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ABSTRACT 

SELECTION OF A STATISTICAL PROCEDURE FOR 

EXPERIMENTS INVOLVING MULTIPLE DEPENDENT MEASURES 

LAURA R. BECHTEL 

After the experimenter defines the statistical hypothesis and 

controls the type I error rate, the choice of a statistical 

procedure can be based on power. This study used Monte Carlo methods 

to investigate the relative power of univariate and multivariate 

tests of the levels, parallelism, and omnibus hypotheses. 

Four thousand runs of the Monte Carlo program were conducted for 

an experiment with given dimensions, population effects, and within- 

groups variance - covariance matrix. As the experimental conditions 

were varied systematically, the effects on power and type I error 

rate were studied. Based on the results of 153 different Monte Carlo 

experiments, a set of guidelines was formulated for experimenters who 

employ multiple dependent measures. The guidelines were expressed in 

flowchart form as well as in text. The prudent experimenter who 

follows these guidelines will use multivariate profile analysis to 

test the parallelism hypothesis and combine multivariate profile 

analysis with between-groups analysis of variance to test the 

omnibus hypothesis. 
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Traditionally, in experiments involving multiple dependent 

measures, the experimental design has determined the statistical 

procedure employed. A repeated-measures experiment is usually 

tested by repeated-measures analysis of variance (ANOVA), while an 

experiment employing multiple dependent measures is tested by multi¬ 

variate analysis of variance (MANOVA). Historic precedent should 

however be irrelevant in the choice of a statistical procedure. 

An appropriate statistical procedure must meet three criteria: 

1. It should test the statistical hypothesis which is of 

interest to the experimenter. 

2. The statistical procedure must maintain the type I error rate 

at or below the nominal alpha level. 

3. The procedure should afford the experimenter maximum power to 

detect the population effects. 

This investigation used these three criteria in order to determine 

guidelines for selecting a statistical procedure for an experiment 

involving correlated observations. 
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Statistical Hypotheses 

An experimenter may wish to test any or all of the following 

hypotheses : 

1. The population mean of group i_equals the population mean 

of group j_, for all X and X- 

2. The population mean on measure k equals the population mean 

on measure X» for all k_ and !_• 

3. The difference between the population mean of group X and 

the population mean of group X on measure J< is equal to the 

difference between the population mean of group X and the 

population mean of group X on measure X» for all X» i» Ji» 

and X* 

These hypotheses correspond to the main effect of groups, the main 

effect of measures, and the group by measure interaction. They can 

be referred to as: 

1. Levels hypothesis 

2. Flatness hypothesis 

3. Parallelism hypothesis 
(Lqne & Bechtel, In press). 

One may also wish to test the omnibus null hypothesis that there are 

no differences between population means on any of the dependent 

measures. 

Levels Hypothesis 

The levels hypothesis can be tested in several ways. The simplest 

way is to give each subject a single score by summing each subject's 

scores on the dependent measures, ANOVA can then be performed on the 

composite scores. The result is the test of the main effect of groups 
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in repeated-measures ANOVA. 

Adding together the dependent measures is a specific case of using 

linear coefficients in order to combine scores. The a priori 

coefficients need not be unit weights in order to test the levels 

hypothesis. Any set of a priori linear coefficients can be used to 

test the levels hypothesis as long as the coefficients have the same 

sign. 

Another method of testing the levels hypothesis is ANOVA on 

factor scores. If all the dependent measures load positively on a 

single factor, the factor weights can form a set of linear coef- . 

ficients. As in other linear weighting schemes, the composite 

scores are analyzed by ANOVA. 

Another procedure is to test the levels hypothesis after the 

omnibus hypothesis has been rejected. If the omnibus hypothesis has 

been rejected, there are three follow-up procedures which can test 

the levels hypothesis. First, the experimenter can decide to reject 

the levels hypothesis if the rank ordering of all the group means is 

the same on all dependent measures. The second follow-up procedure 

is to test the between-groups term in ANOVA. A significant main 

effect of groups allows the rejection of the levels hypothesis. 

Finally after a significant MANOVA, researchers often conduct 

univariate ANOVAs on each measure. The levels hypothesis is 

rejected if the rank ordering of group means is the same for every 

significant ANOVA. The appropriateness of this practice is 

questionable since ignoring the direction of the group means in the 

nonsignificant ANOVAs is tantamount to accepting the null hypothesis. 
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Flatness hypothesis 

There are both univariate and multivariate tests of the flatness 

hypothesis. The hypothesis may be rejected if the main effect of 

measures is significant in repeated-measures ANOVA. A second way to 

test the flatness hypothesis is to use profile analysis. The profile 

analysis test of the flatness hypothesis transforms each subject's raw 

scores into (m-1) components of within-subject differences (i.e., 

linear, quadratic, etc.). If a single-group Hotelling's T -test is 

significant the flatness hypothesis is rejected. 

Parallelism hypothesis 

Profile analysis can be used to test the same hypothesis which 

is tested by the groups by measures interaction in repeated-measures 

ANOVA (Finn, 1969; Bock, 1963). Profile analysis tests the paral¬ 

lelism hypothesis by conducting MANOVA on the (m-1) components of 

within-subject differences. If MANOVA is significant, the paral¬ 

lelism hypothesis can be rejected. 

Omnibus hypothesis 

Although the omnibus hypothesis is tested traditionally by 

MANOVA, this hypothesis can also be tested by univariate methods. 

For example, Geisser and Greenhouse (1958) have derived a test of 

the omnibus hypothesis. Their F-ratio is calculated by pooling the 

numerators and pooling the denominators of the groups and the groups 

by measures terms of repeated-measures ANOVA: 

F (SSq 
+ ss

q x m) (II -9) 
GtG = <sss/g + sss/g x ■> (9-D 



5 

A second univariate test of the omnibus hypothesis is multiple 

ANOVAs. In order to test the omnibus hypothesis, an experimenter 

can perform a univariate ANOVA for each of the dependent measures. 

The omnibus hypothesis is rejected if any of the ANOVAs are 

significant. 

Finally, an experimenter can perform both a test of the levels 

hypothesis and a test of parallelism in order to test the omnibus 

hypothesis. For instance, an experimenter can perform repeated- 

measures ANOVA. If there is either a main effect of groups or a group 

by measure interaction, the omnibus hypothesis is rejected. It is 

also possible to combine the g between-groups term of ANOVA with 

the profile analysis test of parallelism in order to test the omnibus 

hypothesis. 

Type I Error Rate 

If a statistical procedure is able to test the hypothesis of 

interest to the researcher, the next criterion which the procedure 

must meet is the ability to control the type I error rate. Two 

factors can inflate the type I error rates of statistical procedures. 

Violations of assumptions 

In order to compute the between-groups term in ANOVA, one must 

assume that, for each treatment population i, the random error 

associated with a particular treatment-subject combination (e..) is 

distributed N(0, a*) (Hays, 1973, p. 467). Even if this assumption 

is violated, an experimenter need not worry about the type I error 

rate as long as there are equal numbers of subjects per cell. 

Linquist (1953) investigated the effects of violations of both 

normality and homogeneity of variance. He concluded that 
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heterogeneity, either of form or of variance, "must be quite 

extreme to be of any serious consequence" (p. 353). Donaldson 

(1968) found that extreme nonnormality caused the F-test to become 

conservative. 

The assumptions of MANOVA are a generalization of the assumptions 

of multinormal distribution of errors and homogeneous within-group 

variance-covariance matrices. Olson (1973) has investigated the 

robustness of MANOVA. He found that positive kurtosis caused the 

test statistics of MANOVA to become generally conservative. One 

exception to this trend for MANOVA statistics to become conservative 

as populations become peaked was that the Greatest Characteristic 

Root statistic developed "a severely inflated type I error rate" when 

only one of several groups was subject to kurtosis (Olson, 1976, p. 

582). 

Violations of the assumption of homogeneity of variance- 

covariance matrices have a more dramatic effect on the type I error 

rate of MANOVA statistics. Olson found that all tests were conserva¬ 

tive when the heterogeneity was equally divided among the groups. 

However, if only one population had^'a discrepant variance-covariance 

matrix, all the tests displayed inflated alpha levels. The Piliai- 

Bartlett test.was by far the most robust. For example, when the 

nominal alpha level was .05 and the deviant population had a 

standard deviation six times the standard deviation of the other 

groups, the actual alpha levels for the Greatest Characteristic Root, 

Wilk's Lambda, and the Pi11 ai-Bartlett test statistics were 

respectively, .62, .49, and .09 (Olson. 1976, p. 583). 

Repeated-measures ANOVA makes one assumption in addition to 
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the two assumptions of between-groups ANOVA or MANOVA; the within- 

groups correlation between any two measures is assumed to equal the 

within-groups correlation between any other pair of measures. Unlike 

the other assumptions of ANOVA, if this additional assumption of 

repeated-measures ANOVA is violated, the type I error rate will be 

greater than the nominal alpha level (collier et al, 1967; Box 1954; 

Geisser and Greenhouse, 1958). 

Box (1954) showed that the F-ratio which tests for a main effect 

of measures in a subjects by treatments design is approximately 

distributed as F with (m-l)(n-l)e degrees of freedom, where epsilon 

is a measure of the degree to which the population variance- 

covariance matrix of the measures deviates from the assumed pattern. 

Geisser and Greenhouse (1958) generalized Box's finding to a design 

in which there are £ groups with £ subjects per group, and N=ng 

where N is the total number of subjects in the experiment. They 

proved that the minimum value of epsilon is (m-1)”^. Therefore, if 

the worst violation possible were to occur, the F ratio for measures 

would have 1 and N-g degrees of freedom and the F ratio for group by 

measure interaction would have g-1 and N-g degrees of freedom. 

Collier et al (1967), pointed out the epsilon could be estimated 

from the sample variance-covariance matrix. The F-ratio for the main 

effect of measures could then be tested on (m-l)ê and (m-l)(N-g)ê 

degrees fo freedom. In a Monte Carlo investigation, Collier et al 

found that the ê-adjusted F-test displayed alpha levels that 

approximated the nominal alpha level fairly well. Typically the 

epsilon-corrected ANOVA was conservative; at times, the type I error 

was inflated very slightly (Collier et al., 1967). 
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Conducting multiple tests 

Aside from violating distributional assumptions, inflated alpha 

levels can result from conducting multiple tests. If k 

independent tests are conducted in order to test a single null 

hypothesis then: 

otj_| “1 “ ( 1 ■ )( 1 * o&2)...(! ■ ot|^) 

where is the alpha level for the hypothesis, a-j is the alpha level 

for the first test in the set of k^ tests, and is the alpha level 

for the last of the k^ tests. According to this formula, if two 

independent tests were conducted at the .05 level in order to test 

the omnibus hypothesis, the omnibus hypothesis would be rejected 

falsely 9.75% of the time. In order to control the type I error 

rate, the alpha level for each of two tests must equal approximately 

.025 if the alpha level for the omnibus hypothesis is to be less 

than or equal to .05. Experimenters must adjust the alpha level 

per test whenever they conduct multiple tests of one hypothesis. 

Power 

Given that type I error rates can be controlled adequately by the 

choice of a robust statistic, by the epsilon correction, or by 

adjusting the alpha level per test, the choice of a statistical 

procedure depends upon power. Before the present investigation, 

little was known about the relative power of the various techniques 

for testing the parallelism and omnibus hypotheses. 

Davidson (1972) discussed the factors affecting the relative 

power of the univariate and the multivariate tests of the flatness 

hypothesis. Testing the flatness hypothesis is tantamount to asking 

whether any of the components of within-subject differences are 
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nonzero. The ability to detect a nonzero component depends on both 

the size of the component and the size of its corresponding error 

term, the subjects by component interaction. Multivariate profile 

analysis tests the flatness hypothesis by finding an optimal 

weighting of components ANOVA weights the components equally. The 

relative power of ANOVA to profile analysis varies as a function 

of the degree to which an optimal weighting scheme is superior to 

an equal weighting scheme. If the optimal weighting is only some¬ 

what superior, ANOVA is more powerful. 

The most important factor determining the degree to which 

optimal weighting is superior to equal weighting is the coincidence 

or noncoincidence of the size of a component and its error. In this 

paper, coincidence means that the largest components of the within- 

subject differences have the most error. Noncoincidence implies that 

the size of a component is inversely related to the size of its error 

variance. 

Davidson (1972) showed that a pattern of noncoincidence favored 

the multivariate procedures, while coincidence favored ANOVA. 

. Consider the case in which there are three measures and, therefore, 

two components of within-subject differences. If the larger component 

has the smaller error, power can be gained by weighting that component 

heavily and ignoring the other. On the other hand, if the larger 

component has the larger error, no weighting scheme will be much 

better than weighting the two components equally. 

Parallelism hypothesis 

Davidson's arguments are generalizable to tests of the parallelism 

hypothesis (1972). The parallelism hypothesis is a test of whether 
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two or more groups differ on one or more components of within- 

subject difference. If the components on which the groups differ 

most tend to contain the most error, then optimal weights will not 

be much better than unit weights. If the components on which the 

groups differ have less error than the other components, power can 

be gained by weighting some components more than the others. It is 

the second situation which should favor the profile analysis test 

of parallelism. 

Omnibus hypothesis 

There are six statistical procedures which test the omnibus 

hypothesis: 

1. MANOVA 

2. multiple ANOVAs 

3. the Geisser and Greenhouse F-ratio. 

4. testing the levels hypothesis 

5. testing the parallelism hypothesis 

6. rejection of the omnibus hypothesis if either levels or 

parallelism may be rejected. 

Four of these statistical procedures allow the experimenter to tailor 

the test of the omnibus hypothesis to prior beliefs about the 

populations. The four tests which afford this opportunity are: 

multiple ANOVAa, the test of levels, the test of parallelism, or 

the test of the omnibus hypothesis by both a test of levels and a test 

of parallelism. 

If an experimenter can take advantage of prior beliefs, he/she 

may be able to gain power by using multiple ANOVAs. For example, if 

there were three dependent measures and the experimenter's greatest 
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interest were in the treatment effect on the first dependent 

variable, a different alpha level could be assigned to each of 

the three univariate ANOVAs. If the alpha levels assigned were 

.03, .01, and .01, the experimentwise type I error rate would 

be less than .05. If the experimenter had assigned equal alpha 

levels to the three ANOVAs, each test would have been tested at the 

.017 level. Thus, the differential testing of the three ANOVAs 

enables the experimenter to gain power to test the first measure. 

There are three disadvantages of performing multiple univariate 

ANOVAs. First, multiple ANOVAs are often a conservative test. The 

formula stated earlier is a conservative adjustment; the actual 

alpha level will equal the nominal alpha level only if the tests 

are independent. As the tests become more dependent, the actual 

alpha level becomes smaller. 

Second, if the experiment has many dependent variables, the 

alpha level for any single ANOVA can become prohibitively small. For 

example, if there are ten measures, each might be tested at .005. If 

the experimenter wishes to gain power in order to test one measure at 

the .03 level, most of the power to test the other measures must be 

forfeited. The other nine variables may be tested at .002. 

The third disadvantage of multiple ANOVAs exists whenever an 

experimenter attempts to capitalize on a priori beliefs. If the 

beliefs are verified, the power is put to effective use. However, 

if the premise for choosing a statistical procedure is false, the 

experimenter may have forfeited the ability to detect the 

population effects which are present. 
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As the relative power of profile analysis, the relative power of 

MANOVA depends on the degree to which an optimal weighting scheme is 

superior to a unit weighting scheme. If interaction exists, MANOVA 

will assign positive weights to some variables and negative weights 

to others. For example, if the weights were (01, 1), then the test 

would be of whether the difference between measures one and two 

differs over groups. The more the optimal weights differ from unit 

weights, the greater the power advantage of Manova. It should be 

noted that the error for each component of within-subject differences 

is related to rho, the correlation between measures, according to the 

formula: 

= o2(1 - p) 

Therefore, one can predict that if a large rho coincided with a large 

effect, MANOVA would have an advantage over univariate tests of the 

omnibus hypothesis. 

Since several procedures can test the same hypothesis and since 

type I error rates can be controlled, this study investigated the 

relative power of several statistical procedures. Before the Monte 

Carlo experiments were performed, it seemed that each of the 

procedures had something to offer. There were no clear rules 

concerning which statistical procedure was the best test of any given 

hypothesis. It was hoped thfct the information gained in this 

investigation would help complete a set of guidelines of choosing 

among the statistical procedures. 

Procedure 

This investigation used Monte Carlo methods to simulate random 
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sampling from populations under a given set of experimental 

conditions, the experimental conditions which were manipulated were: 

1. the number of dependent measures, m 

2. the number of experimental groups, £ 

3. the number of subjects per cell, £ 

4. the population variance-covariance matrix, 

5. the population effects, 

Dimensionality 

In this investigation, m equaled 2 or 4; £ equaled 2 or 4; and 

£ equaled 5, 10, or 15. All combinations of m, £,and £ were 

investigated except for the case when £=4 and £=15. It was decided 

that the information which might be gained from making the 

investigation completely factorial did not justify the cost of 

computing the power when the total number of "observations" 

equaled 120 or 240. 

Population Variance-Covariance Matrix 

This investigation modeled populations which always met the 

assumption of MANOVA of homogeneity of within-group variance- 

covariance matrices. In each of the Monte Carlo experiments, a 

single sigma represented the within-group variance-covariance 

matrices for all the experimental groups. 

This study investigated five population variance-covariance 

matrices. Some of the matrices met the assumptions of ANOVA, other 

matrices did not. Those population variance-covariance matrices 

which met the assumptions of ANOVA were uniform. A uniform sigma 

has all variances equal to a2 and all covariances equal to pa2. 
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The three uniform sigmas which were studied in this investi¬ 

gation had a2 = 1.0 and p = .25, p = .50, or p = .75. These values 

of rho were chosen to cover the range of correlations which an 

experimenter is likely to encounter. 

In this study, two nonuniform sigmas were investigated. One 

pattern violated both the assumption of homogeneity of variance and 

the assumption of equal measure to measure correlations. It can be 

written in lower triangular form as: 

259.21 

172.69 299.29 

144.10 179.61 320.41 

132.42 163.48 209.88 306.25 (Wilson, 1974). 

The measures in Wilson's experiment were scores on the Bayley Mental 

Scale of Infant Development. This investigation used the pooled 

within-group variance-covariance matrices for measurements taken at 

9, 12, 18, and 24 months of age. 

The second nonuniform sigma which was used in this study 

violates only the assumption of equal trial to trial correlations: 

1.0 

0.865 1.0 

0.169 0.534 1.0 

0.359 0.504 0.735 1.0 

This deviant sigma was adapted from a study of interactive computer 

response time (Williams and Seenson, 1977). As Wilson's sigma, 
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the response time sigma displays a simplex^ pattern of covariance 

and is based on data from a repeated-measures design. 

Wilson's sigma had an epsilon equal to .93; the response 

time sigma had an epsilon equal to .55. Epsilon is an index of 

the degree to which sigma violates the assumptions of ANOVA, and, 

therefore, Wilson's sigma represents relatively mild violation of 

and assumptions and the response time sigma represents severe 

violations. 

Population Effects 

The size of population effects was chosen in order to avoid 

ceiling or floor effects. During trial runs of 1,000 iterations 

each, it was discovered that, if the power of a procedure was 

about .5 when ji equaled ten, then the power of that procedure would 

be acceptable if the sample size changed to five or fifteen subjects 

per group. Furthermore, the equality of population effects allowed 

straightforward comparisons among different conditions. Therefore, 

the same patterns of population effects were used for all values of 

£ when the other parameters of the experiment were unchanged. 

This investigation studied several patterns of population 

^A simplex variance-covariance matrix is one in which the corre¬ 
lations between adjacent measures are higher than the correlations 
between measures which are separated by one measure. The smallest 
correlation is between measure one and the last measure. An example 
of a simplex sigma is: 

1.0 
.9 1.0 
.8 .9 1.0 
.7 .8 .9 1.0 
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effects. The following variables were manuipulated: 

1. degree of interaction 

2. degree of main effects of groups 

3. the concentration or diffusion of population effects 

among four groups 

4. the coincidence or noncoincidence of effects and error. 

In choosing the patterns of population effects, the goals were to 

systematically vary the four variables and, also, to maintain 

similarity of the pattern across experimental conditions in order to 

allow meaningful comparisons. 

Different population effects were investigated when the 

population variance-covariance matrix (l) was uniform and when sigma 

was nonuniform. Table 1 show the population effects which were 

investigated when sigma was uniform. In the first four patterns of 

population effects the size of the interaction progressed from 

nonexistent to large. 

The population effects which were investigated when sigma was 

nonuniform are shown in Table 2. The "increasing" pattern in Table 2 

exemplifies two or four different logarithmically increasing growth 

curves. These curves represent typical patterns of developmental 

data (Wohlwill, 1973). 

Since the variance in Wilson's sigma is about 300 times as great 

as the variance in the other nonuniform sigma, the population means 

were adjusted when sigma was from Wilson's data. Thus, when Wilson's 

sigma was used, the "increasing" pattern of population effects was 

to times as great as the increasing pattern for the response time 

sigma. 
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If sigma is simplex, then the increasing growth curves 

present coincidence of large error with large effects. Therefore, 

in the "nonincreasing" pattern, the population means were rearranged 

in order that the effect of groups remained constant but the large 

effects did not coincide with large error. 

In addition to the population effects displayed in Tables 

1 and 2, this study investigated the type I error rate of several 

statistical procedures when there were no population effects. This 

check on the actual alpha levels provided information on how con¬ 

servative a procedure was or how inflated the type I error rate was 

when the null hypothesis was true* When the null hypothesis was 

true, all the elements of the matrix of population means were zeros. 

Random Number Generation 

Once the parameters of a Monte Carlo experiment were defined, 

the international Mathematical Sciences Library (IMSL) subroutine 

GGNRM was used to generate multivariate normal random numbers. The 

subroutine factored the given variance-covariance matrix into LL', 

where L was a lower triangular matrix. Then, using a different 

seed number each time, GGNRM generated N vectors of m random 

deviates each. The appropriate population effects were added to the 

generated vectors such that: 

xijk=RVECijk+ujk 
where x^.^ is the score for subject i_ within group i on measure 

RVECijk 1S the random deviate for subject X within group £ on measure 

and u^ is the population effect for group ion measure J<. 
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Statistical Procedures 

In the Monte Carlo investigation, each simulated sample was 

analyzed by several statistical procedures. The levels hypothesis 

was tested by the between-groups term in ANOVA. Rather than 

calculate the sums of squares (SS) for groups and the sums of 

squares for subjects within groups in the manner common for 

repeated-measures experiments (Winer, p. 525, 1962), this program 

took advantage of having calculated the hypothesis (H) and error (E) 

matrices for MANOVA. The SS for groups were found by summing the 

elements of the H matrix; the SS for subjects within groups were 

found by summing the elements of the E matrix. The sum of squares 

found by this method are equivalent to the sums of squares found by 

repeated-measures ANOVA (Bock, 1975). 

The parallelism hypothesis was tested by three procedures: 

1. the interaction term in ANOVA 

2. multivariate profile analysis 

3. ê-corrected ANOVA. 

Again, since this program calculated the H and E matrices for MANOVA, 

it did not follow Winer's method of calculating the interaction term 

in repeated-measures ANOVA. This program premultiplied and post- 

multiplied H and E by a set of (m-1) contrasts. If P is a matrix of 

contrasts, then the sum of the diagonal of P'HP is the sum of squares 

interaction and the sum of the diagonal of P'EP is the sum of squares 

measures by subjects within groups (Bock, 1975). 

The profile analysis test of parallelism is equivalent to 

performing MANOVA using P'HP and P'EP instead of using H and E (Bock, 

1975). Just as several statistics can be derived and tested for 
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significance during MANOVA, the end result of the profile analysis 

test of parallelism can be any MANOVA statistic. In this study, 

the MANOVA and profile analysis procedures employed F approximation 

to Wilk's Lambda. The choice of test statistics was based on the 

article by OLSON (1976). Wilk's Lambda is fairly robust and is used 

frequently. 

The program calculated the sample epsilon when m equaled four. 

It used the formula of Collier e£ al_ (1967): 
_im - i 

ê=m2(m Zcr..-m 2a..)2/(m-l)(ZZ a2-2m Za2+m 2a2..). 
i 11 1j' j J* 

After the sample epsilon was calculated, the program referred to one 

of five tables of critical F values. Each of the five tables 

corresponded to a different combination of the dimensionality 

parameters : 

£ = 5, m = 4, £ = 2; £ = 10, m = 4, £ = 2; £ = 15, m = 4, £ = 2; 

£ = 5, m = 4, £ = 4; £ = 10, m = 4, £ = 4. 

Since each table contained the critical values of F which were 

required if the sample epsilon equaled any of 200 equally spaced 

numbers from .0 to 1.0, this method of using tabled F values for the 

sample epsilon saved time. Instead of adjusting the degrees of 

freedom and calculating the critical value of F four thousand 

times during each Monte Carlo experiment, a separate run calculated 

the tables. In order to calculate one table, a program adjusted 

the degrees of freedom and calculated the critical value of F only 

200 times. Thus, the number of times that a critical F was cal¬ 

culated was 1,000 (ie., 200 X5) rather than 612,000 (ie., 4000 x 153). 



22 

The omnibus hypothesis was tested in five ways: 

1. multiple univariate ANOVAs 

2. the Geisser-Greenhouse test of the omnibus hypothesis 

3. MANOVA 

4. rejection of the omnibus hypothesis if either between- 

groups ANOVA or ê-corrected ANOVA was significant 

5. rejection of the omnibus hypothesis of either between- 

groups ANOVA or profile analysis was significant. 

Again, matrix algebra was used whenever possible to combine 

calculations rather than calculate each procedure separately. For 

example, rather than calculate a separate univariate ANOVA for each 

measure, the diagonal of the H matrix contained the between-groups 

term for each measure. Therefore, each diagonal element of H was 

divided by its corresponding diagonal element of E in order to 

compute the univariate ANOVA for each measure. The computational 

details for the four other tests of the omnibus hypothesis have 

already been described in either the introduction or procedure 

sections of this thesis. 

The nominal alpha level for each hypothesis was .05. Therefore, 

when the omnibus hypothesis was tested by using both a test of 

levels and a test of parallelism, the alpha level for each test 

equaled .02532. In a similar manner, the alpha level for each 

univariate ANOVA was adjusted when multiple ANOVAs tested the 

omnibus hypothesis. 

Results and Discussion 

The appendix shows the empirically-determined power of the 

ten statistical procedures which test either the levels, parallelism, 
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or omnibus hypothesis. These results represent the outcome of 153 

Monte Carlo experiments. The Monte Carlo experiments determined 

the power of only one test of the levels hypothesis, between-groups 

ANOVA. Therefore, the results of this study can offer no guidelines 

for choosing a test of the levels hypothesis. Since the between- 

groups term of ANOVA can test the omnibus hypothesis, its relative 

power will be reported when guidelines are formulated for testing 

the omnibus hypothesis. 

Parallelism hypothesis 

This study investigated three tests of the parallelism hypothe¬ 

sis: 

1. the interaction term of ANOVA 

2. the interaction term of ANOVA corrected by the sample 

epsilon 

3. profile analysis using Wilk's Lambda (W). 

Whenever m equals two, all four tests of parallelism are numerically 

equal. (The sample epsilon equals 1.0; and P'HP and P'EP are 

scalars.) Thus, this study can make no comparison of relative 

power when m - 2. If sigma was uniform, uncorrected ANOVA was the 

most powerful test of parallelism. However, uncorrected ANOVA has 

an inflated type I error rate if its assumptions are violated. For 

example the actual alpha level was inflated to .094 when e = .55, 

£ = 10, m = 4, and £ = 4. Even in a population with a near uniform 

variance - covariance matrix, uncorrected ANOVA produced too many 

Type I errors. The empirically determined alpha was .059 when epsilon 

equaled .93, £ - 5, m = 4, and £ = 4. Therefore, an experimenter 

should use uncorrected ANOVA only when certain that the population 
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meets the necessary assumptions. 

Since an experimenter will rarely know that the population 

variance - covariance matrix is uniform, it is important to 

investigate the relative power of ê - corrected ANOVA and 

multivariate profile analysis. Epsilon - corrected ANOVA, was a 

conservative test when all the assumptions of ANOVA and MANOVA were 

met; its actual alpha level was .041. ANOVA corrected by ê is a 

conservative test when all assumptions are met because the sample 

epsilon will never equal 1.0. 

Uniform sigma. In general, the power of ê - corrected ANOVA 

and that of profile analysis were quite similar. Usually, ê - 

corrected ANOVA was more powerful than profile analysis. The power 

advantage of ê - corrected ANOVA increased as the absolute power of 

the tests of parallelism increased. For example, as the number of 

subjects per cell increased from five to ten to fifteen, the 

advantage of ê - corrected ANOVA over profile analysis increased from 

.009 (ie., .131 versus .122) to .017 (ie., .304 versus .287) to .033 

(ie., .519 versus .486) when the interaction was large, rho was .50, 

m - 4, and £ = 2. The only instances in which the power of profile 

analysis equalled or surpassed that of ANOVA occurred when the power 

of both tests was quite low. Because ê - corrected ANOVA is 

conservative when the population epsilon is equal to 1.0, it is 

possible for its power to be smaller than the nominal alpha level. 

Thus, when p = .25, £ = 5, m = 4, and £ = 2, and the interaction was 

small, the power of ê - corrected ANOVA was only .038. The power of 

profile analysis was .054. When the effects were larger, the relative 

as well as the absolute power of ê - corrected ANOVA increased. 
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In summary, the results show-that ê - corrected ANOVA and 

profile analysis are quite similar over the parameters which were 

investigated when sigma was uniform. Overall, ê - corrected ANOVA 

was the preferred test, especially in cases where the power of both 

tests was relatively large (ie., large £ and large interaction). 

When the effects were quite small, profile analysis had slightly 

more power than ê - corrected ANOVA. 

Nonuniform Sigma. The relative power of ANOVA and profile 

analysis is strongly influenced by two factors: (1) the coincidence 

or noncoincidence of effects and error, and (2) the degree of 

nonuniformity. The greater the nonuniformity, the more the error 

components will vary. Therefore, nonuniformity favors profile 

analysis since it can weight heavily those components which have 

the least error. The power of profile analysis is further enhanced 

if those components with the small error contain the large effects. 

Therefore, one might expect that when there is only slight deviation 

from uniformity and when the large effects coincide with large error, 

ê - corrected ANOVA should be more powerful than profile analysis. 

In fact, the results of this study confirm these expectations. 

When sigma was adapted from Wilson's (1975) data and the population 

effects were derived from Wohlwill (1973), ê - corrected ANOVA was 

more powerful than profile analysis. The appendix shows that the 

pattern of coincidence of large error and large effects and the 

near-uniformity of sigma gave ê - corrected ANOVA the advantage of 

power: with ji = 10, m - 4, and £ = 2, the power of t - corrected 

ANOVA was .626 while that of profile analysis was .508. This study 

did not investigate the relative power of ANOVA and profile analysis 



26 

for e = .93 and a pattern of noncoincidence of large effects and large 

error. 

It is likely that many learning and developmental studies will 

investigate populations in which the largest effects coincide with 

the largest error. In longitudinal studies, the largest component 

of the groups by measure interaction is often a comparison of 

between-groups difference on the first trial with the between-groups 

difference on the last trial. In the simplex sigma which is typical 

of developmental data (Wilson, 1975), the smallest correlation is 

between the first and the last measures. Therefore, in typical 

developmental data, one expects the largest component of the inter¬ 

action to coincide with the largest error variance. Furthermore, the 

sample epsilon derived from developmental data is typically greater 

than .65 (Wilson, 1975). This study showed that, under conditions 

typical of developmental experiments, ê - corrected ANOVA was more 

powerful than profile analysis. 

Like Wilson's sigma, the computer response time sigma was 

simplex. However, in this case sigma was extremely nonuniform; 

epsilon was.55. When the large effects were associated with the 

large error, profile analysis was somewhat more powerful. For 

example, with £ = 10, m = 4, and £ = 4, the power of profile analysis 

was .365 but the power of ê - corrected ANOVA was .218. The most 

dramatic result occurred when Williams and 5wenson's sigma was used in 

conjunction with the pattern of effects in which the large effects 

tended to be paired with the small error. The power in .991 when 

tested by profile analysis, but only .195 when tested by ê - 

corrected ANOVA. 
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Therefore, if an experimenter is confident that the 

nonuniformity is not severe, and that large effects coincide with 

large error, ê - corrected ANOVA is the preferred test. If sigma 

is more nonuniform than originally thought, but effects do 

coincide with error, ANOVA will only be somewhat behind profile 

analysis. On the other hand, an experimenter must be certain to 

use profile analysis if there is a possibility of both a deviant 

sigma and noncoincidence of effects and error. The prudent 

investigator will always use profile analysis, for the loss in 

power is not extreme under any circumstances, while the gain is 

quite considerable with a severely deviant sigma and noncoincidence 

of effects and error. 

Omnibus Hypothèsis 

This investigation studied six statistical procedures which 

test the omnibus hypothesis: 

1. multiple univariate ANOVA 

2. the Geisser-Greenhouse test 

3. MANOVA with Wilk's Lambda 

4. rejecting the omnibus hypothesis if either the between- 

groups term or the interaction term of ANOVA is 

significant 

5. rejecting the hypothesis if either the between-groups 

term or ê - corrected ANOVA is significant 

6. rejecting the hypothesis if either between-groups ANOVA 

or profile analysis using Wilk's Lambda is significant. 

In addition to these six procedures, any test of levels or any test 
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of parallelism may indirectly test the omnibus hypothesis. For 

instance, if the between-groups term of ANOVA were significant, 

then the omnibus hypothesis may be rejected. In fact, the 

between-groups term of ANOVA was often the most powerful test of the 

omnibus hypothesis. However, the use of either a test of levels 

alone or a test of parallelism alone to test the omnibus 

hypothesis demands a good deal of knowledge about both the 

population effects and the variance - covariance matrix. If this 

a priori knowledge is correct, then the experimenter can employ 

the most powerful test of the omnibus hypothesis. However, if 

the a priori knowledge is incorrect, the experimenter forfeits all 

power to detect the population effects that exist. Furthermore, if 

the experimenter was extremely confident that a main effect of groups 

was present in the population, then using between-groups ANOVA to 

test the levels hypothesis rather than the omnibus hypothesis would 

gain more specific information. 

Geisser - Greenhouse test. The appendix shows that this study 

found the Geisser - Greenhouse test to be extremely conservative; the 

actual alpha level was as low as .006. The results also indicate 

that the Geisser - Greenhouse test is the most powerful test of the 

omnibus hypothesis under extremely limited conditions. The relative 

power of the Geisser - Greenhouse test was greatest when there was 

no interaction, rho was equal to .74, the sample size was large, and 

the number of measures was four. Even under these optimal conditions, 

an experimenter would not forfeit much power if he chose multiple 

univariate ANOVAs rather than the Geisser - Greenhouse test. For 

example, when rho was .75, there was no interaction, n = 15, m = 4, 
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and £ = 2, the power of the Geisser - Greenhouse test was .796; that 

of multiple univariate ANOVAs was .755. 

The power advantage of the Geisser - Greenhouse test 

disappeared when the population effects contained a small inter¬ 

action or when the rho was less than .75. For instance, if rho 

changed from .75 to .50 when all other parameters remained optimal 

for the Geisser - Greenhouse test (ie., there was no interaction, 

£ = 15, m - 4, £ = 2), then the power of the Geisser - Greenhouse 

test was less than that of multiple univariate ANOVAs. The power 

of the former test was 1843; the power of the latter was .851. 

Multiple univariate ANOVAs. Unlike the relative power of the 

Geisser - Greenhouse test, the relative power of multiple univariate 

ANOVAs was good under a wide range of experimental conditions. 

However, an increase in the number of measures decreased the relative 

power of multiple univariate ANOVAs. This result is logical since 

the alpha level per individual test declines as the number of 

measures increases. The appendix shows that multiple univariate 

ANOVAs are usually somewhat more powerful than profile analysis 

combined with the between-groups term when there were two measures, 

and sometimes more powerful than any other test when the number of 

measures increased to four. For example, multiple ANOVAs were more 

powerful than the between-group term with profile analysis when 

p = .25, interaction was moderate, £ = 5, and £ = 4. When m = 2, the 

difference between the power of multiple ANOVAs and that of combined 

profile analysis was .017 (.226 versus .209). When m = 4, the 

difference narrowed to .011 (.202 versus .191). 
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Just as one could logically predict that an increase in the 

number of measures would decrease the relative power of multiple 

ANOVAs, it is also logical to expect that as rho increases the 

relative power of multiple ANOVAs decreases. As the correlation 

between measures decreases, the individual univariate ANOVAs 

become less dependent. Therefore, as rho decreases, the adjustment 

of the alpha level is not as conservative a correction as it is 

when the individual ANOVAs are farther from independence. For 

example, when there was a moderate interaction, £ = 15, m = 2, and 

£ = 2, then the decrease in rho from .75 to .50 led to a change in 

the most powerful test of the omnibus test. When rho was .75, the 

power of MANOVA was greater than that of multiple univariate ANOVAs 

(.697 versus .643). When rho was .50, the power of multiple 

univariate ANOVAs surpassed that of MANOVA (.665 versus .633). 

Multiple univariate ANOVAs did best when the other statistical 

procedures had no conditions upon which they could capitalize. 

For example, MANOVA was relatively powerful when there was a large 

interaction and a high rho or if sigma was nonuniform. As the 

appendix shows, what was a power advantage for MANOVA when p = .50, 

interaction was large, £ = 15, m = 2, and £ = 2 changed to an 

advantage for multiple univariate ANOVAs when the size of the 

interaction decreased. The power of MANOVA and multiple ANOVAs was 

respectively .682 and .662 when the interaction was large and .633, 

.665 when the interaction was moderate. 

Multiple ANOVAs had the greatest relative power when the number 

of measures was two, the sample size was small, rho was small, and 

the interaction was small or moderate. Under some conditions, 
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multiple ANOVAs were far behind the most powerful test of the 

omnibus hypothesis. For example, if m = 2, multiple ANOVAs showed 

its worst relative power when p = .75, the interaction was 

large and diffuse, £=10 and £=4. Under these conditions, 

the most powerful test was the combination of the between-groups 

term with profile analysis. Its power was .937 while the power of 

multiple ANOVAs was .292. 

In summary, multiple univariate ANOVAs are a competitive test 

to the omnibus hypothesis if m = 2 as long as the interaction is 

not too large. If in = 4, multiple univariate ANOVAs are not 

recommended for two reasons. First, the increase in the number of 

measures reduces the relative power of multiple ANOVAs. Second, if 

sigma is nonuniform, multiple ANOVAs fare particularly poorly. 

MANOVA. When sigma, was uniform, MANOVA had about average power 

under most values of the parameters. MANOVA was never far behind the 

most powerful test. However, when sigma was uniform, MANOVA was the 

most powerful test of the omnibus hypothesis only when sample size, 

interaction and rho were all fairly large. 

The results of the investigation of the relative power of 

MANOVA agreed with Davidson's (1972) observation that.small sample 

sizes favored univariate procedures. The relative power of MANOVA 

increased as the sample size increased. An illustration of the effect 

of sample size is the fact that the power advantage switched from 

the combined terms of ANOVA to MANOVA when £ changed from 5 to 15 

(eg., p = .75, interaction was large, m = 2, £= 2, .288 versus .287 

changed to .801 versus .847). 

MANOVA performed better when £ = 4 than it did when £ = 2. This 
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could have been an artifact of the increase in total sample size 

when £ remained the same and the number of groups increased. For 

example, increasing the number of groups from two to four changed 

the direction of the relationship of the power of MANOVA relative 

to the power of the between-groups term with profile analysis. When 

g = 4, MANOVA was more powerful than profile analysis with the 

between-groups term (eg., p - .75, interaction was large, £=5, 

m = 2, .288 versus .287 changed to .269 versus .285). 

Overall, the relative power of MANOVA is predicted best by 

considering the factors which were discussed in the comparison 

of the univariate and multivariate tests of parallelism. In short, 

the more deviant sigma is and the more the large effects accompany 

small error variance, the greater the relative power of MANOVA. In 

the extreme case, when e = .55 and there was noncoincidence of 

large effects and large error, the power of MANOVA approaches 

1.0 (ji = 10, m = 4, £ = 4). Under these conditions, the power of 

the between-groups term of ANOVA combined with ê - corrected ANOVA 

was .264. These results would recommend the use of MANOVA if the 

experimenter believes sigma is quite deviant. If sigma is only 

slightly deviant, MANOVA is not the most powerful test, but it is not 

too far behind. 

Between - groups term with a test of parallelism. It was 

noted that, when m = 2 and £-2, all the tests of parallelism are 

equivalent. In fact, whenever sigma was uniform, the test of 

parallelism were quite similar; hence, the power of the tests of the 

omnibus hypothesis which combined the between-groups term with a test 
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of parallelism is similar. 

When sigma was nonuniform, the relative power of these tests 

of the omnibus hypothesis was a reflection of the relative power 

of the tests of parallelism. Profile analysis had an advantage if 

sigma was severely nonuniform. For example, when e = .55, the large 

effects coincided with the large error, £ = 10, m = 4, and £ = 4, the 

power of combined profile analysis was .360 while the power of com¬ 

bined ê - corrected ANOVA was .303. If epsilon was nearly 1.0, and 

the large effects coincided with the large error, then combined 

Ê - corrected ANOVA was more powerful than combined profile analysis 

(.649 versus .562, £ = 10, m = 4, £ = 2). Under the same conditions, 

the power of MAN0VA was less than both combined ê - corrected ANOVA 

and combined profile analysis (.559, £ = 10, m = 4, £ = 2). 

The power of the between-groups term with a test of parallelism 

was good relative to the other tests of the omnibus hypothesis. 

When m = 4, these tests were the most powerful test more often than 

test of the omnibus hypothesis. Therefore, if the experimenter has 

no idea of the population means and rho, the safest statistical 

procedure is the combined test of levels and parallelism when m = 4. 

The choice between univariate and multivariate tests of 

parallelism is based on the degree of nonuniformity. If the 

experimenter can assume that sigma is nearly uniform then combined 

ê - corrected ANOVA is the best test of the omnibus hypothesis. If 

the experimenter is not certain about the uniformity and the coinci¬ 

dence of effects and error then the between-groups term with profile 

analysis is recommended. This procedure often provides the most 

powerful test, and is never far behind the other procedures. 
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Conclusions 

Parallelism hypothesis 

If the experimenter is not sure that the population variance- 

covariance matrix meets the assumptions of ANOVA, the experimenter 

must consider the degree to which sigma may deviate from uniformity 

and the coincidence or noncoincidence of effects and error. This 

study showed that if sigma is strongly nonuniform then profile 

analysis was preferred over the ê correction. In most other cases, 

the power of profile analysis and ê - corrected ANOVA are quite 

similar. 

Figure 1 contains a flowchart which can guide experimenters in 

choosing a test of parallelism. The guidelines are based on the 

premise that it is better to use the procedure which affords 

average power over a wide range of experimental conditions than to 

risk forfeiting a great deal of power if one's preconceptions of the 

population parameters are incorrect. For example, when sigma was 

fairly uniform and the large effects coincided with large error, 

ê corrected ANOVA was the most powerful test of the parallelism 

hypothesis. However, if sigma was severely deviant, ê - corrected 

ANOVA had extremely little power relative to profile analysis. For 

this reason, figure 1 suggests that one choose the ê - correction 

only when sure that both sigma is fairly uniform and there is 

coincidence of effects and error. 

Omnibus hypothesis 

This study investigated the relative power of several tests of 

the omnibus hypothesis. No single test was unconditionally the most 

powerful test of the omnibus hypothesis. Figure 2 provides 
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FIG. 1. FLOWCHART FOR THE EXPERIMENTER 
WHO TESTS THE PARALLELISM HYPOTHESIS 
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guidelines for the experimenter and is based on the same 

conservative principle which shaped figure 1. 

When m = 2, multiple univariate ANOVAs are usually among 

the most powerful tests of the omnibus hypothesis. However, 

multiple ANOVAs offer relatively little power if the interaction 

is large and rho is large. Therefore, an experimenter should be 

sure the population has neither large interaction nor large rho 

before using multiple univariate ANOVAs. 

When m = 4, the best overall test of the omnibus hypothesis 

was the between-groups term combined with profile analysis. There¬ 

fore, experimenters should be confident in their prior beliefs, 

before choosing an alternative test... 

The flowcharts in figures 1 and 2 are most useful to the 

experimenters with some knowledge of the research population. A 

pilot study can provide some insight into the population parameters. 

Of course, the stronger the experimenters' beliefs are about the 

population, the more assurance they may have that they have chosen 

the appropriate statistical procedure. Nevertheless, no matter what 

the experimenters' level of knowledge about the population, this 

study provides guidelines for those experimenters who use multiple 

dependent measures. 
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DONT KNOW 

FIG. 2. FLOWCHART FOR THE EXPERIMENTER 

WHO TESTS THE OMNIBUS HYPOTHESIS 
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Appendix 

The results of the 153 Monte Carlo experiments have been 

divided into three categories: power to test the levels hypothesis, 

power to test the parallelism hypothesis, and power to test the 

omnibus hypothesis. It must be noted that, although any procedure 

which tests the levels hypothesis or the parallelism hypothesis 

may be used to test the omnibus hypothesis, those procedures which 

test the levels hypothesis or the parallelism hypothesis are not 

listed in the table entitled "Power to Test the Omnibus Hypothesis" 

in order to avoid duplication of the raw data. In order to conserve 

space, the power of a statistical procedure is reported to three 

decimal places, and the decimal points are omitted. 
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Power to Test the Levels Hypothesis 

p Interaction n m SL b.-g. AN0VA 

.25 none 5 2 2 410 

.25 small 5 2 2 348 

.25 moderate 5 2 2 269 

.25 large 5 2 2 198 

.50 none 5 2 2 365 

.50 small 5 2 2 285 

.50 moderate 5 2 2 223 

.50 large 5 2 2 179 

^4
 

cn
 

none 5 2 2 325 

.75 small 5 2 2 263 

.75 moderate 5 2 2 199 

.75 large 5 2 2 162 

.25 none 10 2 2 762 

.25 small 10 2 2 643 

.25 moderate 10 2 2 508 

.25 large 10 2 2 386 

.50 none 10 2 2 693 

.50 small 10 2 2 580 

.50 moderate 10 2 2 453 

.50 large 10 2 2 333 

.75 none 10 2 2 617 

.75 small 10 2 2 511 

.75 moderate 10 2 2 399 
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P Interaction n m 9 b.-g. AN0VA 

.75 large 10 2 2 288 

.25 none 15 2 2 920 

.25 small 15 2 2 830 

.25 moderate 15 2 2 714 

.25 large 15. 2 2 539 

.50 none 15 2 2 863 

.50 small 15 2 2 760 

.50 moderate 15 2 2 629 

.50 large 15 2 2 480 

.75 none 15 2 2 813 

.75 small 15 2 2 695 

.75 moderate 15 2 2 567 

.75 large 15 2 2 429 

.25 none 5 2 4 239 

.25 moderate 5 2 4 248 

.25 large 5 2 4 179 

.25 none/diffuse 5 2 4 261 

.25 large/diffuse 5 2 4 063 

.50 none 5 2 4 205 

.50 moderate 5 2 4 202 

.50 large 5 2 4 158 

.50 none/diffuse 5 2 4 228 

.50 large/diffuse 5 2 4 056 

.75 none 5 2 4 183 

.75 moderate 5 2 4 197 
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P Interaction n^ m a b.-g. ANOVA 

.75 large 5 2 4 129 

.75 none/diffuse 5 2 4 203 

.75 large/diffuse 5 2 4 052 

.25 none 10 2 4 515 

.25 moderate 10 2 4 523 

.25 large 10 2 4 367 

.25 none/diffuse 10 2 4 561 

.25 large/diffuse 10 2 4 059 

.50 none 10 2 4 442 

.50 moderate 10 2 4 451 

.50 large 10 2 4 330 

.50 none/diffuse 10 2 4 468 

.50 large/diffuse 10 2 4 066 

.75 none 10 2 4 395 

.75 moderate 10 2 4 391 

.75 large 10 2 4 273 

.75 none/diffuse 10 2 4 410 

.75 large/diffuse 10 2 4 058 

.25 none 5 4 2 558 

.25 small 5 4 2 447 

.25 moderate 5 4 2 272 

.25 large 5 4 2 152 

.50 none 5 4 2 413 

.50 small 5 4 2 340 

.50 moderate 5 4 2 194 
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P Interaction j! m 1 b.-g.AN0VA 

.50 large 5 4 2 121 

.75 none 5 4 2 325 

.75 small 5 4 2 268 

.75 moderate 5 4 2 166 

.75 large 5 4 2 100 

.25 none 10 4 2 881 

.25 small 10 4 2 795 

.25 moderate 10 4 2 515 

.25 large 10 4 2 278 

.50 none 10 4 2 762 

O
 

L
O

 • small 10 4 2 635 

.50 moderate 10 4 2 375 

.50 large 10 4 2 215 

.75 none 10 4 2 652 

.75 moderate 10 4 2 314 

.75 large 10 4 2 168 

.25 none 15 4 2 986 

.25 small 15 4 2 938 

.25 moderate 15 4 2 701 

.25 large 15 4 2 398 

.50 none 15 4 2 930 

.50 small 15 4 2 839 

.50 moderate 15 4 2 549 

.50 large 15 4 2 337 

.75 small 10 4 2 545 
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P Interaction n m a. b.-g. AN0VA 

.75 none 15 4 2 832 
• ■v

j 

en
 

small 15 4 2 754 

.75 moderate 15 4 2 455 

.75 large 15 4 2 245 

.25 no p.e. 10 4 2 052 

.50 no p.e. 15 4 2 050 

.75 no p.e. 5 4 2 052 

.25 none 5 4 4 577 

.25 moderate 5 4 4 243 

.25 large 5 4 4 143 

.25 none/diffuse 5 4 4 358 

.25 large/diffuse 5 4 4 053 

.50 none 5 4 4 421 

.50 moderate 5 4 4 178 

.50 large 5 4 4 120 

.50 none/diffuse 5 4 4 260 

.50 large/diffuse 5 4 4 054 

.75 none 5 4 4 337 

.75 moderate 5 4 4 147 

.75 large 5 4 4 093 

.75 none/diffuse 5 4 4 202 

.75 large/diffuse 5 4 4 055 

.25 none 10 4 4 924 

.25 moderate 10 4 4 510 

.25 large 10 4 4 262 
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P Interaction n m 3. b.-g. AN0VA 

.25 none/diffuse 10 4 4 718 
L

D
 

C
M

 • large/diffuse 10 4 4 061 

.50 none 10 4 4 803 

O
 

L
O

 • moderate 10 4 4 377 

• en
 

o
 

large 10 4 4 210 

• en
 

O
 

none/diffuse 10 4 4 543 

o
 

L
O

 • large/diffuse 10 4 4 053 

.75 none 10 4 4 673 

.75 moderate 10 4 4 293 

.75 large 10 4 4 166 

.75 none/diffuse 10 4 4 448 

.75 large/diffuse 10 4 4 057 

.75 no p.e. 5 4 4 041 

.50 no p.e. 10 4 4 052 
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e Pattern m £ b.-g. ANOVA 

.93 increasing 10 4 2 430 

.55 increasing 5 4 2 072 

.55 increasing 10 4 2 103 

.55 increasing 15 4 2 120 

.55 nonincreasing 5 4 2 068 

.55 nonincreasing 10 4 2 094 

.55 nonincreasing 15 4 2 127 

.93 no p.e. 5 4 2 050 

.55 no p.e. 10 4 2 049 

.55 no p.e. 15 4 2 049 

.55. increasing 5 4 4 131 

.55 increasing 10 4 4 251 

.55 nonincreasing 5 4 4 127 

.55 nonincreasing 10 4 4 246 

.93 no p.e. 5 4 4 042 

.55 no p.e. 10 4 4 052 
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Power to Test the Parallelism Hypothesis 

p Interaction n. m Profile Analysis 
^ uncorrected AN0VA 

.25 none 5 2 2 053 

.25 small 5 2 2 060 

.25 moderate 5 2 2 093 

.25 large 5 2 2 142 

.50 none 6 2 2 049 

.50 small 5 2 2 061 

.50 moderate 5 2 2 106 

.50 large 5 2 2 189 

.75 none 5 2 2 052 

.75 small 5 2 2 080 

.75 moderate 5 2 2 175 

• cn
 

large 5 2 2 324 

.25 none 10 2 2 047 

.25 small 10 2 2 079 

.25 moderate 10 2 2 135 

.25 1 arge 10 2 2 258 

.50 none 10 2 2 056 

.50 small 10 2 2 078 

.50 moderate 10 2 2 179 

.50 large 10 2 2 342 

.75 none 10 2 2 052 

• "
v

l 
cn

 

small 10 2 2 112 
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P Interaction n. m S. 
Profile Analysis 
uncorrected AN0VA 

.75 moderate 10 2 2 319 

.75 large 10 2 2 600 

.25 none 15 2 2 042 

.25 small 15 2 2 085 

.25 moderate 15 2 2 193 

.25 large 15 2 2 372 

.50 none 15 2 2 046 

.50 small 15 2 2 106 

.50 moderate 15 2 2 251 

.50 large 15 2 2 517 

.75 none 15 2 2 051 

.75 small 15 2 2 160 

.75 moderate 15 2 2 456 

.75 large 15 2 2 816 

.25 none 5 2 4 048 

.25 moderate 5 2 4 078 

.25 large 5 2 4 121 

.25 none/diffuse 5 2 4 055 

.25 large/diffuse 5 2 4 254 

O
 

L
O
 • none 5 2 4 057 

.50 moderate 5 2 4 087 

.50 large 5 2 4 170 

.50 none/diffuse 5 2 4 054 

.50 large/diffuse 5 2 4 382 
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P Interaction m a Profile Analysis 
incorrected AN0VA 

.75 none 5 2 4 056 

.75 moderate 5 2 4 144 

.75 large 5 2 4 301 

.75 none/diffuse 5 2 4 043 

.75 large/diffuse 5 2 4 676 

.25 none 10 2 4 048 

.25 moderate 10 2 4 122 

.25 large 10 2 4 229 

.25 none/diffuse 10 2 4 050 

.25 large/diffuse 10 2 4 547 

.50 none 10 2 4 050 

.50 moderate 10 2 4 174 

.50 1 arge 10 2 4 344 

.50 none/diffuse 10 2 4 053 

.50 large/diffuse 10 2 4 742 

.75 none 10 2 4 051 

.75 moderate 10 2 4 310 

.75 1 arge 10 2 4 630 

.75 none/diffuse 10 2 4 051 

.75 large/diffuse 10 2 4 966 
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p Interaction n. m <L 
uncor. 
ANOVA ê-cor. p.a. 

.25 none 

.25 small 

.25 moderate 

.25 large 

.50 none 

.50 small 

.50 moderate 

.50 1arge 

.75 none 

.75 small 

.75 moderate 

.75 large 

.25 none 

.25 small 

.25 moderate 

.25 large 

.50 none 

.50 smal1 

.50 moderate 

.50 large 

.75. none 

.75 small 

.75 moderate 

.75 large 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

4 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

2 

? 

2 

2 

2 

2 

2 

046 

056 

107 

142 

047 

070 

133 

183 

050 

084 

246 

324 

054 

065 

197 

240 

053 

085 

264 

339 

044 

132 

503 

644 

028 

038 

078 

102 

030 

049 

092 

131 

031 

056 

184 

254 

044 

055 

170 

211 

043 

070 

234 

304 

034 

114 

468 

610 

051 

054 

083 

109 

047 

060 

105 

122 

044 

075 

173 

225 

045 

066 

177 

210 

051 

081 

231 

287 

045 

125 

441 

4 567 
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P Interaction n m £ 
uncor. 
AN0VA ê-cor. p.a 

.25 none 15 4 2 053 048 061 

.25 small 15 4 2 085 075 080 

.25 moderate 15 4 2 ■ 264 244 239 

.25 large 15 4 2 345 327 323 

.50 none 15 4 2 057 048 053 

.50 small 15 4 2 118 107 106 

.50 moderate 15 4 2 388 364 355 

.50 large 15 4 2 547 519 486 

.75 none 15 4 2 046 040 049 

.75 small 15 4 2 185 166 164 

.75 moderate 15 4 2 711 689 653 

.75 large 15 4 2 845 832 806 

.25 no p.e. 15 4 2 052 044 054 

.50 no p.e. 15 4 2 056 048 057 

.75 no p.e. 5 4 2 048 032 046 

.75 no p.e. 5 4 4 052 041 053 

.50 no p.e. 10 4 4 044 038 045 

.25 none 5 4 4 055 043 050 

.25 moderate 5 4 4 095 074 078 

.25 large 5 4 4 106 088 093 

.25 none/diffuse 5 4 4 051 038 043 

.25 large/diffuse 5 4 4 356 309 320 

.50 none 5 4 4 049 036 052 

.50 moderate 5 4 4 124 101 109 
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P Interaction n^ m 1 
uncor. 
AN0VA 

ê-cor p.a, 

.50 large 5 4 4 165 134 143 

•
 en
 

o
 

none/diffuse 5 4 4 051 038 050 

.50 large/diffuse 5 4 4 541 483 482 

.75 none 5 4 4 052 038 050 

.75 moderate 5 4 4 235 196 181 

.75 large 5 4 4 294 251 228 

.75 none/diffues 5 4 4 048 036 041 

.75 large/diffues 5 4 4 880 849 840 

•
 ro
 

en
 

none 10 4 4 045 039 045 

.25 moderate 10 4 4 163 150 149 

.25 large 10 4 4 222 205 200 

.25 none/diffuse 10 4 4 049 043 051 

.25 large/diffuse 10 4 4 726 709 701 

.50 none 10 4 4 045 039 048 

.50 moderate 10 4 4 242 223 218 

.50 large 10 4 4 338 313 301 

.50 none/diffuse 10 4 4 049 044 049 

.50 large/diffuse 10 4 4 915 907 901 

.75 none 10 4 4 057 051 058 

.75 moderate 10 4 4 487 463 433 

.75 large 10 4 4 650 626 590 

.75 none/diffuse 10 4 4 054 048 055 

.75 large/diffuse 10 4 4 998 998 998 
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e Pattern n. m £ 
uncor 
ANOVA 

ê-cor. p.a. 

.93 increasing 10 4 2 663 

.55 increasing 5 4 2 117 

.55 increasing 10 4 2 137 

.55 increasing 15 4 2 179 

.55 nonincreasing 5 4 2 103 

.55 nonincreasing 10 4 2 122 

.55 nonincreasing 15 4 2 143 

.93 no p.e. 5 4 2 056 

.55 no p.e. 10 4 2 085 

.55 no p.e. 15 4 2 085 

.55 increasing 5 4 4 215 

.55 increasing 10 4 4 361 

.55 nonincreasing 5 4 4 196 

.55 nonincreasing 10 4 4 339 

.93 no p.e. 5 4 4 059 

.55 no p.e. 10 4 4 094 

626 508 

070 072 

091 106 

118 145 

056 157 

070 419 

087 636 

039 051 

051 054 

052 056 

132 150 

248 365 

106 682 

195 991 

045 052 

051 043 
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Power to Test the Omnibus Hypothesis 

p interaction u m 1 
mult. 
ANOVAs GG MAN0VA b-g + 

inter 

.25 none 5 2 2 304 242 271 300 

.25 small 5 2 2 267 199 227 251 

.25 moderate 5 2 2 229 156 199 207 

.25 1 arge 5 2 2 212 133 199 197 

.50 none 5 2 2 304 265 246 273 

.50 small 5 2 2 247 196 198 207 

.50 moderate 5 2 2 222 158 193 188 

.50 1 arge 5 2 2 218 144 219 215 

.75 none 5 2 2 232 277 213 232 

.75 small 5 2 2 235 226 201 210 

.75 moderate 5 2 2 211 178 220 214 

.75 1 arge 5 2 2 208 158 287 288 

.25 none 10 2 2 641 612 632 658 

.25 small 10 2 2 562 501 538 549 

.25 moderate 10 2 2 477 401 456 451 

.25 1 arge 10 2 2 400 333 437 400 

.50 none 10 2 2 617 601 559 584 

.50 small 10 2 2 522 483 464 474 

.50 moderate 10 2 2 464 399 431 412 

.50 large 10 2 2 438 329 454 419 

.75 none 10 2 2 551 571 476 506 

.75 small 10 2 2 482 475 426 427 

.75 moderate 10 2 2 446 392 483 444 
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p interaction 

.75 large 

.25 none 

.25 small 

.25 moderate 

.25 large 

.50 none 

.50 small 

.50 moderate 

.50 large 

.75 none 

.75 small 

.75 moderate 

large 

Ü m .a 
mult 
ANOVJ 

10 2 2 432 

15 2 2 844 

15 2 2 748 

15 2 2 688 

15. 2 2 659 

15 2 2 802 

15 2 2 714 

15 2 2 665 

15 2 2 662 

15 2 2 760 

15 2 2 674 

15 2 2 643 

15 2 2 658 

GG. MANOVA ^ 

324 615 573 

836 847 865 

716 738 753 

615 675 653 

531 636 581 

801 769 790 

690 674 676 

588 633 592 

530 682 626 

785 700 722 

664 629 622 

565 697 633 

512 847 .75 801 
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P interaction n^ m £ 
mult. 
ANOVAs 

GG U V b.g+ 
p.a. 

.25 none 5 2 4 183 107 168 138 185 

.25 moderate 5 2 4 226 134 211 171 209 

.25 1 arge 5 2 4 194 097 183 157 168 

.25 none/diffuse 4 2 4 204 129 186 159 197 

.25 large/diffuse 5 2 4 135 065 184 157 195 

.50 none 5 2 4 168 124 148 120 148 

.50 moderate 5 2 4 203 133 182 152 166 

.50 large 5 2 4 200 114 205 169 184 

.50 none/diffuse 5 2 4 184 142 165 136 173 

.50 large/diffuse 5 2 4 142 069 275 234 286 

.75 none 5 2 4 157 144 137 107 140 

.75 moderate 5 2 4 199 164 207 173 189 

.75 large 5 2 4 177 121 285 235 269 

.75 none/diffuse 5 2 4 174 162 143 114 146 

.75 large/diffuse 5 2 4 137 074 513 438 568 

.25 none 10 2 4 390 311 376 356 403 

.25 moderate 10 2 4 505 377 466 444 457 

.25 large 10 2 4 457 284 420 397 371 

.25 none/diffuse 10 2 4 435 353 422 403 454 

.25 large/diffuse 10 2 4 296 181 429 407 436 

O
 

L
O
 • none 10 2 4 375 329 333 314 349 

.50 large 10 2 4 476 312 477 448 418 

.50 none/diffuse 10 2 4 402 353 349 330 372 

.50 large/diffuse 10 2 4 298 179 617 596 656 

.50 moderate 10 2 4 481 376 444 420 409 
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> interaction n m g 
mult. 
ANOVAs 

GG W V 
b.g 
p.a 

75 none 10 2 4 344 341 286 269 302 

75 moderate 10 2 4 473 374 493 465 429 

75 large 10 2 4 455 307 651 624 614 

75 none/diffuse 10 2 4 360 361 315 294 327 

75 large/diffuse 10 2 4 292 170 913 900 937 
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P 'iinteract! on n m g 
mult. 
ANOVAs 

GG MAN0VA 
b-g+ 
p.a. bg+ê 

.25 no p.e. 10 4 2 053 006 051 052 047 

.50 no p.e. 15 4 2 040 016 053 054 046 

.75 no p.e. 5 4 2 041 031 051 055 043 

.25 none 5 4 2 360 211 216 427 419 

.25 same 5 4 2 273 151 179 343 333 

.25 moderate 5 4 2 209 074 134 205 203 

.25 1 arge 5 4 2 167 040 121 150 141 

.50 none 5 4 2 311 238 159 308 297 

.50 small 5 4 2 255 187 141 253 245 

.50 moderate 5 4 2 180 093 128 167 160 

.50 large 5 4 2 150 059 122 135 135 

.75 none 5 4 2 249 256 125 237 231 

.75 small 5 4 2 217 210 134 206 198 

.75 moderate 5 4 2 162 126 166 188 195 

.75 large 5 4 2 127 074 184 182 194 

.25 none 10 4 2 715 651 627 818 817 

.25 small 10 4 2 622 504 519 703 700 

.25 moderate 10 4 2 452 265 383 450 446 

.25 1 arge 10 4 2 350 132 288 293 293 

.50 none 10 4 2 639 615 471 663 658 

.50 small 10 4 2 549 492 390 540 541 

.50 moderate 10 4 2 402 264 359 371 374 

.50 large 10 4 2 348 148 326 298 308 

.75 none 10 4 2 541 581 363 542 541 
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P interaction £ m £ 
mult. 
ANOVAs GG MANOVA 

b.g.+ 
p.a. bg+ê 

.75 small 10 4 2 477 489 368 470 470 

.75 moderate 10 4 2 383 294 509 467 485 

.75 large 10 4 2 335 162 553 500 544 

.25 none 15 4 2 905 898 874 971 971 

.25 small 15 4 2 828 765 775 902 899 

.25 moderate 15 4 2 678 486 608 662 663 

.25 large 15 4 2 532 239 465 432 427 

.50 none 15 4 2 851 843 718 870 868 

.50 small 15 4 2 771 725 637 763 761 

.50 moderate 15 4 2 614 465 582 569 572 

.50 large 15 4 2 568 294 566 508 525 

.75 none 15 4 2 755 796 585 707 766 

.75 small 15 4 2 686 696 557 675 675 

.75 moderate 15 4 2 582 452 754 691 711 

.75 large 15 4 2 553 264 798 753 780 
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P interaction m £ MANOVA GG b.g+ê 
b.g+, 
p.a. 

mult. 
ANOVAs 

.50 no p.e. 10 4 4 050 014 045 049 043 

.75 no p.e. 5 4 4 052 025 045 053 035 

.25 none 5 4 4 266 180 460 461 350 

.25 moderate 5 4 4 156 045 188 191 202 

.25 large 5-. 4 4 126 019 126 128 156 

.25 none/diffuse 5 4 4 158 071 259 265 218 

.25 large/diffuse 5 4 4 266 021 229 235 150 

.50 none 5 4 4 188 214 311 319 304 

.50 moderate 5 4 4 153 072 163 173 171 

.50 large 5 4 4 159 043 140 141 145 

.50 none/diffuse 5 4 4 117 104 181 186 180 

.50 large/diffuse 5 4 4 405 039 379 376 153 

.75 none 5 4 4 152 251 238 247 261 

.75 moderate 5 4 4 201 108 195 186 157 

.75 large 5 4 4 207 064 201 190 122 

.75 none/diffuse 5 4 4 107 140 140 144 154 

.75 large/diffuse ! 5 4 4 764 065 767 747 138 

.25 none 10 4 4 667 655 865 866 740 

.25 moderate 10 4 4 378 213 445 444 458 

.25 large 10 4 4 300 087 285 282 377 

.25 none/diffuse 10 4 4 414 340 629 631 492 

.25 large/diffuse 10 4 4 638 116 611 599 347 

.50 none 10 4 4 483 616 709 709 672 

.50 moderate 10 4 4 378 234 375 368 424 
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> interaction n m g MANOVA GG b.g+ê b.g+ 
p.a. 

mult. 
ANOVAs 

50 large 10 4 4 358 127 323 314 374 

50 large/iiffuse 10 4 4 281 330 430 429 417 

50 large/diffuse 10 4 4 848 122 853 843 324 

75 none 10 4 4 377 596 573 574 568 

75 moderate 10 4 4 519 265 474 460 381 

75 large 10 4 4 572 150 546 513 356 

75 none/diffuse 10 4 4 231 367 349 351 359 

75 large>diffuse 10 4 4 994 147 997 994 311 
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e pattern n m £ GG MANOVA bg+ê bg+ 
p.a. 

mult. 
ANOVAs 

.93 increasing 10 4 2 434 559 649 562 543 

.55 increasing 5 4 2 030 064 074 069 066 

.55 increasing 10 4 2 056 102 no 112 097 

.55 increasing 15 4 2 074 138 136 140 121 

.55 nonincreasing 5 4 2 028 191 066 122 064 

.55 nonincreasing 10 4 2 046 619 095 352 101 

.55 nonincresaing 15 4 2 071 854 123 577 144 

.93 no p.e. 5 4 2 015 050 044 053 048 

.55 no p.e. 10 4 2 019 051 054 053 042 

.55 no p.e. 15 4 2 020 053 054 051 041 

.55 increasing 5 4 4 063 142 157 162 139 

.55 increasing 10 4 4 176 348 303 360 311 

.55 nonincreasing 5 4 4 054 874 127 587 143 

.55 nonincreasing 10 4 4 154 1000 264 986 344 

.93 no p.e. 5 4 4 012 052 043 049 043 

.55 no p.e. 10 4 4 016 050 050 046 044 
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