
" w 

where Yt is the regression estimate of observation i. An unbiased estimator of the 

population mean square error presented by Graybill (1961) is given by: 

~ 2 n
 2 

CT = -—-s (6) 
n — k — 1 

where a 2 is the population mean square error. In Equation 6, the predictors can be either 

fixed or random and s can be computed by using Equation 5. 

An unbiased estimator of the population mean square error of prediction presented 

by Srinivasan (1977) is given by: 

T T 5 ( 7 ) 

n — k — 1 

where a 2
cf is the population mean square error of prediction when predictor variables are 

fixed. Another unbiased estimator of the population mean square error of prediction 

presented by Browne (1975a) is as follows: 
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. 2 (n - 2 )(n + 1) 2 
a : = - - - jr (8) 

er (?i-k-2)(n-k-l) 

where a ]r is the population mean square error of prediction when both criterion and 

predictor variables are random and normally distributed. 

The formula for the sample R2 is: 

i w - r , ? 
(9) 

(=1 

where Y is the sample mean of the observations on the criterion variable (Pedhazur, 

1982). The most common estimator of the population R2, adjusted R2, which is proposed 

by Ezekiel (1930), is given by: 

^ - ( - ^ X i - s 2 ) (io) 
n-k-1 

where p2 is the estimated population R2. In Equation 10, the predictors can be either 

fixed or random and R can be computed by using Equation 9. So far, this is the best 

method which gives unbiased estimates of the population R for 93% of the varying 

conditions of R , sample size, and number of predictors (Graham, 1994). In the recent 

literature, Ezekiel's (1930) formula has been mistakenly cited as Wherry's formula. The 

Wherry formula (1931) for the population R is as follows: 

p i = ( i o 
n-k 
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Huberty and Mourad (1980) stressed that the Wherry's formula is less preferred than 

Ezekiel's as an estimator for the population R . 

In a real-life situation, the population regression equation is seldom known, so 

how effective the sample regression equation in subsequent samples is has been a major 

concern of researchers. The square sample cross-validity (R*) is one measure of this 

effectiveness. This estimate will vary from one cross-validation sample to another, but 

the average of R] will be approximately equal to the population R2 (Schmitt, Coyle, & 

Rauschenberger, 1977). 

Several estimators of the population cross-validated R have been proposed. In 

the random case, the least biased of the estimators is Browne's (1975b): 

p ' P 1 + P ' ( 1 2 ) 

cr (n-2k-2)p2+k K ) 

where pcr is the population cross-validated R when both criterion and predictor 

variables are random and normally distributed, p2 is the population R2 which can be 

estimated by using Equation 10, and p4 is the square of p2. Rozeboom (1978) simplified 

Equation 12 by using n instead of (n - k - 2) when predictor variables are fixed. The 

resulting equation is: 

2 (n-l)p4+p2 

Pc/ = 7 — y z - 2 — r (1 3) 
(n- k) p + k 

^ 2 2 where pcf is the population cross-validated R when predictor variables are fixed. 
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Hagerty and Srinivasan (1991) stressed that "mean square error of prediction is 

used as the criterion for determining which of two multiple regression models is more 

predictive" (p. 77). Srinivasan (1977) compared the mean square error of prediction of 

least squares weights to that of equal weights in fixed cases. He derived an unbiased 

estimator of the population mean square error of prediction for both least squares weights 

and equal weights. He applied the ratio between the mean square errors of prediction 

from least squares weights and equal weights as a function of the number of predictors 

and of the two population i? 's to obtain the critical sample size required for least squares 

weights to be more powerful (Srinivasan, 1977). 

Zimmerman (1983) was concerned with the accuracy of equal weights, least 

squares weights, and ridge regression. In his study, the accuracy was defined by 

2 2 2 shrinkage between the estimated R and population R , and between the estimated R and 

cross-validated R . The first measure indicated that the degree to which a set of estimated 

weights is useful in making inferences about the population. The second showed the 

difference of a given set of weights in making predictions for a new sample. 

The objective of this present study was to examine the effect of psychometric 

parallelism among predictors on the efficiency of equal weights and least squares 

weights. Equation 1, derived by Wilks (1946), was used to test the psychometric 

parallelism among predictors. The advantage of this formula is that it simultaneously 

covers several factors which have been considered important in prediction. That is, the 
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number of predictors, sample size, mean of intercorrelations among predictors, and the 

determinant of the correlation matrix for predictors have been included in the formula. 

Two common measures of predictive power are the population mean square error 

2 

of prediction (Srinivasan, 1977) and the population cross-validated R (Cattin, 1980). 

Both the population mean square error of prediction and the population cross-validated R 

can be estimated using a cross-validation procedure or one of several formulas (Cattin, 

1980). 

A cross-validation procedure requires that the available observations be split into 

two samples. One is for estimation and the other is for validation. The mean square error 

or the correlation between the actual and predicted values of the criterion variable are 

computed in the validation sample. On the other hand, a formula that requires only the 

regression results obtained with an estimation sample is much more convenient. In an 

estimating formula all available observations can be used at once in the estimation. More 

importantly, the formula is more precise than the cross-validation procedure (Cattin, 

1978,1980). 

This present study assumed that both criterion and predictor variables are random 

and normally distributed. There are two reasons for maintaining this assumption. First, 

assuming that predictors are fixed is a questionable assumption in the common real-life 

studies (Srinivasan, 1977). Burket (1964) stressed that a study based on a random and 

multivariate normal population is more appropriate than the fixed predictor model for 

most behavioral science data. Second, the definition of psychometric parallelism is that 
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predictors are considered random samples from a population of predictors (Lord & 

Novick, 1968). 

It is well known that the mean square error of a population regression equation 

can be applied to obtain the coefficient of correlation between the regression equation and 

the criterion variable. However, when the mean square error of a sample regression 

equation is computed in a cross-validation sample or in the population as a whole, an 

unbiased estimator of the population mean square error of prediction cannot exactly 

determine the unbiased estimator of the population cross-validated R . Darlington (1968) 

stated: 

This is because two regression equations can have different mean square errors 
yet correlate equally with the criterion variable. Suppose that two sample 
regression equations are based on the same predictor variables, and that the 
weights within the first equation have exactly the same relative sizes as the 
weights within the second. Then the two equations will correlate equally with the 
criterion variable. But if the actual sizes of the weights, or the size of the additive 
constant a, differ between the two equations, then the two equations will have 
different mean square errors in the population or in a cross-validation sample, (p. 
174) 

Since the population mean square error of prediction can not be exactly translated into an 

2 
estimator of the population cross-validated R , both of these two measures of predictive 

power were applied to this present study. 



CHAPTER 3 

METHODOLOGY 

The purpose of this study is to determine the effect of psychometric parallelism 

among predictors on the efficiency of equal weights as compared to that of least squares 

weights under different combinations of predictors, sample size, and magnitude of 

intercorrelations among predictors. In this study, the efficiency is interpreted as the 

accuracy and the predictive power estimated by the weighting methods. The accuracy 

and the predictive power of equal weights and least squares weights are described below. 

Evaluative Criteria 

2 2 

The accuracy is defined by the deviation of the sample R from the population R . 

The deviations for both least squares weights and equal weights, denoted dx and d2, are 

calculated as follows: 
rf. = l p 2 - ^ l (14) 

d2=\p2-R2,.\ (15) 

2 2 2 2 where p is the population R , Rls is the sample R estimated by least squares weights, 

1 2 and Rew is the sample R estimated by equal weights. 

In reality, Rfs is usually overestimated and R2
ew is usually underestimated relative 

2 2 2 to the level of p . Therefore, dx and d2 indicate the real deviation between R and p for 

27 
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2 

each weighting method respectively. When dx is zero, least squares weights estimate p 

perfectly. The larger the value of dh the less accurately least squares weights perform. 

The same consideration can be applied to d2 for equal weights. 

The difference between dx and d2, denoted d3, is calculated as follows: 

d3
 = di - d\ (16) 

Unlike dx and d2, d3 can have either a positive value, a negative value, or 0. A positive d2 

means that least squares weights perform more accurately than equal weights because the 
2 2 2 2 deviation between Rew and p is larger than that between Rls and p . On the other hand, 

when d3 is negative, equal weights perform more accurately than least squares weights 

2 2. 2 2 because the deviation between Rew and p is smaller than that between Rls and p . Both 

weighting methods perform equally if d3 is 0. 

The p must be known while applying du d2, and d3 for measuring the accuracy of 

these weighting methods. If p is unknown, dx, d2, and d3 are not applicable. As 

described in Chapter 2, two common measures of predictive power are the population 

cross-validated R and the population mean square error of prediction. Both of these 

measures can be estimated with corresponding formulas when p is unknown. The 

estimator of the estimated population cross-validated R in the random case has been 

described in Equation 12 on page 23: 

>2 (n — k — 3)p4 + p2 

Pc 
(n — 2k — 2)p + k 



29 

The difference between the estimated population cross-validated R for equal weights and 

that for least squares weights, denoted d4, is calculated as follows: 

<*4=pL - P L (17) 

where p2
cew is the estimated population cross-validated i?2 for equal weights and p2

cls is 

the estimated population cross-validated R for least squares weights in the random case. 

The estimator of the estimated population mean square error of prediction in the 

random case has been discussed in Equation 8 on page 22: 

S 2 0 - 2 ) 0 + 1) 

(n-k-2)(n-k -1) 

The difference between the estimated population mean square error of prediction for 

equal weights and that for least squares weights, denoted as d5, is formulated as follows: 

d5=62
cew-S2

cls (18) 

where 6 2
cew and <r 2

cls are the estimated population mean square error of prediction for 

equal weights and least squares weights, respectively. 

Both d4 and d5 can be considered indicators for comparing the predictive power of 

equal weights and least squares weights. Positive values of d4 indicate that equal weights 

perform more powerfully than least squares weights since p2
cew is higher than p2

cls. In 

contrast, least squares weights are more powerful than equal weights when d4 is negative. 

The similar consideration can be applied to ds. When d5 is negative, equal weights 

perform more powerfully than least squares weights since a 2
cew is less than CT 2

cls. 
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Based both on the research questions and the evaluative criteria, the possible 

approaches to these situations lead to the selection of a Monte Carlo procedure. The 

advantage of a Monte Carlo approach is that it allows the exact determination or very 

accurate estimation for any given sample size (n), number of predictors (k), the validities 

(ryi) between the criterion variable and each predictor, and the mean (r ) of 

intercorrelations among predictors. In addition, a Monte Carlo approach works with a 

multivariate normal population. 

Method of the Monte Carlo Framework 

A Monte Carlo framework was employed to assess the efficiency of equal weights 

and least squares weights while changing the degree of psychometric parallelism among 

predictors. Using the Interactive Matrix Language (IML) procedure within the Statistical 

Analysis System (SAS/IML, 1988), 10,000 cases were generated so that the data were 

multivariate normal with a mean equal to zero and a standard deviation equal to one. 

The first step in the generation of the random data was to specify a correlation 

matrix for the criterion and predictor variables. Ten thousand cases were generated with 

the variables normally distributed. Simulations were then performed on matrices with 

prescribed correlations in an attempt to obtain matrices where the mean of 

intercorrelations (r ) was 0.2, 0.4, or 0.6. The number of predictors (k) was 3, 5, or 7. 

The validities (ryi) between the criterion variable and each of the predictors were 0.3 for 

each population. Correlations of about 0.3 between the criterion and predictor variables 

are typical across a wide range of empirical studies (Fiske, 1978; Mischel, 1968; 



31 

Paunonen & Gardner, 1989). The nine main populations with different numbers of 

predictors, mean of intercorrelations, and the same validities are provided in Table 1. 

Table 1 

The Characteristics of the Nine Main Populations 

Population k r ry 
1 3 .2 .3 .3 .3 

2 3 .4 .3 .3 .3 

3 3 .6 .3 .3 .3 

4 5 .2 .3 .3 .3 .3 .3 

5 5 .4 .3 .3 .3 .3 .3 

6 5 .6 .3 .3 .3 .3 .3 

7 7 .2 .3 .3 .3 .3 .3 .3 .3 

8 7 .4 .3 .3 .3 .3 .3 .3 .3 

9 7 .6 .3 .3 .3 .3 .3 .3 .3 

These intercorrelations were selected in the study because Schmitt et al. (1977) 

stressed that "the levels of independent variables appeared to be reasonable in light of 

empirical research (Ghiselli, 1966,1973) and the levels of intercorrelations and validities 

typically reported for test batteries" (p. 753). In addition, the correlations between the 

criterion variable and each predictor should be the same according to the definition of 

psychometric parallelism (Paunonen, & Gardner, 1991). 

For each of the nine populations, ten varying patterns with different correlation 

matrices but the same mean of intercorrelation were designed in an attempt to obtain 

matrices where all intercorrelations were from relatively unequal to perfectly equal. For 
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the k = 3 and r = 0.2 population, three intercorrelations among the predictors were set at 

0.02, 0.2, and 0.38 and labeled Pattern 1. In Pattern 2, the intercorrelation of 0.02 was 

increased to 0.04, the intercorrelation of 0.2 stayed the same, and the intercorrelation of 

0.38 was dropped to 0.36. This procedure was repeated, for the following patterns, up to 

Pattern 10. In other words, one of these three intercorrelations was increased from 0.02 

to 0.2 with increments of 0.02 from Patterns 1 through 10. The second one was 0.2 for 

all ten patterns. The last one was decreased from 0.38 to 0.2 with decrements of 0.02 for 

each separate simulation. 

For the k=3 and r = 0.4 population, three intercorrelations among the predictors 

were set at 0.22, 0.4, and 0.58 in Pattern 1. In Pattern 2, the intercorrelation of 0.22 was 

increased to 0.24, the intercorrelation of 0.4 was still the same, and the intercorrelation of 

0.58 was decreased to 0.56. That is, one intercorrelation was increased from 0.22 to 0.4 

with increments of 0.02 from Patterns 1 through 10. One of them was 0.4 for all ten 

patterns. The last one was dropped from 0.58 to 0.4 with decrements of 0.02 for each 

separate simulation. 

For the k = 3 and r = 0.6 population, three intercorrelations among the predictors 

were set at 0.42, 0.6, and 0.78 in Pattern 1. In Pattern 2, the intercorrelation of 0.42 was 

increased to 0.44, another intercorrelation was still 0.6, and the last one was decreased 

from 0.78 to 0.76. Namely, one of the intercorrelations was increased from 0.42 to 0.6 

with increments of 0.02 from Patterns 1 through 10. One of them was 0.6 for all ten 

patterns. The third intercorrelation was decreased from 0.78 to 0.6 with decrements of 



0.02 for each separate simulation. The ten different patterns for each mean of 

intercorrelations with k = 3 are listed in Table 2. 
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Table 2 

Ten Patterns of the Intercorrelations for k — 3 and F =0.2, 0.4, and 0.6 

Pattern F = 0.2 F = 0.4 F = 0.6 Interval Range 

1 .02 .20 .38 .22 .40 .58 .42 .60 .78 .18 .36 

2 .04 .20 .36 .24 .40 .56 .44 .60 .76 .16 .32 

3 .06 .20 .34 .26 .40 .54 .46 .60 .74 .14 .28 

4 .08 .20 .32 .28 .40 .52 .48 .60 .72 .12 .24 

5 .10 .20 .30 .30 .40 .50 .50 .60 .70 .10 .20 

6 .12 .20 .28 .32 .40 .48 .52 .60 .68 .08 .16 

7 .14 .20 .26 .34 .40 .46 .54 .60 .66 .06 .12 

8 .16 .20 .24 .36 .40 .44 .56 .60 .64 .04 .08 

9 .18 .20 .22 .38 .40 .42 .58 .60 .62 .02 .04 

10 .20 .20 .20 .40 .40 .40 .60 .60 .60 .00 .00 

The numbers in the last two columns in Table 2 depict the intervals and ranges 

among the intercorrelations for each pattern. Across the different means of 

intercorrelations, the intervals and the ranges are identical in the same pattern. For 

example, the range in Pattern 1 for F = 0.2, 0.4, and 0.6 is the same, 0.36 (0.38 - 0.02 for 

F = 0.2; 0.58 - 0.22 for F = 0.4; and 0.78 - 0.42 for F = 0.6). The range in Pattern 5 for 

F = 0.2, 0.4, and 0.6 is the same, 0.2 (0.3 - 0.1 for F = 0.2, 0.5 - 0.3 for F = 0.4, and 0.7 

- 0.5 for F = 0.6). In Pattern 10, the range is 0 for all three cases with different values of 

F. The higher the pattern's number is, the smaller the range. Like the ranges, the 

intervals among the intercorrelations have similar characteristics. 
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The matrices for Patterns 1, 2, and 10 with k = 3 and r = 0.2, 0.4, and 0.6 are 

listed in Tables 3,4, and 5 on page 38. All matrices in this study are (k+ 1) rows by (k + 

1) columns. The first row and the first column of the matrices represent the criterion 

variable. Throughout this study, the matrices are denoted by upper case letter M. The 

first two places in the subscript of the matrices refer to the number of predictors, the next 

two places refer to the mean of the interrelation, and the last two or three places indicate 

the pattern of the correlation matrices. 

The same consideration was applied to the k = 5 population and the k = l 

population. The number of intercorrelations among predictors is 10 for a 5-predictor 

population. For the ten patterns with r = 0.2, three of the intercorrelations were varied 

from 0.02 to 0.2 with increments of 0.02 for each pattern, four of them were 0.2 for all 

patterns, and the last three were varied from 0.38 to 0.2 with decrements of 0.02 for each 

pattern. All intercorrelations were 0.2 in Pattern 10. For the r = 0.4 patterns, three of 

the intercorrelations were varied from 0.22 to 0.4 with increments of 0.02 for each 

pattern, four of them were 0.4 for all patterns, and the last three were varied from 0.58 to 

0.4 with decrements of 0.02 for each pattern. Like the pattern with r = 0.2, all 

intercorrelations in Pattern 10 were the same, 0.4. For the r = 0.6 patterns, three of the 

intercorrelations were varied from 0.42 to 0.6 with increments of 0.02 for each pattern, 

four of them were still 0.6 for all patterns, and the last three were varied from 0.78 to 0.6 

with decrements of 0.02 for each pattern. The matrices for Patterns 1,2, and 10 with k = 

5 and r = 0.2, 0.4, and 0.6 are listed in Tables 6, 7, and 8 on page 39. 
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For a 7-predictor population, the number of intercorrelations among predictors is 

21. For the patterns with r = 0.2, seven of the intercorrelations were varied from 0.02 to 

0.2 with increments of 0.02 from Patterns 1 through 10, seven of them were 0.2 for all 

patterns, and the last seven were varied from 0.38 to 0.2 with decrements of 0.02 for each 

pattern. For the patterns with r = 0.4, seven of the intercorrelations were varied from 

0.22 to 0.4 with increments of 0.02 for each pattern, seven of them were 0.4 for all 

patterns, and the last seven were varied from 0.58 to 0.4 with decrements of 0.02 for each 

pattern. For the r = 0.6 patterns, seven of the intercorrelations were varied from 0.42 to 

0.6 with increments of 0.02 from Patterns 1 to 10, seven of them were 0.6 for all patterns, 

and the last seven were varied from 0.78 to 0.6 with decrements of 0.02 for each pattern. 

All the 21 intercorrelations were the same, 0.6, in the last pattern. The matrices for 

Patterns 1, 2, and 10 with k-1 and r = 0.2,0.4, and 0.6 are provided in Tables 9 

through 11 on page 40. 

A total of 90 populations with different characteristics was included: 3 (number of 

predictors) by 3 (mean of intercorrelations) by 10 (matrix pattern). For each of the 90 

populations, six ratios of sample size (n) to predictors (k) were considered. They were 

5/1,10/1,20/1, 30/1,40/1, and 50/1. That is, n was 15, 30, 60, 90, 120, and 150 for k = 

3; 25, 50,100,150,200, and 250 for k = 5; and 35, 70,140, 210,280, and 350 for k=l. 

A total of 54 combinations was developed: 3 (number of predictors) by 3 (mean of 

intercorrelation) by 6 (ratio of n/k). Therefore, a total of 540 data sets was involved: 
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54 (combinations) by 10 (patterns). Five hundred independent random samples were 

extracted from each of the 540 data sets. 

Question 1: Is there any relationship between L and the accuracy of least squares 

weights in estimating p when there are variations in the number of predictors, sample 

size, and magnitude of intercorrelations? The L, as described in Chapter 1, is the 

likelihood ratio for testing the null hypothesis that predictors are psychometrically 

parallel. For each of the 540 data sets, the estimated value of L, denoted by L, was 

computed based on 500 sample values of L with Equation 2 on page 4. The estimated 

value of dx, denoted by dx, was computed for each data set with Equation 14 on page 27. 

A A 

The correlation between L and d1 was computed for each of the 54 combinations of k, 

n/k, and r by using the Pearson product-moment method. 

Question 2: Is there any relationship between L and the accuracy of equal weights 

in estimating p when there are variations in the number of predictors, sample size, and 

magnitude of intercorrelation? Similar to Question 1, the estimated value of d2, denoted 

by d2, for each data set was calculated with Equation 15 on page 27. The correlation 

A /V 

between L and d2 was computed for each combination of k, n/k, and r . 

Question 3: At what p value of %2 for testing psychometric parallelism do equal 

weights become superior or equal to least squares weights in estimating p when there are 

variations in the number of predictors, sample size, and magnitude of intercorrelations? 

To find the answer to Question 3, the estimated value of d3, d3, was counted as 1 for 
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equal weights when it was negative or 0. In other words, it was counted as 1 for equal 

weights when they performed more accurately than or as well as least squares weights 

did. It was counted as 1 for least squares weights when d3 was positive. The counts for 

both equal weights and least squares weights were cumulated for each of the 540 

analyses. In each analysis, the sum of these two cumulated frequencies was 500 since 

500 independent random samples were extracted from each data set. The % goodness of 

fit test was performed with the observed cumulated frequencies for each analysis. 

For each analysis, the estimated values of d4 and d5, d4 and d5, were computed 

^ 2 
with Equations 17 and 18 on page 29. In addition, p of % for testing the psychometric 

parallelism among predictors was computed with the formula of -n loge L and the degrees 

of freedom of (k/2)(k + 3) - 3 (Wilks 1946). A single regression model was implemented 

by taking dA as a criterion variable and p as a predictor for each of the 54 combinations 

of k, k/n, and r . Thirteen predicted values of d4 were calculated based on p =0.001, 

0.01, 0.05, 0.1, then 0.2, and so on up to 1.0. Within these, d4 was plotted as a function 

of p for the different combinations of k, k/n, and r . The same consideration was applied 

to d5 for comparing the estimated population mean square error of prediction of equal 

weights and that of least squares weights. 



Table 3 

The Matrices for Patterns 1, 2, and 10 with k = 3 and r = 0.2 
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Mk3r2p\ Mk3r2p2 Mk3r2pI0 

1 .30 .30 .30 1 .30 .30 .30 1 .30 .30 .30 
.30 1 .02 .20 .30 1 .04 .20 .30 1 .20 .20 
.30 .02 1 .38 .30 .04 1 .36 .30 .20 1 .20 
.30 .20 .38 1 .30 .20 .36 1 .30 .20 .20 1 

Table 4 

The Matrices for Patterns 1, 2, and 10 with k = 3 and r =0.4 

Mk3r4p\ Mk3r4p2 Mk3r4pl0 

1 .30 .30 .30 1 .30 .30 .30 1 .30 .30 .30 
.30 1 .22 .40 .30 1 .24 .40 .30 1 .40 .40 
.30 .22 1 .58 .30 .24 1 .56 .30 .40 1 .40 
.30 .40 .58 1 .30 .40 .56 1 .30 .40 .40 1 

Table 5 

The Matrices for Patterns 1, 2, and 10 with k = 3 and r =0.6 

Mk3r6p\ Mk3r6p2 k3r6pl0 

1 .30 .30 .30 1 .30 .30 .30 1 .30 .30 .30 
.30 1 .42 .60 .30 1 .44 .60 .30 1 .60 .60 
.30 .42 1 .78 .30 .44 1 .76 .30 .60 1 .60 
.30 .60 .78 1 .30 .60 .76 1 .30 .60 .60 1 
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Table 6 

The Matrices for Patterns 1, 2, and 10 with k = 5 and r = 0.2 

Mk5r2p\ Mk5r2p2 Mk5r2pl0 

1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 
.30 1 .02 .02 .02 .20 .30 1 .04 .04 .04 .20 .30 1 .20 .20 .20 .20 
.30 .02 1 .20 .20 .20 .30 .04 1 .20 .20 .20 .30 .20 1 .20 .20 .20 
.30 .02 .20 1 .38 .38 .30 .04 .20 1 .36 .36 .30 .20 .20 1 .20 .20 
.30 .02 .20 .38 1 .38 .30 .04 .20 .36 1 .36 .30 .20 .20 .20 1 .20 
.30 .20 .20 .38 .38 1 .30 .20 .20 .36 .36 1 .30 .20 .20 .20 .20 1 

Table 7 

The Matrices for Patterns 1, 2, and 10 with k = 5 and r =0.4 

Mk5r4p\ Mk5r4p2 Mk5r4pl0 

1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 
.30 1 .22 .22 .22 .40 .30 1 .24 .24 .24 .40 .30 1 .40 .40 .40 .40 
.30 .22 1 .40 .40 .40 .30 .24 1 .40 .40 .40 .30 .40 1 .40 .40 .40 
.30 .22 .40 1 .58 .58 .30 .24 .40 1 .56 .56 .30 .40 .40 1 .40 .40 
.30 .22 .40 .58 1 .58 .30 .24 .40 .56 1 .56 .30 .40 .40 .40 1 .40 
.30 .40 .40 .58 .58 1 .30 .40 .40 .56 .56 1 .30 .40 .40 .40 .40 1 

Table 8 

The Matrices for Patterns 1, 2, and 10 with k = 5 and r = 0.6 

Mk5r6p\ Mk5r6p2 Mh5r6pl0 

1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 
.30 1 .42 .42 .42 .60 .30 1 .44 .44 .44 .60 .30 1 .60 .60 .60 .60 
.30 .42 1 .60 .60 .60 .30 .44 1 .60 .60 .60 .30 .60 1 .60 .60 .60 
.30 .42 .60 1 .78 .78 .30 .44 .60 1 .76 .76 .30 .60 .60 1 .60 .60 
.30 .42 .60 .78 1 .78 .30 .44 .60 .76 1 .76 .30 .60 .60 .60 1 .60 
.30 .60 .60 .78 .78 1 .30 .60 .60 .76 .76 1 .30 .60 .60 .60 .60 1 
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Table 9 

The Matrices for Patterns 1, 2, and 10 with k= 7 and r = 0.2 

klr2p\ Mkir2p2 M\lr2pl0 

1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 
.30 1 .02 .02 .02 .02 .02 .02 .30 1 .04 .04 .04 .04 .04 .04 .30 1 .20 .20 .20 .20 .20 .20 
.30 .02 1 .02 .20 .20 .20 .20 .30 .04 1 .04 .20 .20 .20 .20 .30 .20 1 .20 .20 .20 .20 .20 
.30 .02 .02 1 .20 .20 .20 .38 .30 .04 .04 1 .20 .20 .20 .36 .30 .20 .20 1 .20 .20 .20 .20 
.30 .02 .20 .20 1 .38 .38 .38 .30 .04 .20 .20 1 .36 .36 .36 .30 .20 .20 .20 1 .20 .20 .20 
.30 .02 .20 .20 .38 1 .38 .38 .30 .04 .20 .20 .36 1 .36 .36 .30 .20 .20 .20 .20 1 .20 .20 
.30 .02 .20 .20 .38 .38 1 .38 .30 .04 .20 .20 .36 .36 1 .36 .30 .20 .20 .20 .20 .20 1 .20 
.30 .02 .20 .38 .38 .38 .38 1 .30 .04 .20 .36 .36 .36 .36 1 .30 .20 .20 .20 .20 .20 .20 1 

Table 10 

The Matrices for Patterns 1, 2, and 10 with k = 7 and r = 0.4 

^klr4p 1 Mklr4p2 ^klr4p!0 

1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 
.30 1 .22 .22 .22 .22 .22 .22 .30 1 .24 .24 .24 .24 .24 .24 .30 1 .40 .40 .40 .40 .40 .40 
.30 .22 1 .22 .40 .40 .40 .40 .30 .24 1 .24 .40 .40 .40 .40 .30 .40 1 .40 .40 .40 .40 .40 
.30 .22 .22 1 .40 .40 .40 .58 .30 .24 .24 1 .40 .40 .40 .56 .30 .40 .40 1 .40 .40 .40 .40 
.30 .22 .40 .40 1 .58 .58 .58 .30 .24 .40 .40 1 .56 .56 .56 .30 .40 .40 .40 1 .40 .40 .40 
.30 .22 .40 .40 .58 1 .58 .58 .30 .24 .40 .40 .56 1 .56 .56 .30 .40 .40 .40 .40 1 .40 .40 
.30 .22 .40 .40 .58 .58 1 .58 .30 .24 .40 .40 .56 .56 1 .56 .30 .40 .40 .40 .40 .40 1 .40 
.30 .22 .40 .58 .58 .58 .58 1 .30 .24 .40 .56 .56 .56 .56 1 .30 .40 .40 .40 .40 .40 .40 1 

Table 11 

The Matrices for Patterns 1, 2, and 10 with k = 7 and r =0.6 

Mklr6p\ Mklr6p2 Mklr6pio 

1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 1 .30 .30 .30 .30 .30 .30 .30 
.30 1 .42 .42 .42 .42 .42 .42 .30 1 .44 .44 .44 .44 .44 .44 .30 .60 .60 .60 .60 .60 .60 .60 
.30 .42 1 .42 .60 .60 .60 .60 .30 .44 1 .44 .60 .60 .60 .60 .30 .60 1 .60 .60 .60 .60 .60 
.30 .42 .42 1 .60 .60 .60 .78 .30 .44 .44 1 .60 .60 .60 .76 .30 .60 .60 1 .60 .60 .60 .60 
.30 .42 .60 .60 1 .78 .78 .78 .30 .44 .60 .60 1 .76 .76 .76 .30 .60 .60 .60 1 .60 .60 .60 
.30 .42 .60 .60 .78 1 .78 .78 .30 .44 .60 .60 .76 1 .76 .76 .30 .60 .60 .60 .60 1 .60 .60 
.30 .42 .60 .60 .78 .78 1 .78 .30 .44 .60 .60 .76 .76 1 .76 .30 .60 .60 .60 .60 .60 1 .60 
.30 .42 .60 .78 .78 .78 .78 1 .30 .44 .60 .76 .76 .76 .76 1 .30 .60 .60 .60 .60 .60 .60 1 



CHAPTER 4 

DATA ANALYSIS AND FINDINGS 

This study was undertaken to examine the effect of psychometric parallelism 

among predictors on the efficiency of equal weights and least squares weights in 

estimating the population R . For answering Questions 1 through 3,10,000 cases were 

generated according to three numbers of predictors, three means of intercorrelations, and 

ten target patterns of correlation matrices. A total of 90 populations with different 

characteristics were included: 3 (number of predictor) by 3 (mean of intercorrelations) by 

10 (matrix pattern). Each matrix was simulated to have variables with means equal to 

zero and standard deviations equal to one. The L, R2, and beta weights for each of the 90 

simulated populations are summarized in Tables 17 through 19 in Appendix B. Five 

hundred samples with the ratios of n/k = 5/1,10/1,20/1, 30/1, 40/1, and 50/1 were drawn 

from each population. Therefore, a total of 540 data sets was involved: 90 (population) 

by 6 (ratio of n/k). 

Analysis of Psychometric Parallelism 

The L for each of the 540 data sets is shown in Tables 20 through 22 in Appendix 

C. These numbers represent the likelihood ratios of the psychometric parallelism among 

predictors for samples with the different combinations of k, n/k, and r . In addition, p 

41 
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2 

of x for testing psychometric parallelism among predictors for each data set is provided 

in Tables 23,24, and 25 in Appendix D. 

Investigation of Tables 20 through 22 reveals that L increases as the ratio of n/k 

increases. Across samples with different numbers of predictors, L shows a sharp 

increase from n/k = 5 to 20, where L continues increasing slightly through n/k =50. For 

each ratio of n/k, L consistently goes up from Pattern 1 to Pattern 10. The increase is 

more dramatic when k = 7 than when k = 3. For the sample with k=3, r = 0.2, and nlh = 

50, L ranges from 0.9055 to 0.9868 from Pattern 1 to Pattern 10. In the same situation 

but with k=7, L ranges from 0.6330 to 0.9400. For samples with different r , L is 

larger when r is lower. For example, in Pattern 1 with k-1 and nlk = 5, L is 0.3664, 

0.3030, and 0.1673 for samples with r = 0.2, 0.4, and 0.6, respectively. In terms of 

number of predictors, L is larger when k is smaller. In Pattern 10 with n/k = 5 and f = 

0.2, L is 0.8679, 0.6666, and 0.5272 for samples with k=3, 5, and 7, respectively. 

Examination of Tables 23,24, and 25 seems to indicate that p decreases as the 

sample size increases for most of the analyses. However, the p values in Patterns 8 

through 10 show an unstable phenomenon. In these three patterns, p does not always 

increase as n/k increases. For each ratio of n/k, p shows an ascending trend from 

Patterns 1 through 10. The increase is more obvious when the ratio of n/k is higher. For 
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samples with r = 0.2 and k = 3, p ranges from 0.7148 to 0.8497 when n/k = 5, however, 

p ranges from 0.1247 to 0.8730 when n/k =50. 

The p increases as r decreases. For samples in Pattern 1 with k= 3 and n/k = 5, 

p is 0.7148, 0.6269, and 0.3983 for r = 0.2,04, and 0.6, respectively. In terms of the 

number of predictors, p decreases as k increases. For example, in Pattern 10 with n/k = 5 

and r = 0.2, p is 0.8497,0.8075, and 0.7984 for samples with k = 3, 5, and 7, 

respectively. 

The number of the p values less than or equal to the most frequently used level of 

significance, 0.05, was counted. When k = 3, the number of the p values less than or 

equal to 0.05 is 0 for r = 0.2, 3 for r = 0.4, and 11 for r = 0.6. When k= 5, the number 

of the p values less than or equal to 0.05 is 6 for r - 0.2,11 for r = 0.4, and 21 for f = 

0.6. When k- 7, the number of the p values less than or equal to 0.05 is 16 for r = 0.2, 

20 for r = 0.4, and 29 for r = 0.6. In other words, the number of the p values less than 

or equal to 0.05 increases as k increases. The number of the p values less than or equal 

to 0.05 increases as r increases. However, these p values less than or equal to 0.05 are 

only found in Patterns 1 through 7. The p ' s in bold in Tables 23 through 25 in Appendix 

D are less than or equal to the most commonly used significance level, 0.05. 

Question 1 

Is there any relationship between L and the accuracy of least squares weights in 

estimating p when there are variations in the number of predictors, sample size, and 
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magnitude of intercorrelations? The first step to answer this question is to examine dx. 

As described in Chapter 3, dx is considered an indicator of the accuracy of least squares 

/v 2 2 

weights because dx represents the deviation between p and Rh. 

Measurement of dl 

The dx for each of the 540 data sets is arranged in Tables 26 through 28 in 

/V 

Appendix E. As shown in the tables, dx decreases as the ratio of n/k increases. Across 

the different number of predictors, dx drops sharply from nlk = 5 to 20. Then dx 

continues decreasing modestly through n/k = 50. The dx is less than 0.1 from n/k = 20 up 

to 50. For each ratio of n/k, there is no consistent trend in the change of dx from Patterns 

1 through 10. The dx decreases as k increases. In Pattern 10 with r = 0.2 and n/k = 5, 

dx is 0.1878, 0.1613, and 0.1518 for k-3, 5, and 7, respectively. 

The relationship between dx and r is quite complicated as k and nlk change. 
A 

When k= 3 or 5 and nlk = 5, dx increases as r increases in most of the patterns. In 

contrast, when k = 3 or 5 and n/k >10, dx decreases as f increases. When k = 7 and nlk 

<10, dx increases as F increases. The dx, however, decreases as r increases when k=l 

and nlk > 20. 

A A 

Correlation between L and dx 
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2 
weights in estimating p . With the use of data in Tables 20 through 22 in Appendix C 

A A 

and Tables 26 through 28 in Appendix E, the correlations between L and dl were 

computed and are summarized in Table 12. In other words, these correlations were 

computed with the means of L and the means of dx from each pattern with various 

combinations of k, n/k, and 7 . 

Table 12 

The Correlations between L and dx for Each Sample with k = 3, 5, and 7; 7 =0.2, 0.4, 

and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

k = 3 1! r^ II 

n/k ' 7 = 2 .4 .6 7 = 2 .4 .6 7=2 .4 .6 

5/1 .4132 -.6148 .1168 .0769 -.2323 -.5271 .5458 .0739 .0845 

10/1 -.1928 .3810 .1459 .2215 .5515 .4553 .2190 .6689* .0564 

20/1 -.3088 -.0790 -.0253 .0586 -.0401 -.0281 .0915 .4970 -.2839 

30/1 -.1524 -.7776** -.3145 -.1617 .4564 -.0259 .2281 .3630 .4637 

40/1 -.2465 -.0424 .3862 .3399 -.3025 .1313 -.6224 .4017 -.0402 

50/1 -.2426 -.2810 .0496 .0512 -.2161 -.3971 .5604 -.3802 -.2588 

Note. The number of paired observations = 10. 
*p< 0.05. **p< 0.01. 

A A 

As shown in the table, the directions of these 54 correlations between L and dx 

are mixed. Twenty six of them are negative and the rest of them are positive. Most of 

the correlations from samples with k= 3 and 7 = 0.2 or 0.4 are negative. However, only 

one of these negative correlations, -0.7776, is statistically significant at the 0.01 level for 

the combination of k = 3, 7 = 0.4, and n/k = 30/1. On the other hand, most of the 

correlations from samples with k-1 and 7 = 0.2 or 0.4 and samples with k = 5 and f = 
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0.2 are positive. Again, there is only one correlation, 0.6689, which is statistically 

significant at the 0.05 level for the sample with k-l,r = 0.4, and nlk =10/1. These 

findings seem to indicate that regardless of the number of k's and the magnitude of r , 

there is no correlation between the level of psychometric parallelism among predictors 

and the accuracy of least squares weights in estimating p . 

Question 2 

Is there any relationship between L and the accuracy of equal weights in 

estimating p when there are variations in the number of predictors, sample size, and 

magnitude of intercorrelations? Like dx for Question 1, d2 is an indicator of the 

^ 2 9 

accuracy of equal weights because d2 represents the deviation between p and Rew. 

Measurement of d2 
/V 

Tables 29 through 31 in Appendix F display d2 for each of the 540 data sets. 
A A 

Same as dx for least squares weights, d2 for equal weights decreases as the ratio of n/k 

increases. Except for samples with k = 3 and r = 0.2, d2 is less than 0.1 from n/k = 10 

up to 50 across all samples with different number of k's and different magnitude of r . 

The d2 drops sharply from nlk = 5 to 20, just as dx drops sharply over the same range. 

There is no consistent tendency in the change of d2 from Patterns 1 through 10 for each 

ratio of n/k when k = 3. However, when k = 5 or 7 and r = 0.2, d2 shows a modest 
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decrease as the pattern number goes up. For example, when k=7, F = 0.2, and n/k = 50, 

d2 is 0.0465, 0.0365, and 0.0340 for Patterns 1, 5, and 10, respectively. 

The d2 becomes smaller as F becomes larger. Unlike dx for least squares 

weights, d2 consistently decreases as F increases for all ratios of n/k. For example, in 

Pattern 10 with k = 3 and n/k =5, d2 is 0.1409, 0.1326, and 0.1251 for F = 0.2, 0.4, and 

0.6 , respectively. In terms of the number of predictors, d2 decreases as k increases. In 

Pattern 10 with F = 0.2 and n/k =5, d2 is 0.1409, 0.1173, and 0.1013 for k= 3, 5, and 7, 

respectively. 

/V /V 

Correlation between L and d2 

The null hypothesis developed for Question 2 is that there is no relationship 

between psychometric parallelism among predictors and the accuracy of equal weights in 

estimating p2. Table 13 displays the correlations between L and d2. Like the 

A A yv /V 

correlations between L and dx, the correlations between L and d2 were computed with 

A A 

the means of L and the means of d2 from each pattern with different combinations of k, 

/V A 

n/k, and F. Most of these correlations between L and d2 are negative although they are 

not statistically significant. Besides, the number of the negative correlation coefficients, 
/V A 

39 out of 54, is much more than that between L and dx. 

Across the different values of F, the number of negative correlation coefficients is 

13, 12, and 14 out of 18 correlations for k= 3,5, and 7 respectively. Overall, five of 
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these negative correlations are statistically significant at the 0.01 level and one is 

significant at the 0.05 level. Among these statistically significant correlations, four of 

them are found with the combinations of k = 7, r = 0.2, and n/k > 20/1; one with the 

combination of k = 3, r = 0.4, and n/k = 30/1; and one with the combination of k = 5, r 

= 0.2, and n/k= 50/1. Twelve of the correlations between L and d2 are positive, but 

none of them is statistically significant. 

Table 13 

The Correlations between L and d2 for Each Sample with k- 3, 5, and 7; r =0.2, 0.4, 

and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

n/k 

k = 3 II k = l 

n/k r = . 2 .4 .6 r = .2 .4 .6 r = .2 .4 .6 
5/1 -.1297 .3487 -.4147 .2722 .0575 -.0863 .0112 -.4641 .2801 

10/1 -.1441 .5952 -.1607 .0293 .4966 .1411 -.5571 -.1681 .3978 
20/1 -.2823 -.2161 -.0804 -.2930 -.1396 -.1164 -.8478** -.3307 -.2492 
30/1 .2018 -.7446** -.0184 -.3012 .4418 -.2645 -.7902** -.4386 .3445 
40/1 -.1482 -.0648 .5421 -.2540 -.5004 -.2676 -.8798** -.1909 -.3475 
50/1 -.1906 -.5943 .1004 -.7418* -.1502 -.5762 -.8131** -.5891 -.6173 

Note. The number of paired observations =10. 
*/?<0.05. **/?<0.01. 

Most of the correlation coefficients are not statistically significant, but the 

directions of these correlation coefficients are negative. Therefore, there may be a 

negative relationship between psychometric parallelism among predictors and the 

deviation between p and R^w. That is, the more psychometrically parallel the predictors, 

the more accurately the equal weighting method performs. 
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Question 3 

2 

At what p value of % for testing psychometric parallelism do equal weights 

become superior to or equal to least squares weights in estimating p when there are 

variations in the number of predictors, sample size, and magnitude of intercorrelations? 
As discussed in Chapter 3, d3 is considered an evaluative criterion for comparing the 

2 ^ accuracy of these two weighting methods in estimating p if it is known. However, d4 

and d5 are evaluative criteria for estimating the predictive power of these two weighting 

2 
methods regardless of the knowledge of p . 

Measurement of d3 

When d3 was negative or zero it was counted as 1 for equal weights. That is, d3 

was counted as 1 for equal weights when they performed more accurately than or as well 

as least squares weights did. On the contrary, it was counted as 1 for least squares 

weights when d3 was positive. Tables 32 through 34 in Appendix G contain the 

cumulated frequencies for equal weights and least squares weights with different 

combinations of k, n/k, and r . The frequency for equal weights is always higher than 

that for least squares weights when k = 3 regardless of the magnitude of r . Least squares 

weights show higher frequency in some cases with k = 5 or 7. When k = 5, the number 

for least squares weights having higher frequency is 6 for r = 0.2, 3 for r = 0.4, and 0 

for r = 0.6 out of the 180 comparisons. When k=l, the number for least squares weights 

having higher frequency is 14, 6, and 3 for r = 0.2, 0.4, and 0.6, respectively. 
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The frequency for equal weights' superiority decreases as n/k increases. The 

decrease tends to be more obvious when k= 7 than when k=3. For example, in Pattern 1 

with k = 3 and r = 0.2, the frequency for equal weights is 328, 302,290,269,271, and 

265 for n/k = 5/1,10/1,20/1, 30/1,40/1, and 50/1. In the same pattern and same r but 

with k = 7, the frequency for equal weights is 326,275,217,193,205, and 184 for n/k = 

5/1, 10/1,20/1, 30/1,40/1, and 50/1, respectively. 

The tendency of the frequency for equal weights' superiority is not consistent as 

the matrix pattern changes from 1 to 10 when k = 3 or 5. However, the frequency for 

equal weights' superiority does smoothly increase along with the increase of the matrix 

pattern when k= 7. In addition, the frequency for equal weights tends to decrease more 

quickly when the pattern's number is lower. For example, in Pattern 1 with k=l and r 

= 0.2, the frequency for equal weights is 326,275,217,193,205, and 184 for n/k =5/1, 

10/1,20/1, 30/1, 40/1, and 50/1, respectively. In Pattern 9 with the same k and r , the 

frequency for equal weights is 357, 318, 282, 289, 274, and 269 for n/k =5/1, 10/1, 20/1, 

30/1,40/1, and 50/1, respectively. 

Inspection of the distribution of these frequencies in Tables 33 and 34 reveals that 

those least squares weights having higher frequency than equal weights are only found in 

Patterns 1 through 5. The number of least squares weights having higher frequency than 

equal weights increases as n/k increases. When k=l and r = 0.2, the number of least 

squares weights having higher frequency than equal weights is 0, 0, 2, 3, 4, and 5 for n/k 

= 5/1, 10/1, 20/1, 30/1, 40/1, and 5/1, respectively. The bold frequencies with the 
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assorted combinations of k and r in Tables 33 and 34 in Appendix G seem to resemble 

different sizes of right-angled triangles. The lower the magnitude of f is, the longer the 

side of the triangle. In addition, the higher the number of k's is, the longer the side of the 

triangle. 

To guide the evaluation of the accuracy measures by equal weights and least 

squares weights, the % goodness of fit test was performed on the observed frequencies 

for each data set. The null hypothesis is that 50 percent of equal weights would perform 

more accurately than least squares weights in estimating p , and 50 percent of equal 

weights would not. Since the total frequency for each analysis is 500, the expected 

frequency is 250 for each weighting method. 

Across the different patterns, k, and r , all the null hypotheses are rejected when 

n/k = 5/1 or 10/1 because the observed frequencies for equal weights are much higher 

than the expected. The number of rejected null hypotheses becomes less as the ratio of 

n/k increases. From n/k = 20 to 50 most of the rejections, due to unusually high 

frequencies for equal weights, occur in the relatively high-number patterns which have 

more homogeneous intercorrelations. 

The rejection of the null hypothesis, due to unlikely high frequencies for least 

squares weights, only happens in the first several patterns with k=7, r = 0.2, and n/k 

larger than 10/1. Besides, there are some cases with k = 5, r = 0.4 or 0.6, and the 

pattern's number less than 5 in which the frequencies for least squares weights are higher 

than those for equal weights. None of them, however, is statistically significant. 
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Measurement of d4 

For one of the predictive power measures, dA, a total of 54 single regression 

models were investigated with different combinations of k, n/k, and r . The regression 

2 ^ 

constant, regression coefficient, and sample R for the model of dA regressed on p for 

each sample with different combinations are tabulated in Table 14. In the table, a refers 

to the regression constant and b refers to the regression coefficient of the models. Except 

for few cases in samples with k= 3, the regression coefficients are positive. Across the 

different number of k's, the number of R's statistically significant at alpha level of either 

0.01 or 0.05 is 12, 8, and 6 for r = 0.2,0.4, and 0.6, respectively. Regardless of the 
— 2 

magnitude of r , the number of R's statistically significant at alpha level of either 0.01 or 

0.05 is 0,12, and 14 for k = 3, 5, and 7, respectively. 

Among twelve statistically significant R2,s with k = 5, six of them are found with 
2 

r = 0.2, three with r = 0.4, and three with r = 0.6. That is, the R's of the regression 

equations derived with the combination of k = 5 and r = 0.2 are statistically significant 

regardless of the sample size. Likewise, among fourteen statistically significant R 's with 

k=l, six occur when r = 0.2, five when r = 0.4, and three when r = 0.6. Similar to the 
2 

combination of k = 5 and r = 0.2, the R's of the regression equations derived with the 

combination ofk-1 and r = 0.2 are statistically significant regardless of the sample size. 

It is important to note that more than 90 percent of the variance of d4 is accounted for by 

p for the combinations of k = 7, r = 0.2, and n/k <10. 
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Table 14 

2 A 

The Regression Constant, Regression Coefficient, and Sample R for the Model of dA 

Regressed on the p for Each Sample with k = 3, 5, and 7; r =0.2, 0.4, and 0.6; and n/k 

= 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

nlk 
r = .2 r =.4 r = .6 

nlk a b /J2 a b a b T?2 

CO
 

II 
5/1 .0152 -.0052 .0038 -.0471 .0576 .4480 -.0104 -.0063 .0129 
10/1 .0234 .0025 .0137 .0173 .0013 .0020 .0139 -.0048 .0805 
20/1 .0194 .0007 .0030 .0179 .0004 .0034 .0140 .0021 .0863 
30/1 .0106 .0027 .1592 .0123 .0024 .1465 .0110 .0029 .0428 
40/1 .0091 -.0003 .0030 .0088 .0016 .1471 .0096 .0005 .0090 
50/1 .0033 .0044 .4398 .0070 -.0017 

If — C 

.1462 .0063 -.0004 .0041 

5/1' .0227 .0424 .5122* .0317 
K j 

.0009 .0009 .0178 .0004 .0003 
10/1 .0163 .0330 .6733** .0289 .0116 .7691** .0285 .0004 .0027 
20/1 .0064 .0193 .8676** .0184 .0074 .5579* .0175 .0030 .2955 
30/1 .0010 .0178 .8054** .0088 .0082 .8101** .0084 .0112 .6530** 
40/1 -.0021 .0146 .7083** .0030 .0063 .2955 .0050 .0052 .5865** 
50/1 -.0075 .0164 .7479** .0016 .0046 

Ir— 7 

.3642 .0005 .0106 .6523** 

5/1 .0219 .0679 .9146** .0427 
K / 

.0145 .5825** .0317 .0099 .5373* 
10/1 .0071 .0499 .9615** .0315 .0154 .6607** .0300 .0111 .5684** 
20/1 -.0058 .0360 .8805** .0132 .0108 .3774* .0174 .0054 .1440 
30/1 -.0113 .0319 .7346** .0027 .0137 .4817* .0074 .0095 .4658* 
40/1 -.0186 .0326 .6177** -.0029 .0137 .5336* .0026 .0049 .0967 
50/1 -.0198 .0304 .6495** -.0084 .0085 .1535 -.0039 .0084 .1441 

Note. The number of paired observations = 10. 
*/?<0.05. **p<0.01. 

The predicted values of d4 as a function of p from 0.001 to 1.0 are organized in 

Tables 35 through 37 in Appendix H. To provide a visual inspection, the p values from 

0.001 to 1.0 and their corresponding predicted values of d4, for different combinations of 
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k and r , are presented graphically in Figures 1 through 9 on pages 59 through 67. There 

are seven lines in each figure. In addition to the six lines for representing six ratios of 

n/k, the seventh line representing d4 = 0 is labeled EW = LS. The area above the EW = 

LS line means that equal weights are more powerful in producing the cross-validated R 

than least squares weights. The area below the EW = LS line means that least squares 

weights are more powerful than equal weights. 

From Figures 1 through 3 with k=3, except for the n/k = 5 lines with r = 0.4 and 

0.6, the ratio lines are above the EW = LS line. However, the n/k = 5 line in Figure 2 

intersected the EW = LS line at p around 0.8. Again, except for the two lines of n/k = 5 

and r = 0.4 and 0.6, the ratio lines run nearly parallel with one another and slightly rise 

as p approaches 1. The higher the n/k ratio, the closer the lines are to the EW = LS line. 

Investigation of Figures 4 through 6 with k = 5 points out that d4 increases as p 

increases especially when r = 0.2. Except for the two lines of n/k = 40 and 50 with r = 

0.2, the ratio lines are above the EW = LS line. The line of n/k = 40 with r = 0.2 crosses 

the EW = LS line at p between 0.1 and 0.2. In the same figure, the line of n/k = 50 and 

the EW = LS line meet atp around 0.4. Although some ratio lines cross one another, 

most of them are still in the order: the higher the n/k ratio, the closer the lines are to the 

EW = LS line. 

Figures 7 through 9 with k=l show that d4 increases asp increases especially 

when r = 0.2 or 0.4. When f = 0.6, all six ratio lines are above the EW = LS line. 

When r = 0.2 or 0.4, half of the lines intersect the EW = LS line at certain points. The 
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intersection points between the ratio lines and the EW = LS line are different from one 

ratio to another one. In Figure 7 with r = 0.2, the intersect points between the ratio lines 

and the EW = LS line are a t p around 0.1, 0.3, 0.5, and 0.6 for n/k = 20, 30,40, and 50, 

respectively. In Figure 8 with f = 0.4, the intersection points between the ratio lines and 

the EW = LS line are a tp around 0.2 and 0.9 for n/k = 40 and 50, respectively. Like the 

ratio lines in the figures with k= 3 and 5, the ratio lines in the k = 1 figures are 

approximately parallel with one another. 

Measurement of d5 

The d5, the other indicator of predictive power, was regressed on p as a single 

regression model under different combinations of k, n/k, and r . Table 15 contains the 

regression constant, regression coefficient, and sample R of this single regression model 

for each data set. Most of these regression coefficients are negative except for six cases 

in samples with k- 3. Across the different number of k's, the number of i?2's statistically 

significant at alpha level of either 0.01 or 0.05 is 13,12, and 9 for r = 0.2, 0.4, and 0.6, 

respectively. Combining the different magnitude of r , the number of R 's statistically 

significant at alpha level of either 0.01 or 0.05 is 2,15,17 for k= 3,5, and 7, 

respectively. 

Among two statistically significant i?2's with k = 3, one is found when r = 0.2 

and n/k = 40 and the other is found when r = 0.4 and n/k = 5. Among fifteen statistically 

significant R's with k=5, six of them are found when r = 0.2, five when f = 0.4, and 
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four when r = 0.6. That is, the i?2's of the regression equations derived with the 

combination of k - 5 and r = 0.2 are statistically significant regardless of the ratio of n/k. 

Furthermore, when k = 5, r - 0.2, the percent of the variance in d5 explained by p is 

90.36, 96.70, and 94.18 for nlk= 10,20, and 30, respectively. 

Among seventeen statistically significant R2,s with k=7, six occur when r = 0.2, 

six when r = 0.4, and five when r = 0.6. The i?2's of the regression equations derived 

with the combinations of k = 7 and r = 0.2 or 0.4 are statistically significant regardless of 

the sample size. This is the same as the combination of k = 5 and f = 0.2. Besides, it is 

very important to note that more than 90 percent of the variance of d$ can be explained 

by p when k= 7, r = 0.2, nlk <10. 

The predicted values of d5 as a function of p from 0.001 to 1.0 are shown in 

Tables 38 through 40 in Appendix I. The p values and their corresponding predicted 

values of d5 are demonstrated in Figures 10 through 18 on pages 68 through 76 for the 

combinations of k and r . In a manner similar to the figures for d4, in addition to six lines 

for serving as six ratios of n/k, the seventh line representing d5 = 0 is also symbolized as 

EW = LS. The area above the EW = LS line means that least squares weights are more 

powerful than equal weights in reducing the mean square error. On the other hand, the 

area below the EW = LS line means that equal weights are more powerful than least 

squares weights. 
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Table 15 

2 A 

The Regression Constant, Regression Coefficient, and Sample R for the Model of d5 

Regressed on the p for Each Sample with k = 3, 5, and 7; r =0.2, 0.4, and 0.6; and n/k 

= 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

n/k 
r = . 2 r = A r = .6 

n/k a b R1 a b /?2 a b Z?2 

k = 3 
5/1 -.2490 .0815 .1913 -.0921 -.1388 .7084** -.2156 .0106 .0700 

10/1 -.0595 -.0103 .0708 -.0748 .0029 .0073 -.0795 .0059 .3453 

20/1 -.0313 .0025 .0515 -.0326 .0016 .0614 -.0318 -.0019 .2327 
30/1 -.0176 -.0015 .1097 -.0194 -.0011 .0719 -.0195 -.0022 .2219 

40/1 -.0122 -.0019 .5538* -.0139 -.0014 .1788 -.0147 -.0006 .0416 

50/1 -.0098 -.0012 .1828 -.0114 .0005 
h- — C 

.1772 -.0114 -.0012 .1692 

5/1' -.1145 -.0888 .7286** -.1766 
K D 

-.0354 .2431 -.1858 -.0360 .4866* 

10/1 -.0402 -.0386 .9036** -.0697 -.0142 .8650** -.0808 -.0033 .1735 

20/1 -.0160 -.0210 .9670** -.0293 -.0091 .7196** -.0341 -.0040 4044* 

30/1 -.0080 -.0177 .9418** -.0173 -.0079 .7746** -.0205 -.0060 .5717** 

40/1 -.0042 -.0144 .8552** -.0120 -.0070 .5983** -.0143 -.0055 .5845** 

50/1 -.0025 -.0131 .7106** -.0084 -.0070 
lr—1 

.5921** -.0112 -.0049 .3437 

5/1 -.0876 -.1096 .9148** -.1706 

K — / 

-.0364 .5963** -.1943 -.0293 .7005** 

10/1 -.0265 -.0549 .9808** -.0658 -.0211 .8568** -.0773 -.0166 .7909** 

20/1 -.0017 -.0401 .8953** -.0253 -.0164 .7653** -.0334 -.0105 .4791* 

30/1 .0045 -.0347 .6735** -.0127 -.0156 .6628** -.0193 -.0098 .5345* 

40/1 .0081 -.0321 .7562** -.0075 -.0147 .5631** -.0126 -.0087 .3529 

50/1 .0100 -.0309 .5675** -.0040 -.0150 .5440* -.0092 -.0082 .3782* 

Note. The number of paired observations = 10. 
*p< 0.05. ** p< 0.01. 

Figures 10 through 12 with k= 3 illustrate that all six ratio lines are below the EW 

LS line. Except for the two lines of n/k = 5 with r = 0.2 and 0.4, the ratio lines are 
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almost parallel with one another and gradually fall as p approaches 1. Nevertheless, the 

higher the n/k ratio, the closer the lines are to the EW = LS. 

Examination of Figures 13 through 15 with k = 5 indicates that d5 decreases as p 

increases. Similar to the figures with k=3, all six ratio lines are below the EW = LS line. 

The line of n/k = 50 with r = 0.2 is extremely close to the EW = LS when p is less than 

0.3. The ratios are nearly parallel and still follow the pattern: the higher the n/k ratio, the 

closer the ration lines are to the EW = LS line. However, the lines of n/k = 5 and 10 are 

further away from both the other ratio lines and the EW = LS line in each case. 

From Figures 16 through 18 with k=l,d5 decreases as p increases especially 

when r = 0.2. All six ratio lines are below the EW = LS line when r = 0.4 and 0.6. 

Three of the six ratio lines intersect the EW = LS line at different points when r = 0.2. 

The intersection points between these ratio lines and the EW = LS line are at p around 

0.1, 0.2, and 0.3 for n/k = 30,40, and 50, respectively. The line of n/k = 20 with r = 0.2 

is very close to the EW = LS when p is less than 0.1. The lines in the figures with k= 1 

show the same phenomena as the lines in the figures with k = 3 or 5. These common 

phenomena include: (a) the ratio lines are approximately parallel with one another; (b) the 

higher the ratios, the closer the lines come to the EW = LS line; and (c) the lines of n/k = 

5 and 10 are further away from the other lines and the EW = LS line. 
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Figure 1 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 3, r =0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d4 = p2
cew - p2

cls = the difference between the estimated population cross-validated if for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 
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Figure 2 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 3, r =0.4, and n/k - 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. <i4 = p2
cew - p2

cls = the difference between the estimated population cross-validated R2 for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 



61 

Figure 3 

The Plot of d4 as a Function of the p Value of y? for Difference ofPsychometric 

Parallelism for Each Sample with k — 3, r =0.6, and n/k = 5/1,10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d4 = p2
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cls = the difference between the estimated population cross-validated R1
 for 

equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 
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Figure 4 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 5, f =0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d4 = p2
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cls = the difference between the estimated population cross-validated R2for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 
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Figure 5 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k - 5, r =0.4, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d4 = p2
cew - p2

cls = the difference between the estimated population cross-validated R2 for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 
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Figure 6 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 5, r -0.6, and n/k - 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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cls = the difference between the estimated population cross-validated R2 for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
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Figure 7 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k= 7, f =0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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F i g u r e 8 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k= 7, r =0.4, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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cls = the difference between the estimated population cross-validated R2for 
equal weights and that for least squares weights. Positive values of d4 indicate that equal weights 
are superior to least squares weights. 
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Figure 9 

The Plot of d4 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 7, r =0.6, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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are superior to least squares weights. 
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Figure 10 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 3, f =0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=<J cew - a cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 
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Figure 11 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 3, r = 0.4, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Figure 12 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k~ 3, f = 0.6, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=(J cew - a cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 
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Figure 13 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 5, r = 0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Figure 14 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 5, r =0.4, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=(J cew - G cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 



73 

Figure 15 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k = 5, r =0.6, and n/k ~ 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=<J cew - a cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 
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Figure 16 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k= 7, r =0.2, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=<J cew - a cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 
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Figure 17 

The Plot of d5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k= 7, r =0.4, and n/k = 5/1, 10/1, 20/1, 30/1, 40/7, 

50/7 
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Note. d}=a cew - a ds = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 
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Figure 18 

The Plot ofd5 as a Function of the p Value of % for Difference of Psychometric 

Parallelism for Each Sample with k= 7, r =0.6, and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, 

and 50/1 
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Note. d5=o cew - a cls = the difference between the estimated population mean square error of 
prediction for equal weights and that for least squares weights. Negative values of d5 indicate 
that equal weights are superior to least squares weights. 



CHAPTER 5 

CONCLUSIONS AND RECOMMENDATIONS 

Most previous simulation studies pertaining to comparisons between equal 

weights and least squares weights assume that the intercorrelations among all predictors 

are equal such as Pattern 10 in this study. The assumption that all intercorrelations are 

equal in the simulation is not very realistic or practical. The central purpose of this study 

has been to extend the scope of the variability of intercorrelations and to investigate the 

effect of intercorrelation variability on the efficiency of equal weights and least squares 

weights in estimating the population R . These two weighting schemes were compared 

for accuracy, cross-validated R , and mean square error of prediction. 

Conclusions 

Based on the results of the study related to Question 1, only one negative 

correlation between L, the likelihood ratio of psychometric parallelism among predictors, 

2 2 

and dx the deviation between the population R and the sample R estimated by least 

squares weights, is statistically significant. This result might lead to a realizable 

conclusion - the intercorrelation variability has little effect on the accuracy of least 

squares weights in predicting the population R . It is not surprising since the 

psychometric parallelism among predictors is considered as the condition for equal 

weights not for least squares weights. 

77 
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As observed from the results of the study related to Question 2, the negative 

correlation between L and d2 is very apparent when the number of predictors is equal to 7 

and the mean of intercorrelation is equal to 0.2. The d2 is the deviation between the 

2 2 

population R and the sample R estimated by equal weights. Even though the 

correlations in other combinations are not significant, most of these correlations are 

negative. It is reasonable to conclude that the more homogeneous the intercorrelations 

among predictors, the more accurately equal weights perform. 

One of the possible explanations of the non-significant correlations is that the 

number of paired observations is too few. For each combination of different number of 

predictors, sample size, and mean of intercorrelations, the correlations between the 
• 2 2 likelihood ratio and the deviation between the population R and the sample R were 

computed with only ten means of their estimated values. The size of the sample does not 

affect the size of the correlation coefficient, but it does influence the significance testing 

(Kupfersmid, 1988; Wilkinson, 1992). 

Besides the correlations, several findings related to the effects of sample 

characteristics on the accuracy of each weighting method need to be noted for Questions 

1 and 2. First, as expected from the sampling theory, larger sample sizes yield more 

stable estimates of the population parameters. As the sample size increases, the deviation 

2 2 
between the population R and the sample R estimated by either one of these weighting 

2 

methods decreases. In other words, the sample R is more representative of the 

population R when the sample size is larger regardless of the usage of weighting 
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methods. Second, the magnitude of intercorrelation has a different influence on the 

accuracy of least squares weights as the number of predictors and the ratio of observation 

to predictor change. Across different numbers of predictors, the deviation between the 

2 2 

population R and the sample R increases as the mean of intercorrelation increases when 

the ratio of observation to predictor is the smallest, 5. However, the deviation decreases 

as the mean of intercorrelation increases when the ratio of observation to predictor is 

equal to or larger than 20. When the ratio of observation to predictor is 10, the deviation 

decreases as the mean of intercorrelation increases for the 3-predictor or 5-predictor 

cases. The situation is opposite for the case with 7 predictors. One of the hypothetical 

explanations for this phenomena is that least squares weights maximize the population R 

more when the mean of intercorrelation is lower and the ratio of observation to predictor 

is equal to or larger than 20. Contrarily, when the ratio of observation to predictor is 5 or 

10 (for 7-predictor cases), least squares weights maximize the population R more when 

the mean of intercorrelation is higher. Third, the deviation between the population R and 

the sample R estimated by equal weights decreases as the mean of intercorrelation 

increases for every ratio of observation to predictor used in this study. This means that 

the higher the mean of intercorrelation, the more accurately equal weights perform. 
2 2 

Finally, the deviation between the population R and the sample R estimated by either 

equal weights or least squares weights decreases as the number of predictors increases 

from 3 to 7. 
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The results for one part of Question 3 indicate that equal weights, in terms of the 

accuracy, always perform more precisely than least squares weights as long as the 

following situations are satisfied: (a) the number of predictors is small, 3 , (b) the ratio of 

observation to predictor is small, less than or equal to 10, and (c) the magnitude of the 

mean of intercorrelation is high, at least 0.6. Least squares weights, on the other hand, 

may perform more accurately than equal weights with the opposite combination: (a) a 

large number of predictors, (b) high ratio of observation to predictor, and (c) low 

intercorrelations. 

Nevertheless, the combination of a large number of predictors, large sample sizes, 

and a low mean of intercorrelation does not guarantee that least squares weights are more 

accurate than equal weights. Based on the results for the combination of k = 7, r = 0.2, 

and nlk = 50, equal weights are still more accurate than least squares weights for Patterns 

6 through 10. In this research design, as the pattern's number increases, the likelihood 

ratio of psychometric parallelism increases. This is evidence that the variability of 

intercorrelations is an important element to be considered. It is involved in addition to 

the number of predictors, sample size, and magnitude of intercorrelation in determining 

the accuracy between equal weights and least squares weights. 

In terms of predictive power, the summary for the minimum p value of % 

required when equal weights are more powerful than least squares weights is presented in 

Table 17. Except for two cases, equal weights are more preferred, at any p value, than 

least squares weights for both cross-validated R and mean square error of prediction 
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when the number of predictor is equal to 3. The slopes of the regression lines for the 

cross-validated R derived from the combination ofk=3, nlk = 5, and r = 0.4 or 0.6 are 

opposite from others. This divergent finding may be due to the small sample size or 

sampling error. 

Table 17 

The Minimum p Value of % for Various Combinations ofk, n/k, and r When 

Equal Weights Are More Powerful Than Least Squares Weights 

k n nlk 

d< ds 

k n nlk r = .2 .4 .6 .2 .4 .6 

3 15 5/1 >.0 £.9 >1.0 >.0 >.0 >.0 

3 30 10/1 >.0 >.0 >.0 >.0 >.0 >.0 

3' 60 20/1 >.0 >.0 >.0 > .0 >.0 >.0 

3 90 30/1 >.0 >.0 >.0 >.0 >.0 >.0 

3 120 40/1 >.0 >.0 >.0 >.0 >.0 >.0 

3 150 50/1 >.0 >.0 >.0 >.0 >.0 >.0 

5 25 5/1 >.0 >.0 >.0 >.0 >.0 >.0 

5 50 10/1 >.0 >.0 >.0 >.0 >.0 >.0 

5 100 20/1 >.0 >.0 >.0 >.0 >.0 >.0 

5 150 30/1 >.0 >.0 >.0 >.0 >.0 >.0 

5 200 40/1 >.2 >.0 >.0 >.0 >.0 >.0 

5 250 50/1 >.5 >.0 >.0 >.0 >.0 >.0 

7 35 5/1 >.0 >.0 >.0 >.0 >.0 >.0 

7 70 10/1 >.0 >.0 >.0 >.0 >.0 >.0 

7 140 20/1 Z.2 >.0 >.0 >.0 >.0 >.0 

7 210 30/1 >.4 >.0 >.0 > .2 >.0 >.0 

7 280 40/1 >.6 >.3 >.0 >.3 >.0 >.0 

7 350 50/1 >.7 = 1.0 >.0 >.4 >.0 >.0 

a 2 A 2 2 
Note. d4 =*pcew - pds = the difference between the estimated population cross-validated R for equal 

ys 2 <*2 
weights and that for least squares weights. d5=o cew - cr cls - the difference between the estimated 
population mean square error of prediction for equal weights and that for least squares weights. 
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When the number of predictors is equal to 5, equal weights are still more 

powerful, at all levels ofp's , for both d4 and d5 except for two cases. When the mean of 

intercorrelation is equal to 0.2, equal weights should be recommended in terms of cross-

validated R as long as the minimump value is larger than or equal to 0.2 and 0.5 for the 

ratio of observation to predictor equal to 40 and 50, respectively. 

There is an agreement between the cross-validated R and the mean square error 

of prediction that equal weights should be chosen over least squares weights when the 

number of predictors is 7 and the mean of intercorrelation is 0.6. However, there are 

some differences between these two measures of predictive power for selecting weighting 

methods when the mean of intercorrelation is 0.2 and 0.4. For the sample of k = 1 and r 

= 0.2, the minimum p value needed for equal weights to be more powerful in producing 

cross-validated R2 than least squares weights is 0.2, 0.4, 0.6, and 0.7 for nlk = 20, 30,40, 

and 50, respectively. When r = 0.2 and n!k< 10/1, equal weights are more powerful 

than least squares weights for all levels of psychometric parallelism. For the sample of k 

= 7 and r - 0.4, the minimum p value needed for equal weights to be more powerful 

than least squares weights is 0.3 and 1 for nlk = 40 and 50, respectively. When r = 0.4 

and nlk < 30/1, equal weights are more powerful in producing cross-validated R2 than 

least squares weights regardless of the level of psychometric parallelism. 

In terms of the estimated mean square error of prediction, when k=l and r = 0.2, 

the minimum p value needed for equal weights to be more powerful than least squares 

weights is 0.2, 0.3, and 0.4 for nlk = 30,40, and 50, respectively. When r = 0.2 and nlk 
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< 20/1, equal weights are more powerful than least squares weights for all levels of 

psychometric parallelism. For the samples ofk=7 and r = 0.4, equal weights are more 

powerful in reducing mean square error of prediction than least squares weights for any 

ratios of observation to predictor and levels of psychometric parallelism. 

According to all comparisons between equal weights and least squares weights on 

their accuracy, cross-validated R , and mean square error of prediction, several common 

conclusions are warranted. 

First, the higher the number of predictors, the higher the minimum p value of %2 

for testing the psychometric parallelism is needed to prove equal weights more efficient 

than least squares weights. In other words, the equality among intercorrelations is more 

essential and critical for using equal weights when the number of predictors is higher. 

Second, the higher the observation-to-predictor ratio, the higher the minimum p 

value of the %2 test is needed to prove equal weights better than least squares. Equal 

weights are always better when the ratio of observation to predictor is less than or equal 

to 10 for any level of psychometric parallelism. This finding does correspond to that of 

Einhorn and Hogarth (1975), in which equal weights are superior to least squares weights 

when sample size is small. One thing which needs to be noted is that the %2 test is quite 

sensitive to sample size. Thus, for any given matrix of intercorrelations, they are less 

likely to be parallel measures if the sample size is large. But this is as it should be. In the 

limiting cases, with an infinitely large sample taken from a population of randomly 
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parallel measure, there would be no observed variability in the predictor intercorrelations 

(S. V. Paunonen, personal communication, April 17,1995). 

Finally, the higher the magnitude of the mean of intercorrelation is, the lower the 

minimum p value of the % test is needed to prove equal weights more efficient than least 

squares weights. There is no argument that equal weights tend to be more powerful when 

the value of r is higher. However, even with a low mean of intercorrelation, equal 

weights can still be better than least squares weights if the ratio of observation to 

predictor is small or the level of psychometric parallelism is relatively high. 

Overall, Paunonen and Gardner (1991) accentuated that the necessary and 

sufficient condition for using equal weights as an alternative to least squares weights is 

that the predictors satisfy the requirements of psychometric parallelism. This study not 

only demonstrates their suggestions but also shows the effect of psychometric parallelism 

on the efficiency of these two weighting methods with different numbers of predictors, 

sample size, and mean of intercorrelation. It should again be emphasized that the most 

frequently used levels of significance, 0.05 and 0.01, are no longer the only p values for 

testing the null hypotheses of psychometric parallelism among predictors when replacing 

least squares weights with equal weights in a multiple regression. 

Recommendations 

There are several conditions, as suggested by different researchers, for applying 

equal weights as an alternative to least squares weights. This study investigated one of 

the conditions, psychometric parallelism among predictors on the efficiency of equal 
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weights and least squares weights. Several limitations and recommendations need to be 

considered. 

1. The results were obtained from computer generated data. Thus, it will be very 

meaningful and important for future research to use an archival file or survey data. 

2. The population correlation matrices used in this study must be viewed as 

merely a sample of such matrices, and the extent to which it is a representative sample is 

a worthwhile and attractive contemplation. Such a study would provide additional 

information which could be combined or compared with the results of this study. 

3. A wider scope in terms of variability of intercorrelations is recommended. The 

increment or decrement of intercorrelations from one pattern to the next pattern is 0.02 in 

this study. It would be very interesting to compare the difference between the matrices 

with intercorrelation increment of 0.02 and the matrices with that of 0.04 when their 

means of intercorrelations are the same, 0.4. 

4. The p value for testing the difference among validities should be determined. 

The definition of psychometric parallelism includes the condition that the validities 

between the criterion variable and each predictor is the same. Equal weights usually 

perform quite well when the variability among validities is very small (Zimmerman, 

1983). The research related to the effect of psychometric parallelism on the efficiency of 

equal weights and least squares weights will be more thorough only if the examination of 

the equality of validities is involved. 
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5. The effectiveness of psychometric parallelism and the efficiency of equal 

weights and least squares weights for correlation matrices with more than seven predictor 

variables should also be investigated. 

6. The differences between equal weights and least squares weights should be 

examined in terms of varying ratios of observation to predictor in combination with 

varying values of R2. Huberty (1994) has recently proposed a test for determining 

appropriate sample sizes in regression. He concluded that the magnitude of R2 should be 

employed in addition to sample-to-predictors ratios in determining appropriate sample 

sizes rather than using a general rule of thumb such as observation-to-predictor ratio. 

7. The correlations and regressions were estimated only with the means from ten 

correlation matrix patterns. It would be more accurate to extend the range of patterns on 

the population matrices so that the correlations and regressions can be carried out with the 

size of group larger than 10. Although the number of observations used in the calculation 

of the Pearson r does not influence the value of the coefficient, it does affect the accuracy 

of the correlation (Hinkle, Wiersma, & Jurs, 1994). 

8. Other regression methods should be compared with those in this study, such as 

ridge regression. Multicollinearity, which means the predictors are correlated, is always a 

major concern in selecting a set of weights for prediction (Mendenhall & Sincich, 1989; 

Zimmerman, 1983). Both equal weights and least squares weights are vulnerable to the 

problem of redundancy of information with the existence of multicollinearity. One way 

for combating this problem is through the use of ridge regression (Mendenhall & Sincich, 
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1989; Stevens, 1992). Farrar and Glauber (1967) suggested that the determinant of the 

correlation matrix for predictors can give a good indication of the extent of 

multicollinearity. Importantly, the determinant of correlation matrix is one of the 

elements in Wilks's formula (1946) for testing psychometric parallelism among 

predictors under consideration. It will be an exploratory study to look for the effect of 

psychometric parallelism on the relative efficiency of equal weights and ridge regression. 



APPENDIX A 

SAS/IML COMPUTER PROGRAMS 
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1. Program to generate 10,000 cases of the population for Pattern 1 with k-3 and r 
0.2. 

OPTIONS NOCENTER LS = 80; 
PROC IML; 
PRINT "K = 3, RBAR =0.2, PATTERN =1"; 
XI = {00 0 0 }; 
X = REPEAT (XI, 10000, 1); 
D O I = 1 TO 10000; 

DO J=1 TO 4; 
X[I,J]= NORMAL (1); 

END; 
END; 

COR ={1 .3 .3 .3, 
.3 1 .02 .2, 
.3 .02 1 .38, 
.3 .2 .38 1 }; 

* CHECK FOR ILL-CONDITIONING OR SINGULARITY; 
DETER = DET (COR); 
PRINT DETER 

"DETERMINANT OF CORRELATION MATRIX"; 
SVAL1 = EIGVAL(COR * COR); 
SVAL = SVAL1 ## .5; 
PRINT SVAL (COR) 

"SINGULAR VALUE DECOMPOSITION OF S"; 
CONDNUM = MAX (SVAL)/MIN (SVAL); 
PRINT CONDNUM 

"DONDITION CNUMBER OF CORRELATION MATRIX"; 
* COMPUTE CHOLESKY FACTOR OF TARGET MATRIX; 
CHO = ROOT (COR); 
PRINT CHO 

"CHOLESKY FACTOR OF CORRELATION MATRIX"; 
* COMPUTE THE NEW DATA MATRIX; 
NEWX1=X * CHO; 
CREATE NEWX.NEWX1 FROM NEWX1; 
APPEND FROM NEWX1; 
RUN; 
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2. Program to generate 10,000 cases of the population for Pattern 6 with k = 5 and r = 
0.4. 

OPTIONS NOCENTER LS = 80; 
PROCIML; 
PRINT "K = 5, RBAR = 0.4, PATTERN = 6"; 
XI = {0 0 0 0 0 0 } ; 
X = REPEAT (XI, 10000,1); 
DO I = 1 TO 10000; 

DO J=1 TO 6; 
X[I,J]= NORMAL (1); 

END; 
END; 

COR ={ 1 .3 .3 .3 .3 .3, 
.3 1 .32 .32 .32 .4, 
.3 .32 1 .4 .4 .4, 
.3 .32 .4 1 .48 .48, 
.3 .32 .4 .48 1 .48, 
.3 .4 .4 .48 .48 1 }; 

* CHECK FOR ILL-CONDITIONING OR SINGULARITY; 
DETER = DET (COR); 
PRINT DETER 

"DETERMINANT OF CORRELATION MATRIX"; 
SVAL1 = EIGVAL(COR'* COR); 
SVAL = SVAL1 ffl .5; 
PRINT SVAL (COR) 

"SINGULAR VALUE DECOMPOSITION OF S"; 
CONDNUM = MAX (SVAL)/MIN (SVAL); 
PRINT CONDNUM 

"DONDITION CNUMBER OF CORRELATION MATRIX"; 
* COMPUTE CHOLESKY FACTOR OF TARGET MATRIX; 
CHO = ROOT (COR); 
PRINT CHO 

"CHOLESKY FACTOR OF CORRELATIOIN MATRIX"; 
* COMPUTE THE NEW DATA MATRIX; 
NEWX6 =X * CHO; 
CREATE NEWX.NEWX6 FROM NEWX6; 
APPEND FROM NEWX6 ; 
RUN; 
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3. Program to generate 10,000 cases of the population for Pattern 10 with k— 7 and r 
0.6. 

OPTIONS NOCENTER LS = 80; 
PROCIML; 
PRINT "K = 7, RBAR = 0.6, PATTERN = 10"; 
XI = {0 0 0 0 0 0 0 0}; 
X = REPEAT (XI, 10000, 1); 
D O I = l TO 10000; 

DO J=1 TO 8; 
X[I,J]= NORMAL (1); 

END; 
END; 

COR ={1 .3 .3 .3 .3 .3 .3 .3, 
.3 1 .6 .6 .6 .6 .6 .6, 
.3 .6 1 .6 .6 .6 .6 .6, 
.3 .6 .6 1 .6 .6 .6 .6, 
.3 .6 .6 .6 1 .6 .6 .6, 
.3 .6 .6 .6 .6 1 .6 .6, 
.3 .6 .6 .6 .6 .6 1 .6, 
.3 .6 .6 .6 .6 .6 .6 1 }; 

* CHECK FOR ILL-CONDITIONING OR SINGULARITY; 
DETER = DET (COR); 
PRINT DETER 

"DETERMINANT OF CORRELATION MATRIX"; 
SVAL1 = EIGVAL(CORx* COR); 
SVAL = SVAL1 ## .5; 
PRINT SVAL (COR) 

"SINGULAR VALUE DECOMPOSITION OF S"; 
CONDNUM = MAX (SVAL)/MIN (SVAL); 
PRINT CONDNUM 

"DONDITION CNUMBER OF CORRELATION MATRIX"; 
* COMPUTE CHOLESKY FACTOR OF TARGET MATRIX; 
CHO = ROOT (COR); 
PRINT CHO 

"CHOLESKY FACTOR OF CORRELATION MATRIX"; 
* COMPUTE THE NEW DATA MATRIX; 
NEWX10 =X * CHO; 
CREATE NEWX.NEWX10 FROM NEWX10; 
APPEND FROM NEWX10 ; 
RUN; 
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4. Program to sample simulated data for 500 samples of n = 15, k = 3 in Pattern 10, and 
create dh d2, dj, d4, and d5. 

PROC IML; 
USE NEWX.NEWX 10; 
READ ALL INTO NEWX10; 
N=15; NREPS=500; NVAR=4; K = 3; 
U=J(N, 1,1); 
RBAR = J (NREPS,1,1); 
L = J (NREPS,1,1); 
CHI = J (NREPS,1,1); 
P = J (NREPS,1,1); 
SAMR2LS = J (NREPS,1,1); 
ADJR2LS = J (NREPS,1,1); 
CVR2LS = J (NREPS,1,1); 
SAMR2EW = J (NREPS,1,1); 
ADJR2EW = J (NREPS,1,1); 
CVR2EW = J (NREPS,1,1); 
CVS2LS = J (NREPS,1,1); 
CVS2EW = J (NREPS,1,1); 
Dl= J (NREPS,1,1); 
D2= J (NREPS,1,1); 
D3= J (NREPS,1,1); 
D4= J (NREPS,1,1); 
D5 = J(NREPS, 1,1); 
PATTERN = J (NREPS, 1,10); 
DO J = 1 TO NREPS; 
INDEX = J(l, N, 0); 
DO I = 1 TO N; 
INDEXP] = ROUND(10000 * UNIFORM(O)) + 1; 
END; 
RUN; 
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5. Program to standardize the sample and determine the L and the p value for the sample. 

PROC IML; 

* * * * * * S T A N D A R D I Z E THE SAMPLE (Y AND XS)****; 
SAMPLE= NE WX10 [INDEX, 1 :NVAR]; 
MEAN= SAMPLE [+, ]/N; 
SAMPLE = SAMPLE - REPEAT (MEAN, N, 1); 
SS= SAMPLE [##, ]; 
STD=SQRT(S S/(N-1)); 
SAMPLERS AMPLE*DIAG( 1 /STD); 
Y = SAMPLE [1:N, 1]; 
****** FIND CORRELAITON MATRIX, THE L, CHI-SQUARE, AND P; 
X = SAMPLE [1:N, 2:NVAR]; 
K = NCOL(X); 
SUM = X [+,]; 
XPX = X" *X-SUM" *SUM/N; 
S = DIAG(1/SQRT (VECDIAG(XPX))); 
CORR = S*XPX*S; 
RBAR[J] = (SUM(CORR) - K )/(K**2-K); 
DET = DET (CORR); 
DEN - ((1 +((K-1 )*RBAR[J]))* (1 -RBAR[J])* * (K-1)); 
L[J] = DET/DEN; 
CHI [ J]=-N* LOG(L [J]) + .000001; 
DF = K/2*(K+3) -3; 
P[J] = 1-PROBCHI (CHI[J],DF); 
RUN; 
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6. Program to determine to the sample R2 for least squares weights and equal weights, 
and dh d2, d3, d4, and d5. 

PROCIML; 
XLS= X; 
B=GINV(XLS)*Y; 
YHATLS =XLS*B; 
RIDLS=Y-YHATLS; 
SSELS=SSQ(RIDLS); 
SUMY= Y[+,]; 
YBARLS = SUMY/N; 
DIFLS = Y - YBARLS; 
DIFLS 1=SSQ(DIFLS); 
RESIDLS = SSELS/DIFLS1; 
SAMR2LS[J]= 1-RESIDLS; 
ADJR2LS [J]= 1 -(((N-1 )/(N-K-1 ))* (RESIDLS)); 
ADJR4LS = ADJR2LS[J] * ADJR2LS[J]; 
CVR2LS[J]=(((N-K-3)*ADJR4LS)+ADJR2LS[J])/(((N-(2*K)-2)*ADJR2LS[J])+ K); 
S2LS = SSELS/N; 
CVS2LS[J] = (((N-2) * (N+1))/((N-K-2) * (N-K-1 )))* S2LS; 

****** STANDARDIZE COMPOSITE* * *; 
XEW= X; 
COMPOSIT=XEW[, +]; 
MEANCOM= COMPOSITE, ]/N; 
COMPOSIT - COMPOSIT - REPEAT(MEANCOM, N, 1); 
SSCOM= COMPOSIT [##, ]; 
STDCOM =SQRT(SSCOM/(N-l)); 
COMPOSIT=COMPOSIT*DIAG(l/STDCOM); 

****FIND SAMR2, ADJR2 CVR2 FOR EQUAL WEIGHTS********; 
XEW=COMPOSIT; 
E=GIN V (XE W) * Y; 
YHATEW =XEW*E; 
RIDE W=Y - YH ATEW; 
S SEE W=S SQ(RIDEW); 
DIFEW - Y - YBARLS; 
DIFEW1 =SSQ(DIFEW); 
RESIDEW = SSEEW/DIFEW1; 
SAMR2EW[J]= 1 - RESIDEW; 
ADJR2EW[J] = 1 -(((N-1 )/(N -1 -1)) * (RE SIDE W)); 
ADJR4EW = ADJR2EW [J] * ADJR2EW[J]; 
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CVR2EW[J]=(((N-1 -3) * AD JR4E W)+AD JR2E W [J])/(((N-(2* 1 )-2)*ADJR2EW[J])+l); 
S2EW = SSEEW/N; 
CVS2EW[J] = (((N-2)* (N+l ))/((N-1 -2)* (N-1-1 )))* S2EW; 

**0.2005 IS THE POPULATION R SQUARE FOR PATTERN 1 WITH K = 3, RBAR = 
0.2 AND PATTERN 1****; 
D1[J] = ABS(.2005-SAMR2LS[J]); 
D2[J] = ABS(.2005- SAMR2EW[J]); 
D3[J] = D2[J] - D1[J]; 
D4[J] = CVR2EW[J] - CVR2LS[J]; 
D5[J] = CVS2EW[J] - CVS2LS[J]; 
END; 
RUN; 
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Table 17 

2 
The L, R , and Beta Weights for the Populations with k = 3 and r =0.2, 0.4, and 0.6 

Pattern 1 2 3 4 5 6 7 8 9 10 

r =2 
L .9132 .9314 .9475 .9614 .9732 .9829 .9904 .9957 .9989 1 
R2 .2005 .1998 .1993 .1988 .1984 .1982 .1980 .1979 .1979 .1979 
X\ .2454 .2395 .2338 .2283 .2228 .2175 .2122 .2069 .2016 .1962 
X2 .2312 .2274 .2242 .2217 .2197 .2182 .2171 .2166 .2165 .2169 

*3 .1760 .1831 .1898 .1961 .2021 .2079 .2134 .2188 .2240 .2292 

L .8600 .8894 .9153 .9378 
f = .4 
.9568 .9723 .9844 .9931 .9983 1 

R2 .1545 .1539 .1535 .1532 .1530 .1528 .1527 .1527 .1528 .1529 
.1952 .1891 .1832 .1776 .1720 .1667 .1613 .1559 .1503 .1447 

x2 .1862 .1811 .1769 .1736 .1710 .1692 .1680 .1675 .1675 .1680 
.1242 .1334 .1417 .1493 .1562 .1627 .1687 .1745 .1799 .1852 

L .7055 .7673 .8218 .8691 
r = .6 
.9091 .9418 .9673 .9855 .9964 1 

R2 .1252 .1245 .1240 .1236 .1234 .1233 .1233 .1233 .1234 .1235 
X\ .1749 .1653 .1570 .1495 .1426 .1359 .1294 .1228 .1161 .1090 
x2 .1772 .1641 .1545 .1475 .1424 .1389 .1366 .1356 .1355 .1365 
Xi .0625 .0821 .0978 .1107 .1215 .1309 .1391 .1465 .1533 .1596 
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Table 18 

2 
The L, R , and Beta Weights for the Populations with k = 5 and r =0.2, 0.4, and 0.6 

Pattern 1 2 3 4 5 6 7 8 9 10 

r = 2 
L .8159 .8516 .8842 .9134 .9388 .9602 .9773 .9897 .9974 1 

R2 .2674 .2638 .2608 .2581 .2559 .2541 .2527 .2516 .2510 .2508 

X, .2691 .2563 .2441 .2322 .2206 .2090 .1975 .1858 .1739 .1616 

x2 .2182 .2117 .2055 .1996 .1940 .1886 .1835 .1786 .1740 .1696 

.1634 .1611 .1597 .1590 .1590 .1598 .1613 .1634 .1664 .1702 

X4 .1595 .1573 .1558 .1552 .1552 .1560 .1575 .1598 .1628 .1666 

X5 .0844 .0964 .1075 .1178 .1276 .1368 .1457 .1543 .1628 .1712 

L .7338 .7843 .8309 .8730 
r - .4 
.9099 .9412 .9663 .9848 .9961 1 

R2 .1826 .1804 .1785 .1769 .1755 .1744 .1735 .1729 .1725 .1724 

Xi .1996 .1889 .1787 .1688 .1591 .1494 .1396 .1295 .1189 .1078 

X2 .1562 .1514 .1467 .1421 .1376 .1332 .1289 .1247 .1207 .1167 

X3 .1166 .1135 .1114 .1102 .1099 .1103 .1114 .1133 .1159 .1194 

x4 .1130 .1099 .1078 .1066 .1062 .1066 .1077 .1096 .1122 .1157 

X5 .0285 .0428 .0555 .0669 .0773 .0869 .0958 .1043 .1123 .1202 

L .5103 .5963 .6786 .7553 
r = .6 
.8244 .8843 .9331 .9695 .9922 1 

R2 .1397 .1375 .1357 .1342 .1331 .1321 .1314 .1309 .1306 .1305 

X\ .1824 .1680 .1554 .1443 .1338 .1236 .1133 .1026 .0911 .0785 

x2 .1268 .1228 .1186 .1144 .1101 .1057 .1012 .0967 .0922 .0878 

Xz .1071 .0979 .0917 .0876 .0853 .0844 .0847 .0861 .0888 .0927 

x4 .1042 .0948 .0885 .0843 .0818 .0808 .0810 .0824 .0849 .0888 

X5 -.0480 -.0186 .0045 .0233 .0390 .0525 .0643 .0749 .0846 .0937 



99 

Table 19 

2 
The L, R , and Beta Weights for the Populations with k = 7 and r =0.2, 0.4, and 0.6 

Pattern 1 2 3 4 5 6 7 8 9 10 

r =2 
L .6891 .7440 .7962 .8445 .8880 .9258 .9569 .9802 .9949 1 
R2 .3264 .3185 .3117 .3057 .3006 .2963 .2929 .2903 .2887 .2880 
X\ .2817 .2661 .2507 .2354 .2200 .2042 .1880 .1530 .1711 .1335 
X2 .2264 .2150 .2045 .1947 .1855 .1769 .1688 .1536 .1610 .1465 
*3 .2099 .1979 .1874 .1781 .1700 .1628 .1566 .1467 .1512 .1431 
X4 .0939 .0943 .0953 .0969 .0991 .1019 .1054 .1147 .1096 .1208 
Xs .1209 .1213 .1223 .1239 .1261 .1289 .1324 .1416 .1366 .1477 
X6 .0961 .0966 .0977 .0995 .1017 .1046 .1082 .1177 .1125 .1239 
X7 .0544 .0660 .0765 .0862 .0953 .1040 .1126 .1304 .1213 .1400 

L .5798 .6507 .7193 .7842 
r - A 
.8435 .8957 .9391 .9720 .9928 1 

R2 .2062 .2023 .1989 .1959 .1933 .1910 .1892 .1878 .1869 .1865 
X, .1843 .1753 .1659 .1560 .1456 .1345 .1224 .1093 .0946 .0780 
X2 .1566 .1486 .1411 .1341 .1273 .1209 .1147 .1086 .1026 .0966 X, .1531 .1429 .1342 .1266 .1200 .1143 .1093 .1051 .1015 .0986 
X4 .0462 .0468 .0479 .0496 .0518 .0545 .0578 .0616 .0663 .0717 
Xs .0805 .0807 .0815 .0828 .0847 .0871 .0901 .0937 .0981 .1033 
X6 .0517 .0522 .0533 .0548 .0569 .0595 .0627 .0664 .0709 .0763 
x7 .0144 .0275 .0387 .0485 .0574 .0656 .0734 .0810 .0888 .0970 

L .3066 .4039 .5064 .6102 
r = .6 
.7108 .8033 .8832 .9455 .9858 1 

R2 .1512 .1482 .1456 .1434 .1415 .1399 .1386 .1376 .1369 .1366 
Xi .1380 .1332 .1272 .1203 .1123 .1031 .0925 .0800 .0652 .0471 
x2 .1344 .1252 .1171 .1098 .1030 .0964 .0901 .0838 .0775 .0710 
X"3 .1550 .1360 .1221 .1113 .1028 .0958 .0901 .0854 .0816 .0787 
x4 .0232 .0211 .0209 .0219 .0238 .0265 .0299 .0342 .0393 .0456 
X5 .0716 .0679 .0663 .0661 .0669 .0686 .0711 .0745 .0788 .0845 
X6 .0335 .0310 .0304 .0310 .0325 .0348 .0378 .0416 .0464 .0523 
Xj -.0488 -.0178 .0040 .0204 .0333 .0440 .0534 .0620 .0704 .0792 
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Table 20 

The L for Each Sample with k = 3; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 
n/k n I! to

 

5/1 15 .7965 .8184 .8079 .8240 .8403 .8401 .8525 .8399 .8452 .8679 

10/1 30 .8648 .8755 .8878 .9031 .9065 .9215 .9179 .9260 .9285 .9315 

20/1 60 .8954 .9064 .9193 .9363 .9442 .9558 .9566 .9618 .9659 .9648 

30/1 90 .8989 .9152 .9328 .9433 .9547 .9632 .9709 .9740 .9776 .9787 

40/1 120 .9026 .9184 .9348 .9519 .9600 .9675 .9756 .9807 .9807 .9828 

50/1 150 .9055 .9271 .9395 .9529 .9629 .9733 .9780 .9844 .9859 .9868 

5/1 15 .7532 .7750 .8018 .8079 
F = .4 
.8303 .8335 .8476 .8555 .8494 .8379 

10/1 30 .8110 .8406 .8561 .8806 .8940 .9062 .9208 .9239 .9286 .9326 

20/1 60 .8285 .8685 .8888 .9129 .9284 .9435 .9476 .9592 .9634 .9689 

30/1 90 .8495 .8754 .8965 .9193 .9366 .9544 .9632 .9714 .9753 .9781 

40/1 120 .8513 .8828 .9089 .9258 .9446 .9582 .9664 .9777 .9780 .9832 

50/1 150 .8540 .8824 .9086 .9274 .9471 .9602 .9721 .9808 .9852 .9863 

5/1 15 .6260 .6838 .7262 .7542 
F = .6 
.7864 .8130 .8408 .8507 .8580 .8492 

10/1 30 .6650 .7211 .7725 .8260 .8510 .8850 .9007 .9211 .9250 .9309 

20/1 60 .6869 .7471 .8027 .8418 .8819 .9082 .9305 .9562 .9618 .9653 

30/1 90 .6961 .7514 .8061 .8509 .8959 .9209 .9447 .9637 .9746 .9764 

40/1 120 .6989 .7582 .8100 .8599 .8971 .9269 .9537 .9698 .9817 .9831 

50/1 150 .7066 .7595 .8173 .8654 .8989 .9320 .9568 .9727 .9840 .9860 
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Table 21 

The L for Each Sample with k = 5; F = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 25 .5552 .5629 .5859 .6128 .6225 .6362 .6463 .6650 .6597 .6666 

10/1 50 .6780 .7079 .7266 .7553 .7734 .7858 .8050 .8178 .8233 .8240 

20/1 100 .7382 .7785 .7961 .8285 .8540 .8736 .8894 .9006 .9071 .9100 

30/1 150 .7647 .7973 .8283 .8559 .8813 .9016 .9166 .9263 .9380 .9400 

40/1 200 .7759 .8122 .8450 .8693 .8722 .9143 .9315 .9440 .9517 .9558 

50/1 250 .7827 .8176 .8503 .8785 .9025 .9223 .9380 .9531 .9601 .9643 

5/1 25 .5024 .5328 .5490 .5843 
r = .4 
.6010 .6246 .6491 .6586 .6577 .6469 

10/1 50 .6052 .6451 .6852 .7158 .7548 .7735 .7945 .8114 .8212 .8230 

20/1 100 .6672 .7129 .7530 .7942 .8291 .8562 .8818 .8993 .9044 .9090 

30/1 150 .6864 .7321 .7835 .8159 .8550 .8832 .9075 .9222 .9359 .9377 

40/1 200 .6998 .7460 .7885 .8314 .8695 .8982 .9206 .9374 .9508 .9545 

50/1 250 .7065 .7534 .7984 .8431 .8740 .9048 .9280 .9479 .9593 .9634 

5/1 25 .3493 .4172 .4554 .5202 
r = . 6 
Mil .5907 .6292 .6476 .6494 .6563 

10/1 50 .4231 .5000 .5664 .6362 .6883 .7293 .7690 .8024 .8144 .8268 

20/1 100 .4730 .5454 .6174 .6928 .7513 .8014 .8463 .8815 .9025 .9016 

30/1 150 .4837 .5649 .6398 .7137 .7755 .8301 .8753 .9083 .9321 .9379 

40/1 200 .4868 .5741 .6489 .7197 .7886 .8441 .8881 .9254 .9463 .9539 

50/1 250 .4886 .5770 .6519 .7259 .7959 .8512 .8978 .9351 .9568 .9631 
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Table 22 

The L for Each Sample with k= 7; f = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = 2 
5/1 35 .3664 .3852 .4120 .4430 .4625 .4753 .5029 .5098 .5317 .5272 

10/1 70 .4960 .5415 .5721 .6113 .6438 .6771 .6962 .7194 .7321 .7398 

20/1 140 .5777 .6251 .6689 .7118 .7556 .7874 .8168 .8358 .8549 .8587 

30/1 210 .6031 .6557 .7084 .7499 .7917 .8249 .8592 .8810 .8952 .9021 

40/1 280 .6231 .6773 .7206 .7673 .8109 .8468 .8813 .9018 .9197 .9269 

50/1 350 .6330 .6835 .7306 .7792 .8215 .8585 .8914 .9173 .9328 .9400 

5/1 35 .3030 .3354 .3887 .4069 
r = .4 
.4451 .4651 .4843 .5080 .5167 .5279 

10/1 70 .4279 .4746 .5228 .5736 .6096 .6463 .6856 .7096 .7221 .7403 

20/1 140 .4868 .5433 .6091 .6697 .7113 .7620 .8025 .8317 .8476 .8570 

30/1 210 .5158 .5811 .6353 .6987 .7494 .8010 .8381 .8713 .8959 .9045 

40/1 280 .5246 .5931 .6576 .7168 .7705 .8192 .8618 .8943 .9173 .9271 

50/1 350 .5314 .5994 .6630 .7244 .7790 .8329 .8773 .9079 .9298 .9401 

5/1 35 .1673 .2215 .2745 .3243 
r = .6 

.3739 .4219 .4635 .4959 .5296 .5206 

10/1 70 .2297 .3083 .3770 .4536 .5132 .5884 .6455 .6920 .7215 .7344 

20/1 140 .2649 .3440 .4319 .5146 .6041 .6874 .7527 .8042 .8425 .8607 

30/1 210 .2761 .3660 .4508 .5435 .6319 .7191 .7934 .8466 .8897 .9054 

40/1 280 .2820 .3712 .4660 .5589 .6536 .7359 .8109 .8704 .9105 .9282 

50/1 350 .2863 .3755 .4713 .5682 .6621 .7459 .8261 .8861 .9231 .9389 
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Table 23 

^ 2 

The p of x for Difference of Psychometric Parallelism for Each Sample with k = 3; f = 

0.2, 0.4, and 0.6; and n/k - 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 
Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n II k>
 

5/1 15 .7148 .7581 .7351 .7649 .7954 .7955 .8188 .7957 .8098 .8497 
10/1 30 .6404 .6742 .7147 .7607 .7769 .8239 .8160 .8352 .8465 .8533 
20/1 60 .4770 .5193 .5915 .6868 .7367 .8038 .8049 .8367 .8608 .8611 
30/1 90 .2927 .3811 .5052 .5768 .6669 .7460 .8117 .8395 .8704 .8818 
40/1 120 .1890 .2120 .3823 .5294 .6124 .6904 .7825 .8408 .8436 .8623 
50/1 150 .1247 .2260 .3087 .4244 .5509 .6854 .7424 .8435 .8629 .8730 

5/1 15 .6269 .6717 .7244 .7343 
r = .4 
.7818 .7886 .8149 .8253 .8165 .7937 

10/1 30 .4873 .5745 .6212 .6924 .7380 .7723 .8199 .8299 .8473 .8583 
20/1 60 .2160 .3388 .4449 .5568 .6427 .7293 .7529 .8245 .8499 .8855 
30/1 90 .1235 .1957 .2882 .4117 .5294 .6651 .7465 .8124 .8501 .8753 
40/1 120 .0430 .1192 .2072 .3188 .4607 .5846 .6886 .8091 .8333 .8675 
50/1 150 .0187 .0500 .1308 .2263 .3794 .5250 .6622 .7833 .8533 .8662 

5/1 15 .3983 .5012 .5801 .6310 
r = .6 
.6961 .7456 .7983 .8175 .8295 .8156 

10/1 30 .1646 .2709 .3811 .5236 .5996 .7062 .7590 .8219 .8342 .8516 
20/1 60 .0255 .0629 .1511 .2576 .4033 .5346 .6508 .8068 .8387 .8609 
30/1 90 .0033 .0111 .0496 .1230 .2838 .4164 .5886 .7453 .8383 .8571 
40/1 120 .0002 .0022 .0169 .0647 .1678 .3197 .5444 .7180 .8532 .8713 
50/1 150 .0001 .0009 .0043 .0325 .0963 .2660 .4754 .6763 .8317 .8629 
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Table 24 

The p of % for Difference of Psychometric Parallelism for Each Sample with k = 5; r = 

0.2, 0.4, and0.6; andn/k = 5/1, 10/1, 20/1, 30/1, 40/1, and50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 25 .5698 .5941 .7457 .6978 .7291 .7494 .7686 .7870 .7948 .8075 

10/1 50 .3901 .4765 .5334 .6291 .6908 .7319 .7884 .8236 .8398 .8356 

20/1 100 .1156 .2272 .2848 .4296 .5539 .6636 .7487 .8074 .8382 .8542 

30/1 150 .0357 .0804 .1511 .2735 .4326 .5696 .6932 .7610 .8516 .8591 

40/1 200 .0051 .0288 .0754 .1572 .2966 .4688 .6443 .7646 .8361 .8751 

50/1 250 .0010 .0063 .0264 .0912 .2012 .3758 .5392 .7413 .8196 .8714 

5/1 25 .4611 .5270 .5640 .6389 
r = .4 
.6782 .7244 .7710 .7909 .7921 .7691 

10/1 50 .2105 .2981 .4119 .5085 .6312 .6926 .7471 .8061 .8297 .8381 

20/1 100 .0319 .0787 .1545 .2839 .4249 .5677 .7075 .7987 .8293 .8474 

30/1 150 .0021 .0116 .0516 .1111 .2723 .4356 .6189 .7379 .8369 .8402 

40/1 200 .0001 .0021 .0125 .0477 .1633 .3269 .5291 .6974 .8340 .8639 

50/1 250 .0000 .0003 .0031 .0281 .0868 .2290 .4420 .6774 .8138 .8675 

5/1 25 .1631 .2779 .3514 .5015 
r = .6 

.5571 .6553 .7421 .7667 .7750 .7956 

10/1 50 .0217 .0600 .1438 .2832 .4214 .5486 .6807 .7176 .8068 .8514 

20/1 100 .0000 .0006 .0093 .0485 .1544 .3119 .5156 .7079 .8166 .8622 

30/1 150 .0000 .0000 .0003 .0080 .0417 .1746 .3839 .6180 .8122 .8540 

40/1 200 .0000 .0000 .0000 .0004 .0143 .0882 .2686 .5806 .7875 .8519 

50/1 250 .0000 .0000 .0000 .0000 .0030 .0285 .1808 .5235 .7845 .8551 



107 

Table 25 

2 

The p of x for Difference of Psychometric Parallelism for Each Sample with k= 7; r 

0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 
Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 35 .3700 .4275 .5004 .5915 .6394 .6723 .7394 .7624 .8116 .7984 
10/1 70 .1127 .2034 .2902 .4119 .5291 .6438 .7106 .7931 .8297 .8501 
20/1 140 .0042 .0283 .0614 .1426 .2979 .4538 .6202 .7298 .8286 .8395 
30/1 210 .0001 .0019 .0294 .0363 .1241 .2653 .5099 .6858 .7932 .8444 
40/1 280 .0000 .0001 .0009 .0067 .0487 .1612 .4082 .6046 .7856 .8519 
50/1 350 .0000 .0000 .0001 .0011 .0016 .0903 .2697 .5592 .7583 .8409 

5/1 35 .2118 .2907 .4376 .4861 
r = A 
.5932 .6459 .6997 .7560 .7755 .8033 

10/1 70 .0416 .0949 .1686 .2921 .4082 .5342 .6800 .7571 .7982 .8548 
20/1 140 .0001 .0037 .0140 .0574 .1418 .3230 .5330 .7043 .7903 .8379 
30/1 210 .0000 .0000 .0005 .0093 .0404 .1672 .3475 .6011 .7905 .8549 
40/1 280 .0000 .0000 .0000 .0004 .0106 .0630 .2364 .5243 .7647 .8507 
50/1 350 .0000 .0000 .0000 .0000 .0019 .0244 .1858 .4564 .7187 .8401 

5/1 35 .0201 .0733 .1547 .2588 
r = .6 
.3959 .5276 .6429 .7281 .8035 .7810 

10/1 70 .0001 .0034 .0132 .0647 .1445 .3412 .5294 .6962 .7872 .8282 
20/1 140 .0000 .0000 .0000 .0007 .0141 .0831 .2826 .5472 .7623 .8583 
30/1 210 .0000 .0000 .0000 .0000 .0003 .0210 .1329 .4177 .7480 .8680 
40/1 280 .0000 .0000 .0000 .0000 .0000 .0017 .0466 .3136 .6898 .8572 
50/1 350 .0000 .0000 .0000 .0000 .0000 .0002 .0187 .2376 .6418 .8284 
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Table 26 

The dx for Each Sample with k - 3; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 15 .1888 .1849 .1783 .1949 .1924 .1941 .1974 .1870 .1884 .1878 

10/1 30 .1204 .1196 .1193 .1148 .1248 .1197 .1257 .1119 .1154 .1201 

20/1 60 .0807 .0754 .0754 .0779 .0789 .0760 .0766 .0757 .0740 .0791 

30/1 90 .0629 .0621 .0658 .0627 .0677 .0620 .0633 .0642 .0613 .0606 

40/1 120 .0562 .0517 .0532 .0543 .0567 .0549 .0536 .0528 .0500 .0543 

50/1 150 .0508 .0485 .0487 .0474 .0490 .0491 .0472 .0484 .0514 .0475 

5/1 15 .2095 .1938 .1905 .1960 
r = .4 
.1857 .1894 .1888 .1908 .1999 .1882 

10/1 30 .1084 .1051 .1140 .1117 .1153 .1061 .1131 .1110 .1091 .1160 

20/1 60 .0732 .0733 .0740 .0740 .0726 .0700 .0768 .0714 .0709 .0756 

30/1 90 .0655 .0595 .0622 .0616 .0614 .0572 .0598 .0583 .0596 .0566 

40/1 120 .0508 .0528 .0470 .0524 .0516 .0491 .0512 .0498 .0520 .0507 

50/1 150 .0464 .0446 .0467 .0471 .0468 .0459 .0458 .0462 .0453 .0436 

5/1 15 .1921 .1892 .1975 .1892 
F = 6 
.1905 .2005 .1876 .1852 .1897 .1953 

10/1 30 .1077 .1111 .1192 .1073 .1146 .1093 .1180 .1118 .1164 .1063 

20/1 60 .0658 .0752 .0693 .0707 .0681 .0673 .0716 .0723 .0689 .0670 

30/1 90 .0581 .0571 .0564 .0549 .0588 .0537 .0592 .0559 .0535 .0565 

40/1 120 .0464 .0439 .0483 .0482 .0481 .0466 .0452 .0519 .0483 .0466 

50/1 150 .0413 .0410 .0451 .0443 .0448 .0445 .0428 .0439 .0399 .0415 
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Table 27 

The dx for Each Sample with k = 5; r = 0.2, 0.4, and 0.6; and n/k — 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 25 .1656 .1602 .1703 .1697 .1655 .1648 .1689 .1604 .1670 .1613 

10/1 50 .1014 .1013 .0980 .1007 .1004 .1012 .0983 .1045 .0976 .1071 

20/1 100 .0695 .0654 .0687 .0695 .0666 .0661 .0685 .0699 .0705 .0663 

30/1 150 .0540 .0518 .0554 .0528 .0521 .0533 .0507 .0538 .0522 .0546 

40/1 200 .0447 .0443 .0499 .0484 .0466 .0468 .0472 .0474 .0470 .0466 

50/1 250 .0420 .0418 .0397 .0432 .0426 .0429 .0420 .0416 .0415 .0414 

5/1 25 .1729 .1765 .1742 .1812 
r = .4 
.1740 .1756 .1816 .1674 .1567 .1799 

10/1 50 .0999 .0994 .0992 .0990 .0997 .0997 .0983 .1031 .1020 .1039 

20/1 100 .0636 .0617 .0655 .0643 .0623 .0614 .0638 .0683 .0643 .0580 

30/1 150 .0486 .0504 .0492 .0493 .0504 .0498 .0510 .0528 .0516 .0482 

40/1 200 .0451 .0412 .0436 .0444 .0445 .0426 .0419 .0425 .0433 .0430 

50/1 250 .0376 .0376 .0398 .0387 .0390 .0348 .0395 .0371 .0367 .0378 

5/1 25 .1906 .1845 .1836 .1940 
r = .6 
.1836 .1903 .1773 .1673 .1847 .1800 

10/1 50 .0989 .1012 .0968 .0993 .1021 .0966 .1023 .1004 .1057 .1016 

20/1 100 .0621 .0618 .0584 .0641 .0610 .0632 .0641 .0598 .0621 .0594 

30/1 150 .0469 .0480 .0461 .0487 .0474 .0469 .0485 .0485 .0468 .0457 

40/1 200 .0401 .0392 .0395 .0412 .0392 .0406 .0414 .0396 .0398 .0397 

50/1 250 .0363 .0362 .0371 .0372 .0352 .0346 .0381 .0369 .0340 .0328 
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Table 28 

The J, for Each Sample with k = 7; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 

40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k 
5/1 

n 
35 .1454 .1477 .1511 .1536 

r=. 2 
.1491 .1469 .1531 .1479 .1544 .1518 

10/1 70 .0868 .0930 .0888 .0925 .0895 .0890 .0910 .0910 .0882 .0928 

20/1 140 .0574 .0578 .0607 .0595 .0600 .0604 .0536 .0603 .0567 .0624 

30/1 210 .0443 .0491 .0463 .0499 .0490 .0462 .0483 .0455 .0510 .0463 

40/1 280 .0445 .0439 .0452 .0446 .0416 .0423 .0400 .0440 .0388 .0432 

50/1 350 .0358 .0381 .0356 .0374 mil .0398 .0380 .0407 .0401 .0362 

5/1 35 .1650 .1704 .1657 .1667 
r = .4 
.1696 .1652 .1732 .1607 .1769 .1631 

10/1 70 .0925 .0910 .0896 .0957 .0973 .0945 .0950 .0964 .0979 .0940 

20/1 140 .0560 .0550 .0586 .0577 .0577 .0543 .0589 .0580 .0581 .0592 

30/1 210 .0464 .0414 .0423 .0455 .0441 .0461 .0446 .0492 .0462 .0434 

40/1 280 .0384 .0375 .0369 .0400 .0387 .0391 .0408 .0393 .0371 .0400 

50/1 350 .0367 .0373 .0369 .0327 .0359 

r = .6 

.1802 

.0348 .0368 .0333 .0362 .0352 

5/1 35 .1710 .1771 .1796 .1698 

.0359 

r = .6 

.1802 .1867 .1703 .1786 .1693 .1794 

10/1 70 .0885 .0927 .0902 .0996 .0924 .0972 .0879 .0922 .0892 .0940 

20/1 140 .0570 .0574 .0543 .0581 .0578 .0537 .0515 .0557 .0557 .0561 

30/1 210 .0424 .0428 .0407 .0437 .0417 .0447 .0460 .0432 .0444 .0423 

40/1 280 .0382 .0331 .0369 .0354 .0365 .0350 .0355 .0358 .0370 .0357 

50/1 350 .0344 .0334 .0322 .0320 .0341 .0331 .0323 .0321 .0340 .0328 
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Table 29 

The d2 for Each Sample with k = 3; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 

30/1, 40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n F = 2 

5/1 15 .1489 .1430 .1404 .1391 .1489 .1438 .1502 .1386 .1351 .1409 

10/1 30 .1029 .1039 .1028 .1024 .1038 .1053 .1066 .0987 .1047 .0995 

20/1 60 .0764 .0698 .0707 .0744 .0729 .0706 .0705 .0734 .0687 .0739 

30/1 90 .0581 .0591 .0620 .0608 .0632 .0608 .0599 .0606 .0591 .0592 

40/1 120 .0530 .0507 .0524 .0522 .0551 .0525 .0534 .0597 .0496 .0521 

50/1 150 .0498 .0463 .0473 .0456 .0448 .0486 .0448 .0469 .0504 .0457 

5/1 15 .1350 .1325 .1326 .1303 

F = .4 
.1322 .1296 .1366 .1384 .1396 .1326 

10/1 30 .0935 .0881 .0926 .0961 .0970 .0947 .0951 .0952 .0942 .0963 

20/1 60 .0670 .0676 .0681 .0664 .0674 .0630 .0702 .0646 .0665 .0671 

30/1 90 .0615 .0559 .0567 .0575 .0579 .0550 .0564 .0550 .0557 .0530 

40/1 120 .0494 .0503 .0446 .0494 .0509 .0480 .0483 .0480 .0492 .0486 

50/1 150 .0451 .0437 .0435 .0445 .0454 .0442 .0431 .0440 .0431 .0416 

5/1 15 .1295 .1225 .1327 .1184 

F = .6 
.1248 .1340 .1126 .1203 .1180 .1251 

10/1 30 .0876 .0915 .0971 .0885 .0949 .0909 .0925 .0864 .0918 .0857 

20/1 60 .0600 .0677 .0596 .0648 .0643 .0604 .0648 .0640 .0611 .0601 

30/1 90 .0533 .0521 .0523 .0520 .0539 .0519 .0559 .0522 .0505 .0529 

40/1 120 .0436 .0415 .0457 .0460 .0448 .0447 .0427 .0490 .0465 .0458 

50/1 150 .0397 .0394 .0423 .0422 .0417 .0428 .0412 .0420 .0375 .0408 
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Table 30 

The d2 for Each Sample with k = 5; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 

30/1, 40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r = .2 
5/1 25 .1191 .1123 .1195 .1158 .1218 .1144 .1276 .1177 .1190 .1173 
10/1 50 .0830 .0866 .0818 .0847 .0881 .0852 .0791 .0865 .0790 .0900 
20/1 100 .0673 .0599 .0617 .0634 .0623 .0601 .0616 .0644 .0644 .0598 
30/1 150 .0524 .0501 .0512 .0485 .0485 .0489 .0491 .0521 .0505 .0511 
40/1 200 .0445 .0456 .0477 .0447 .0445 .0447 .0446 .0451 .0450 .0447 
50/1 250 .0430 .0413 .0401 .0413 .0419 .0406 .0406 .0393 .0405 .0394 

5/1 25 .1018 .1037 .1129 .1094 
r = .4 
.1116 .1115 .1120 .1028 .1006 .1071 

10/1 50 .0756 .0779 .0765 .0758 .0765 .0773 .0763 .0774 .0777 .0813 
20/1 100 .0555 .0513 .0578 .0564 .0566 .0527 .0535 .0584 .0549 .0492 
30/1 150 .0456 .0444 .0450 .0440 .0453 .0440 .0461 .0484 .0470 .0452 
40/1 200 .0433 .0394 .0411 .0420 .0411 .0415 .0399 .0406 .0399 .0404 
50/1 250 .0350 .0361 .0383 .0365 .0372 .0333 .0375 .0356 .0347 .0359 

5/1 25 .0969 .0988 .0995 .1052 
r = .6 
.0971 .1015 .1021 .0933 .0983 .0969 

10/1 50 .0709 .0728 .0680 .0711 .0698 .0712 .0720 .0705 .0743 .0696 
20/1 100 .0523 .0502 .0477 .0534 .0476 .0537 .0517 .0491 .0513 .0483 
30/1 150 .0425 .0437 .0427 .0412 .0420 .0403 .0431 .0441 .0414 .0412 
40/1 200 .0377 .0358 .0366 .0370 .0367 .0363 .0377 .0352 .0365 .0365 
50/1 250 .0345 .0340 .0341 .0348 .0326 .0331 .0346 .0341 .0316 .0316 
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Table 31 

The d2 for Each Sample with k= 7; F = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 

30/1, 40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 

n/k n r =2 
5/1 35 .1040 .1005 .1055 .1001 .0972 .1048 .0148 .1022 .1036 .1013 

10/1 70 .0773 .0776 .0750 .0732 .0777 .0747 .0737 .0748 .0728 .0754 

20/1 140 .0625 .0578 .0599 .0551 .0534 .0519 .0494 .0523 .0536 .0541 

30/1 210 .0555 .0527 .0452 .0470 .0451 .0432 .0456 .0423 .0473 .0447 

40/1 280 .0523 .0450 .0476 .0439 .0409 .0410 .0381 .0422 .0377 .0411 

50/1 350 .0465 .0436 .0387 .0397 .0365 .0363 .0361 .0389 .0389 .0340 

5/1 35 .0944 .0958 .0925 .0949 
F = .4 
.0908 .0922 .0967 .0904 .0925 .0919 

10/1 70 .0697 .0688 .0556 .0674 .0692 .0655 .0687 .0702 .0680 .0667 

20/1 140 .0507 .0461 .0508 .0510 .0470 .0464 .0499 .0478 .0464 .0486 

30/1 210 .0418 .0401 .0405 .0406 .0394 .0411 .0399 .0418 .0393 .0384 

40/1 280 .0388 .0341 .0344 .0362 .0367 .0361 .0367 .0353 .0346 .0364 

50/1 350 .0369 .0349 .0364 .0311 .0320 .0327 .0341 .0312 .0344 .0328 

5/1 35 .0827 .0832 .0863 .0849 
F = .6 
.0855 .0910 .0809 .0885 .0863 .0836 

10/1 70 .0568 .0584 .0580 .0618 .0610 .0613 .0586 .0626 .0564 .0619 

20/1 140 .0442 .0465 .0436 .0448 .0458 .0432 .0426 .0439 .0445 .0454 

30/1 210 .0366 .0370 .0351 .0360 .0350 .0380 .0376 .0362 .0392 .0360 

40/1 280 .0336 .0322 .0328 .0304 .0311 .0311 .0317 .0310 .0322 .0328 

50/1 350 .0325 .0305 .0313 .0290 .0301 .0283 .0293 .0277 .0312 .0290 
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Table 32 

The Counts of d3 for Equal Weights and Least Squares Weights -with k = 3; f = 0.2, 0.4, 

and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 
n/k r = 2 

5/1 EW 328** 330** 311** 355** 325** 333** 339** 335** 336** 342** 
LS 172 170 189 145 175 167 161 165 164 158 

10/1 EW 302 313** 302** 288** 329** 309** 310** 301** 290** 303** 
LS 198 187 198 212 171 191 190 199 210 197 

20/1 EW 290** 286** 289** 285** 301** 278* 295** 270 287** 289** 
LS 210 214 211 215 199 222 205 230 213 211 

30/1 EW 269 287** 287** 260 292** 267 282** 278* 279** 269 
LS 231 213 213 240 208 233 218 222 221 231 

40/1 EW 271 268 267 264 278* 279** 254 267 263 277* 
LS 229 232 233 236 222 221 246 233 237 223 

50/1 EW 265 266 268 272* 273* 256 275* 271 276* 272* 
LS 235 234 232 228 227 

F — A 

244 225 229 224 228 

5/1 EW 369** 352** 346** 363** 
f — .4 
344** 345** 339** 348** 361** 346** 

LS 131 148 154 137 156 155 161 152 139 154 
10/1 EW 292** 298** 322** 299** 314** 277* 295** 298** 305** 312** 

LS 208 202 178 201 186 222 205 202 195 188 
20/1 EW 282** 286** 293** 299** 279** 275* 308** 295** 284** 305** 

LS 218 214 207 201 221 225 192 205 216 195 
30/1 EW 275* 276* 290** 290** 288** 262 280** 281** 287** 275* 

LS 225 224 210 210 212 238 220 219 213 225 
40/1 EW 261 284** 287** 280** 258 259 301** 272* 294** 265 

LS 239 216 213 220 242 241 199 228 206 235 
50/1 EW 271 265 260 293** 267 273* 290** 289** 285** 274* 

LS 229 235 240 207 233 
Y — f\ 

227 210 211 215 226 

5/1 EW 353** 351** 351** 369** 
f — .O 
360** 366** 345** 363** 367** 361** 

LS 147 149 149 131 140 134 155 137 133 139 
10/1 EW 313** 299** 314** 315** 297** 309** 335** 313** 319** 302** 

LS 187 201 186 185 203 191 165 177 181 198 
20/1 EW 264 283** 280** 286** 282** 281** 292** 301** 286** 293** 

LS 236 217 220 214 218 219 208 199 214 207 
30/1 EW 272* 287** 274* 286** 290** 265 277* 282** 269 274* 

LS 228 213 226 214 210 235 223 218 231 226 
40/1 EW 286** 278* 258 280** 286** 265 271 266 268 262 

LS 214 222 242 220 214 235 229 234 232 238 
50/1 EW 260 277* 287** 286** 290** 270 271 271 283** 260 

LS 240 223 213 214 210 230 229 229 217 240 
Note. * p < EW = equal weights, LS = least squares weights. 

0.05. **/?< 0.01. 
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Table 33 

The Counts of d3 for Equal Weights and Least Squares Weights with k = 5; r = 0.2, 0.4, 

and 0.6; and n/k - 5/1, 10/1, 20/1, 30/1, 40/1, and 50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 
n/k r = .2 

5/1 EW 345** 335** 348** 356** 330** 350** 332** 340** 348** 340** 
LS 155 165 152 144 170 150 168 160 152 160 

10/1 EW 313** 301** 318** 308** 302** 322** 321** 317** 322** 318** 
LS 187 199 182 192 198 178 179 183 178 182 

20/1 EW 259 281** 291** 286** 284** 289** 308** 316** 294** 299** 
LS 241 219 209 214 216 211 192 194 206 201 

30/1 EW 240 254 285** 282** 278* 293** 275* 284** 273* 276* 
LS 260 246 215 218 222 207 225 216 227 224 

40/1 EW 244 232 276* 273* 273* 278* 287** 274* 275* 277* 
LS 256 268 224 227 227 222 213 226 225 223 

50/1 EW 236 243 242 265 259 270 274* 292** 267 283** 
LS 264 257 258 235 241 

IF — A 
230 226 208 233 217 

5/1 EW 371** 363** 350** 376** 
r — .*+ 

350** 358** 355** 356** 3 4 9 * * 376** 
LS 129 137 150 124 150 142 145 144 151 124 

10/1 EW 320** 322** 326** 327** 323** 324** 325** 3 3 9 * * 322** 319** 
LS 180 178 174 173 177 176 175 161 178 181 

20/1 EW 277* 311** 296** 291** 278* 311** 308** 319** 315** 307** 
LS 223 189 204 209 222 189 192 181 185 193 

30/1 EW 255 288** 278* 289** 299** 310** 297** 289** 293** 282** 
LS 245 212 222 211 201 190 203 211 207 218 

40/1 EW 247 270 254 266 285** 277* 262 278* 299** 273* 
LS 253 230 246 234 215 223 238 222 201 227 

50/1 EW 240 245 262 273* 272* 265 269 275* 294** 285** 
LS 260 255 238 227 228 

Y — f\ 
235 231 225 206 215 

5/1 EW 393** 388** 395** 390** 
/ — .O 

391** 400** 3 7 7 * * 370** 390** 380** 
LS 107 112 105 110 109 100 123 130 110 120 

10/1 EW 333** 324** 345** 332** 338** 328** 352** 335** 354** 332** 
LS 167 176 155 168 162 172 148 165 146 168 

20/1 EW 291** 302** 304** 308** 323** 303** 319** 3 1 4 * * 308** 314** 
LS 209 198 196 192 177 197 181 186 192 186 

30/1 EW 268 268 267 301** 283** 294** 300** 293** 297** 285** 
LS 232 232 233 199 217 206 200 207 203 215 

40/1 EW 259 267 266 285** 284** 289** 283** 294** 283** 281** 
LS 241 233 234 215 216 211 217 206 217 219 

50/1 EW 251 259 265 278* 283** 268 299** 292** 283** 287** 
LS 249 241 235 222 217 232 201 208 217 213 

Note. EW = equal weights, LS = least squares weights. 
* p < 0.05. ** p < 0.01. 



119 

Table 34 

The Counts of d3 for Equal Weights and Least Squares Weights with k = 7; r = 0.2, 0.4, 

and0.6; andn/k = 5/1, 10/1, 20/1, 30/1, 40/1, and50/1 

Pattern 1 2 3 4 5 6 7 8 9 10 
n/k r = .2 
5/1 EW 326** 332** 337** 362** 3 4 9 * * 336** 355** 3 4 5 * * 357** 352** 

LS 174 168 163 138 151 163 145 155 143 148 
10/1 EW 275* 298** 289** 310** 302** 308** 312** 321** 318** 342** 

LS 225 202 211 190 198 192 188 179 182 158 
20/1 EW 217** 248 254 269 287** 306** 276* 304** 282** 319** 

LS 283 252 246 231 213 194 224 196 218 181 
30/1 EW 193** 232 247 258 275* 270 276* 283** 289** 278* 

LS 307 268 253 242 225 230 224 217 212 222 
40/1 EW 205** 242 226* 244 261 260 274* 279** 274* 282** 

LS 295 258 274 256 239 240 226 221 226 218 
50/1 EW 184** 211** 225** 231 248 262 272* 270 269 285** 

LS 316 289 275 269 253 
Y — A 

238 228 230 231 215 

5/1 EW 358** 378** 372** 370** 
f — 
377** 379** 386** 369** 389** 386** 

LS 142 122 128 130 123 121 114 131 111 114 
10/1 EW 304** 319** 328** 3 4 5 * * 3 3 3 * * 343** 340** 340** 346** 3 4 7 * * 

LS 196 181 172 155 167 157 160 160 154 153 
20/1 EW 270 277* 281** 288** 310** 295** 303** 320** 311** 307** 

LS 230 223 219 212 190 205 197 180 189 193 
30/1 EW 265 267 264 281 297** 288** 280** 317** 309** 291** 

LS 235 233 236 219 203 212 220 183 191 209 
40/1 EW 240 247 270 265 263 281** 298** 278* 276* 291** 

LS 260 253 230 235 237 219 202 222 224 209 
50/1 EW 231 235 240 249 278* 272* 275* 280** 268 288** 

LS 269 265 260 251 222 
Y — f\ 

228 225 220 232 212 

5/1 EW 391** 403** 396** 395** 
r . o 
410** 406** 401** 396** 388** 415** 

LS 109 97 104 105 90 94 99 104 112 85 
10/1 EW 333** 341** 336** 359** 342** 366** 344** 348** 354** 3 3 4 * * 

LS 167 159 164 141 158 134 156 152 146 166 
20/1 EW 295** 299** 285** 315** 321** 312** 302** 336** 310** 310** 

LS 205 201 215 185 179 188 198 164 190 190 
30/1 EW 280** 286** 280** 299** 295** 291** 303** 312** 298** 307** 

LS 220 214 220 201 205 209 197 188 202 193 
40/1 EW 240 277* 272* 293** 293** 289** 290** 297** 300** 274* 

LS 260 223 228 207 207 211 210 203 200 226 
50/1 EW 247 249 268 270 256 296** 290** 309** 279** 305** 

LS 253 251 232 230 244 204 210 191 221 195 
Note. EW = equal weights, LS = least squares weights. 
* p< 0.05. **p<0.01. 
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Table 35 

The d4 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k = 3; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

p .001 .01 .05 .1 .2 .3 .4 .5 .6 .7 .8 .9 1 

n/k r = .2 
5/1 .0152 .0151 .0149 .0147 .0142 .0136 .0131 .0126 .0121 .0116 .0110 .0105 .0100 

10/1 .0234 .0234 .0235 .0236 .0239 .0241 .0244 .0246 .0249 .0251 .0254 .0256 .0259 

20/1 .0194 .0194 .0194 .0195 .0195 .0196 .0197 .0197 .0198 .0199 .0200 .0200 .0201 

30/1 .0106 .0106 .0107 .0109 .0111 .0114 .0117 .0119 .0122 .0125 .0128 .0130 .0133 

40/1 .0091 .0091 .0091 .0091 .0090 .0090 .0090 .0089 .0089 .0089 .0089 .0088 .0088 

50/1 .0033 .0033 .0035 .0037 .0042 .0046 .0051 .0055 .0059 .0064 .0068 .0073 .0077 

5/1 -.0470 -.0465 -.0442 -.0413 -.0356 -.0298 

r =.4 
-.0241 -.0183 -.0125 -.0068 -.0010 .0047 .0105 

10/1 .0173 .0173 .0174 .0174 .0176 .0177 .0178 .0179 .0181 .0182 .0183 .0185 .0186 

20/1 .0179 .0179 .0179 .0179 .0180 .0180 .0181 .0181 .0181 .0182 .0182 .0183 .0183 

30/1 .0123 .0123 .0124 .0125 .0128 .0130 .0133 .0135 .0137 .0140 .0142 .0145 .0147 

40/1 .0088 .0088 .0089 .0090 .0091 .0093 .0094 .0096 .0098 .0099 .0101 .0102 .0104 

50/1 .0070 .0070 .0069 .0068 .0067 .0065 .0063 .0061 .0060 .0058 .0056 .0055 .0053 

5/1 -.0104 -.0105 -.0107 -.0110 -.0117 -.0123 

f ==.6 
-.0129 -.0135 -.0142 -.0148 -.0154 -.0161 -.0167 

10/1 .0139 .0139 .0137 .0134 .0129 .0125 .0120 .0115 .0110 .0105 .0101 .0096 .0091 

20/1 .0140 .0140 .0141 .0142 .0144 .0146 .0148 .0150 .0153 .0155 .0157 .0159 .0161 

30/1 .0110 .0110 .0111 .0113 .0116 .0119 .0122 .0124 .0127 .0130 .0133 .0136 .0139 

40/1 .0096 .0096 .0096 .0096 .0097 .0097 .0098 .0098 .0099 .0099 .0100 .0100 .0101 

50/1 .0063 .0063 .0063 .0063 .0062 .0062 .0061 .0061 .0061 .0060 .0060 .0059 .0059 
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Table 36 

The d4 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k — 5; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

p .001 .01 .05 .1 .2 .3 .4 .5 .6 .7 .8 .9 1 

n/k r = .2 
5/1 .0227 .0231 .0248 .0269 .0312 .0354 .0397 .0439 .0481 .0524 .0566 .0609 .0651 

10/1 .0163 .0166 .0179 .0196 .0229 .0262 .0295 .0328 .0361 .0394 .0427 .0460 .0493 

20/1 .0064 .0066 .0074 .0083 .0103 .0122 .0141 .0160 .0180 .0199 .0218 .0238 .0257 

30/1 .0010 .0012 .0019 .0028 .0046 .0063 .0081 .0099 .0117 .0135 .0152 .0170 .0188 

40/1 -.0021 -.0020 -.0014 -.0006 .0008 .0023 .0037 .0052 .0067 .0081 .0096 .0110 .0125 

50/1 -.0075 -.0073 -.0067 -.0059 -.0042 -.0026 -.0009 .0007 .0023 .0040 .0056 .0073 .0089 

5/1 .0317 .0317 .0317 .0318 .0319 .0320 

r = .4 
.0321 .0321 .0322 .0323 .0324 .0325 .0326 

10/1 .0289 .0290 .0295 .0301 .0312 .0324 .0335 .0347 .0359 .0370 .0382 .0393 .0405 

20/1 .0184 .0185 .0188 .0191 .0199 .0206 .0214 .0221 .0228 .0236 .0243 .0251 .0258 

30/1 .0088 .0089 .0092 .0096 .0104 .0113 .0121 .0129 .0137 .0145 .0154 .0162 .0170 

40/1 .0030 .0031 .0033 .0036 .0043 .0049 .0055 .0061 .0068 .0074 .0080 .0087 .0093 

50/1 .0016 .0016 .0018 .0021 .0025 .0030 .0034 .0039 .0044 .0048 .0053 .0057 .0062 

5/1 .0178 .0178 .0178 .0178 .0179 .0179 

r =.6 
.0180 .0180 .0180 .0181 .0181 .0182 .0182 

10/1 .0285 .0285 .0285 .0285 .0286 .0286 .0287 .0287 .0287 .0288 .0288 .0289 .0289 

20/1 .0175 .0175 .0176 .0178 .0181 .0184 .0187 .0190 .0193 .0196 .0199 .0202 .0205 

.0205 .0084 .0085 .0090 .0095 .0106 .0118 .0129 .0140 .0151 .0162 .0174 .0185 .0196 

40/1 .0050 .0051 .0053 .0055 .0060 .0066 .0071 .0076 .0081 .0086 .0092 .0097 .0102 

50/1 .0005 .0006 .0010 .0016 .0026 .0037 .0047 .0058 .0069 .0079 .0090 .0100 .0111 
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Table 37 

The d4 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k= 7; r = 0.2, 0.4, and 0.6; and n/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

p .001 .01 .05 .1 .2 .3 .4 .5 .6 .7 .8 .9 1 

n/k r = .2 
5/1 .0220 .0226 .0253 .0287 .0355 .0423 .0491 .0558 .0626 .0694 .0762 .0830 .0898 

10/1 .0071 .0076 .0096 .0121 .0171 .0221 .0271 .0320 .0370 .0420 .0470 .0520 .0570 

20/1 -.0058 -.0054 -.0040 -.0022 .0014 .0050 .0086 .0122 .0158 .0194 .0230 .0266 .0302 

30/1 -.0113 -.0110 -.0097 -.0081 -.0049 -.0017 .0015 .0047 .0078 .0110 .0142 .0174 .0206 

40/1 -.0186 -.0183 -.0170 -.0153 -.0121 -.0088 -.0056 -.0023 .0010 .0042 .0075 .0107 .0140 

50/1 -.0198 -.0195 -.0183 -.0168 -.0137 -.0107 -.0076 -.0046 -.0016 .0015 .0045 .0076 .0106 

5/1 .0427 .0428 .0434 .0441 .0456 .0470 
f = .4 
.0485 .0499 .0514 .0528 .0543 .0557 .0572 

10/1 .0315 .0317 .0323 .0330 .0346 .0361 .0377 .0392 .0407 .0423 .0438 .0454 .0469 

20/1 .0132 .0133 .0137 .0143 .0154 .0164 .0175 .0186 .0197 .0208 .0218 .0229 .0240 

30/1 .0027 .0028 .0034 .0041 .0054 .0068 .0082 .0095 .0109 .0123 .0137 .0150 .0164 

40/1 -.0029 -.0028 -.0022 -.0015 -.0002 .0012 .0026 .0039 .0053 .0067 .0081 .0094 .0108 

50/1 -.0084 -.0083 -.0080 -.0075 -.0067 -.0058 -.0050 -.0042 -.0033 -.0024 -.0016 -.0007 .0001 

5/1 .0317 .0318 .0322 .0327 .0337 .0347 
r = .6 
.0357 .0366 .0376 .0386 .0396 .0406 .0416 

10/1 .0300 .0301 .0306 .0311 .0322 .0333 .0344 .0355 .0367 .0378 .0389 .0400 .0411 

20/1 .0174 .0175 .0177 .0179 .0185 .0190 .0196 .0201 .0206 .0212 .0217 .0223 .0228 

30/1 .0074 .0075 .0079 .0083 .0093 .0102 .0112 .0121 .0131 .0140 .0150 .0159 .0169 

40/1 .0026 .0026 .0028 .0031 .0036 .0041 .0046 .0050 .0055 .0060 .0065 .0070 .0075 

50/1 .0039 .0040 .0043 .0047 .0056 .0064 .0073 .0081 .0089 .0098 .0106 .0115 .0123 
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Table 38 

The d5 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k = 3; r = 0.2, 0.4, and 0.6; andn/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

p .001 .01 .05 .1 .2 .3 .4 .5 .6 .7 .8 .9 1 

n/k r = .2 

5/1 -.2489 -.2482 -.2449 -.2408 -.2307 -.2245 -.2164 -.2083 -.2001 -.1919 -.1838 -.1757 -.1675 

10/1 -.0595 -.0596 -.0600 -.0605 -.0616 -.0626 -.0636 -.0646 -.0657 -.0667 -.0677 -.0688 -.0698 

20/1 -.0313 -.0313 -.0312 -.0310 -.0308 -.0305 -.0303 -.0300 -.0298 -.0295 -.0293 -.0290 -.0288 

30/1 -.0176 -.0176 -.0177 -.0177 -.0179 -.0180 -.0182 -.0183 -.0185 -.0186 -.0188 -.0189 -.0191 

40/1 -.0122 -.0122 -.0123 -.0124 -.0126 -.0128 -.0130 -.0131 -.0133 -.0135 -.0137 -.0139 -.0141 

50/1 -.0098 -.0098 -.0099 -.0099 -.0100 -.0102 -.0103 -.0104 -.0105 -.0106 -.0108 -.0109 -.0110 

5/1 -.0922 -.0935 -.0990 -.1060 -.1199 -.1337 

r = .4 
-.1476 -.1615 -.1754 -.1893 -.2031 -.2170 -.2309 

10/1 -.0748 -.0748 -.0747 -.0745 -.0742 -.0739 -.0736 -.0733 -.0731 -.0728 -.0725 -.0722 -.0719 

20/1 -.0326 -.0326 -.0325 -.0324 -.0323 -.0321 -.0320 -.0318 -.0316 -.0315 -.0313 -.0312 -.0310 

30/1 -.0194 -.0194 -.0195 -.0195 -.0196 -.0197 -.0198 -.0199 -.0201 -.0202 -.0203 -.0204 -.0205 

40/1 -.0139 -.0139 -.0140 -.0140 -.0142 -.0143 -.0145 -.0146 -.0147 -.0149 -.0150 -.0152 -.0153 

50/1 -.0114 -.0114 -.0114 -.0113 -.0113 -.0112 -.0112 -.0111 -.0111 -.0110 -.0110 -.0109 -.0109 

5/1 -.2156 -.2155 -.2151 -.2145 -.2135 -.2124 

r = .6 
-.2114 -.2103 -.2092 -.2082 -.2071 -.2061 -.2050 

10/1 -.0795 -.0794 -.0792 -.0789 -.0783 -.0777 -.0771 -.0765 -.0760 -.0754 -.0748 -.0742 -.0736 

20/1 -.0318 -.0318 -.0319 -.0320 -.0322 -.0324 -.0326 -.0327 -.0329 -.0331 -.0333 -.0335 -.0337 

30/1 -.0195 -.0195 -.0196 -.0197 -.0199 -.0202 -.0204 -.0206 -.0208 -.0210 -.0213 -.0215 -.0217 

40/1 -.0147 -.0147 -.0147 -.0148 -.0148 -.0149 -.0149 -.0150 -.0151 -.0151 -.0152 -.0152 -.0153 

50/1 -.0114 -.0114 -.0115 -.0115 -.0116 -.0118 -.0119 -.0120 -.0121 -.0122 -.0124 -.0125 -.0126 



126 

Table 39 

The d5 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k = 5; r = 0.2, 0.4, and 0.6; andn/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

p .001 .01 .05 .1 .2 .3 A .5 .6 .7 .8 .9 1 

n/k r = .2 
5/1 -.1146 -.1154 -.1189 -.1234 -.1323 -.1411 -.1500 -.1589 -.1678 -.1767 -.1855 -.1944 -.2033 

10/1 -.0402 -.0406 -.0421 -.0441 -.0479 -.0518 -.0556 -.0595 -.0634 -.0672 -.0711 -.0749 -.0788 

20/1 -.0160 -.0162 -.0170 -.0181 -.0202 -.0223 -.0244 -.0265 -.0286 -.0307 -.0328 -.0349 -.0370 

30/1 -.0080 -.0082 -.0089 -.0098 -.0115 -.0133 -.0151 -.0168 -.0186 -.0204 -.0222 -.0239 -.0257 

40/1 -.0042 -.0043 -.0049 -.0056 -.0071 -.0085 -.0100 -.0114 -.0128 -.0143 -.0157 -.0172 -.0186 

50/1 -.0025 -.0026 -.0032 -.0038 -.0051 -.0064 -.0077 -.0090 -.0104 -.0117 -.0130 -.0143 -.0156 

5/1 -.1766 -.1770 -.1784 -.1801 -.1837 -.1872 

r = .4 
-.1908 -.1943 -.1978 -.2014 -.2049 -.2085 -.2120 

10/1 -.0697 -.0698 -.0704 -.0711 -.0725 -.0740 -.0754 -.0768 -.0782 -.0796 -.0811 -.0825 -.0839 

20/1 -.0293 -.0294 -.0298 -.0302 -.0311 -.0320 -.0329 -.0338 -.0348 -.0357 -.0366 -.0375 -.0384 

30/1 -.0173 -.0174 -.0177 -.0181 -.0189 -.0197 -.0205 -.0212 -.0220 -.0228 -.0236 -.0244 -.0252 

40/1 -.0120 -.0121 -.0123 -.0127 -.0134 -.0141 -.0148 -.0155 -.0162 -.0169 -.0176 -.0183 -.0190 

50/1 -.0084 -.0085 -.0087 -.0091 -.0098 -.0105 -.0112 -.0119 -.0126 -.0133 -.0140 -.0147 -.0154 

5/1 -.1858 -.1862 -.1876 -.1894 -.1930 -.1966 

r = .6 
-.2002 -.2038 -.2074 -.2110 -.2146 -.2182 -.2218 

10/1 -.0808 -.0808 -.0810 -.0811 -.0815 -.0818 -.0821 -.0824 -.0828 -.0831 -.0834 -.0838 -.0841 

20/1 -.0341 -.0341 -.0343 -.0345 -.0349 -.0353 -.0357 -.0361 -.0365 -.0369 -.0373 -.0377 -.0381 

30/1 -.0205 -.0206 -.0208 -.0211 -.0217 -.0223 -.0229 -.0235 -.0241 -.0247 -.0253 -.0259 -.0265 

40/1 -.0143 -.0144 -.0146 -.0148 -.0154 -.0159 -.0165 -.0170 -.0176 -.0181 -.0187 -.0192 -.0198 

50/1 -.0112 -.0112 -.0114 -.0117 -.0122 -.0127 -.0132 -.0136 -.0141 -.0146 -.0151 -.0156 -.0161 
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Table 40 

The d5 as a Function of the p Value of % for Difference of Psychometric Parallelism for 

Each Sample with k=7; r = 0.2, 0.4, and 0.6; andn/k = 5/1, 10/1, 20/1, 30/1, 40/1, and 

50/1 

~~P :00i .01 " "E 1 1 3 T " :5 .6 .7 .8 .9 1 
n/k _ _ _ _ _ 

5/1 -.0877 -.0887 -.0931 -.0986 -.1095 -.1205 -.1314 -.1424 -.1534 -.1643 -.1753 -.1862 -.1972 

10/1 -.0266 -.0270 -.0292 -.0320 -.0375 -.0430 -.0485 -.0539 -.0594 -.0649 -.0704 -.0759 -.0814 

20/1 -.0017 -.0021 -.0037 -.0057 -.0097 -.0137 -.0177 -.0217 -.0258 -.0298 -.0338 -.0378 -.0418 

30/1 .0045 .0042 .0028 .0010 -.0024 -.0059 -.0094 -.0129 -.0163 -.0198 -.0233 -.0267 -.0302 

40/1 .0081 .0078 .0065 .0049 .0017 -.0015 -.0047 -.0079 -.0112 -.0144 -.0176 -.0208 -.0240 

50/1 .0100 .0097 .0085 .0069 .0038 .0007 -.0024 -.0054 -.0085 -.0116 -.0147 -.0178 -.0209 

f = .4 

5/1 -.1706 -.1710 -.1724 -.1742 -.1779 -.1815 -.1852 -.1888 -.1924 -.1961 -.1997 -.2034 -.2070 

10/1 -.0658 -.0661 -.0674 -.0689 -.0720 -.0751 -.0782 -.0813 -.0845 -.0876 -.0907 -.0938 -.0969 

20/1 -.0253 -.0255 -.0261 -.0269 -.0286 -.0302 -.0319 -.0335 -.0351 -.0368 -.0384 -.0401 -.0417 

30/1 -.0127 -.0129 -.0135 -.0143 -.0158 -.0174 -.0189 -.0205 -.0221 -.0236 -.0252 -.0267 -.0283 

40/1 -.0075 -.0076 -.0082 -.0090 -.0104 -.0119 -.0134 -.0148 -.0163 -.0178 -.0193 -.0207 -.0222 

50/1 -.0040 -.0041 -.0047 -.0055 -.0070 -.0085 -.0100 -.0115 -.0130 -.0145 -.0160 -.0175 -.0190 

r=. 6 

5/1 -.1943 -.1946 -.1958 -.1972 -.2002 -.2031 -.2060 -.2089 -.2119 -.2148 -.2177 -.2207 -.2236 

10/1 -.0773 -.0775 -.0781 -.0790 -.0806 -.0823 -.0839 -.0856 -.0873 -.0889 -.0906 -.0922 -.0939 

20/1 -.0334 -.0335 -.0339 -.0344 -.0355 -.0365 -.0376 -.0386 -.0397 -.0407 -.0418 -.0428 -.0439 

30/1 -.0193 -.0194 -.0198 -.0203 -.0213 -.0222 -.0232 -.0242 -.0252 -.0262 -.0271 -.0281 -.0291 

40/1 -.0126 -.0127 -.0130 -.0135 -.0143 -.0152 -.0161 -.0169 -.0178 -.0187 -.0196 -.0204 -.0213 

50/1 -.0092 -.0093 -.0096 -.0100 -.0108 -.0117 -.0125 -.0133 -.0141 -.0149 -.0158 -.0166 -.0174 
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