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ABSTRACT ' T

.
' . .

This sﬁ&ﬁy sought to examine the behaviour of average
complexity "tShoffer 1981) in rel%tion to experiment-wise error
rate §né number of réjedtions of null hypotheses under  the
gondition of s§mpié size diSpariﬁ§, variance heterogeneity, mean
variability, anq-inversé and direct éairing. 'Tﬁe Kramer (1956)
method and the Gaﬁes and Howell (1976) technique were used to
represent those Eechniques.déaking with éample size .imbalance or

heterogeneous variances, respectively. -

The * method involved the use of a Monte Carlo technique to

7

\exémine the behaviour of all possiblfe estimated pair-wise

contrasts in a four group experimental design.

The results indigated that average comple#ity' did not
reflect changes aépdrent in experiment-wise ertor and average
number of rejections of null hypotheses. Yet éxam%natioh of the
underl}ing pattern frequencies qu the frequencies of significant
pair-wise contrasts indicated a source of information valuable to

the educational researcher.
. i

It was concluded that the concept of complexity had '‘merit,
but  its usefulness was camouflaged by the manner in which

average complexity was calculated.

-
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INTRODUCTION

-

With the advent of computer technology, educational research

' M
has become increasingly complex. The use of the computer allows

@ore information to be processed, -and as a result the number and

size of the experimental groups have increased proportionately.

Vi Whenever an experiment involves the collection of data from
more than two groups or in more than two ~conditions, a
significant F test is automatically only the first step in the

analytic procedure. If the overall hypothesis of equality of

means 1s rejected, an experimenter still faces the problem of’

deciding which of the means is not equal. Unfortunately,

classical methods such as the F test do not provide prpcedures

-

for comparison of specific means with one another in a multi-
group design. As a result, multiple comparison procedures were

developed to permit comparison of each experimental mean with
-

every other mean, thus allowing the researcher to identify the

exact source of the significant differences.

Many multiple comparison procedures have been proposed in
the literatdre. Games (197la), O'Neil and Wetherill (1971), and
Miller (1966, 1977) provide excellent reviews of the area. . The

nature , of educational research places the educational researcher

Q

in a position where he/she must choose from a wide variety of-

multiple comparison techniques, each of which is suitable for

N v

xi



certain conditions. Of specific interest is the situation in
which a researcher wishes to examine all palr wise comparisions in

a given experimental design.

Tukey (1953) (cited in Kirk 1982) suggested .a multiple rahge

test that was . called the wholly significant or honestly

\-‘

significant test. The joint confidénce ‘interval estimates of the
quantities [l — /.l] " were

Y. ~¥X. iSR S/n"z | (1.1).

>

L QLK N-k
whe%-eu"_ X denotes the sample mean for the Lt
treatment SR QLiNk "is the /OO(/ Ol) point of the
studentlzed range ‘distribution of k normal variates and SZ
is the unbiased estimate of Rr based on N-k degrees of
freedom, .
k n — 32
| XXX .
. St= L) , ’
o, . N_k L]
k “
= . . (1.3)

.~

Tukey's procedure . assumes egual sample sizes--a necessary
assumption in2 order for the sample means to have the same

variance, /h . The procedure alsoc assumes homogenelty among

the k populatlon variances.

xii



Unfortunately, many educational studies cannot satisfy these
assumptions: experimenters often find themselves with samples
that are unpredictably unequal in size (due to subject loss) and

this inequality suddenly prohibits use ' of Tukey's pair-wise

comparison procedure.

Hetercgeneity of variances alsb-creates difficulties, in
that parent populations from which the samples are drawn
frequently have very different population variances; in -other
conditiéns, the estimated sample vé;iances are simply not

homogeneous. In both situations, the researcher is left with

sample  varfance estimates which mphy be grossly heterocgeneous and

. Tukey's original test is no longer applicable.

Since the formulation of the Tukey technique in 1953,
modifications have been proposed for>both the‘unequal n case and
the heterogeneous variance situation. Modified Tukey procedures
have been researched at length to compare their usefulnesg

under varying conditions of sample size imbalance and/or variance
. Pl . . ‘

heterogeneity.

The most popular criterion employed bj these researchers has
been the type I error rate (defined as the probability of
rejeéting the null hypothgsis of ng}difference when it is in fact

true); a second criterion, often found in the literature, has

-xiii
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"been the size of the confidence interval generated by the

procedure for the pair-wise comparison . A third

cr}terion——though not as popular as the two identified and one

P P

which' is related to the width of the confidence interval--has
been the comparison of power, or the probability of accepting the

alternate hypothesis when it is in fact true.

These three criteria have formed the framework for the
comparison’qf the various modified forms of the Tukey procedure,
and as such, have provided researchers with guidelines for the
selection of appropriate techniques for data analysis. ~ Though
the impéftance of these criterii cannot be understated, their use
is 1limited to a judgement regarding "the precision of the

technique, or to the probability of making a type I error.

Of " greater practical importance is a criterion related to
interpretation ofthe results. A primary consideration for the
educational reseé}cher is his/her capacity to make infefences
about differencgs among parent populations based upon‘the pattern

of results: the lack of clear cut differences among sample means

creates numerous interpretative problems for the researcher.

A new criterion has been proposed by Shaffer (1981), which

deals specifically with the interpretation, In a k group
experimental design, the population means fall into a specific

configuration. This configuration may " be represented by

xiv
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partitioniné the k samples into subsets. Sample means within any
given s;béet are not significantly different from each other,
while comparisoﬁu of two sample means from different subsets
results in a significant estimated contrast. If as a result of
a multiple comparison procedure, the k experimental groups could
be formed into this configuration, the researcher is presented
with very favourable conditions for interpretation. It' is
obvious that this sitqation does not always. occur, and the
possible number’g; clear cut configurations of the means ié, of
course, limited. Shaffer's criterion--called complexity—-—
measdres how close a given configﬁration of sample means is to an
ideal coﬂfiguration of means. Different multiple comparison
techniques would create different frequencies of various mean
configurations, thﬁﬁ resulting in different complexities. A

comparison of various procedures is therefore possible using the

concept of complexity.

The use of this néw criterion does not negate the value of
Ehe prévious criteria but rather helps in creating a more
complete picture for the educational researcher; the researcher
himself must weigh the relativé importance of type I error rate,
confidence interval width, and complexity, in his selection of a
specific technique. In order to compare different criteria,
relationships be£ween complexity and 'the other criteria must be

examined closely. The modifications of the Tukey technique



L]
//‘\‘
/ |
present an ideal framework for consideration of complexity.

Research indicates that with respect to Eype I error rates, the

two clasSses of Tukey modifigations (unequal sample size, and

heterogeneous variance) behave differently under conditions of

sample size‘disparity and unequal variances. The purpose of the

present study is to examine how complexity changes under various

conditions of sample size disparity and variance heterogeneity

relative to changes .in type I error rates.

Chapter T contains a review of the relevant literature
dealing’ with the behaviour of the different modified Tukey
techniques under varying conditions of sample size disparity and
variance heterogeneity. Chapter II_descriges tﬁe procedure  used
in the present study. Chapter III presents tHe results of the
study. Chapter IV follows with a disdussion of the results and

bhaptﬂr V, Conclusions, completes the study.

xvi
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CHAPTER T

REVIEW OF LITERATURE

Due  to the plethora of techniques presented .in the
literature, S a survey of techniques will be considered first;

following this, a U4iscussion of the criteria for evaluating

multiple comparison procedures, along with research comparing the

techniques under various conditions will be presented.

-

MODIFICATIONS OF THE TUKﬁY TECHNIQUE FOR PATIR-WISE COMPARISONS

The modifications of the Tukey technique can be divided into

two types: those 'dealing with unequal sample sizes and those
. k4 ’

dealing with unequal variances. Invariably the latter combine

unequal sample sizes with unequal variances, The two types of

techniques will be considered. separately in the following

. , -
sections.

TECHNIQUES DEALING WITH UNEQUAL SAMPLE SIZES

Kramer (1956) >

A method for adapting the Tukey test to unequal sample sizes

was proposed by Krame£ (1956) and, according to Dunnett (;980a),
was also proposed by Tukey (1953). Kramer's method replaces the
ﬁ in (1.1) with the harmonic mean of the sample sizes involved in
the contrast, to yield _the following confidence interval

estimate:

Xi-X;*SR é([ni"+nj“]/2)16 , (2.1)
QL k N-k
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The above confidence interval reduces to the Tukey test in . the

case of equal sanmple sizes, The right hand portion of the Tukey

interval can be written as SR /I2 times the standard

O k N-k
error of the dlfference between two ,5ample means, the la%ter
-1 1/2

becoming S (n +l'1 P

in the uneqdal sample case.

Winer (1962), Miller (1966)

Miller (1966) adwised strongly against the use of " Kramer's

(1956) method and instead recommended that the median or average ’

value of the'sample sizes replace the n of ‘Tukey's technique.

This recommendation. was repeated in Miller (1977).

.

Winer (1962, 1971) and Kirk (1968) have suggested the use of

the harmonic mean of the sample sizes. In this case, the n is.

replaced by the following:

N= k _ . (2.2)
(o +n,%. +%,) )

Spijotvoll and Stoline (1973)

Spjotvoll and Stoline (1973) presented a method they reférred
to as the\T' method. This method differs fromsKramer's method in

that it uses the maximum value of the reciprocals of the two

. sample sizes involved in the comparison, rather than the sum of

the reciprocals,

~

T v ‘ o WY
X—XiSARa.k’ s(rnc:x(n—l N; )), O (2.3)



N

where SS‘XFQCY Nk is the 100(1-¥ } point of the studentized
s ‘k,'; - )

augmented range distribution. Tables for this distribution are

-

available for, & = .0l, .05, .1 and .2 in Stoline (1978).

A Y

Hochberqg (1974) ' 9

The - GT2 method was. proposed by Hochberg (1974) and.

incorporates the studentized maximum modulus distribution,

Y _Y A -1y ' '
)(-L-)(jismmak_Nks(n-L +n, )t e (2.4)

1

where SMM . is the 100(1- (¥ ) point of the

i Q¢ k N-k . .

studentized maximum modulus (or multivariate t with common
) . y

correlation coefficient P = 0) *distribution with . Coal
k* = k (k-1)/2 . ' © (2.5)
Tables for & = .01, .05, .1, and .2 and k = 3 to 20 were

published by Stoline and Ury (1979). The jdst;ﬁication for using
the studentized maximum modulus 'is based on an inequality due to

Sidak (1967). . N

‘Genizi and Hochberqg (1378) .

This method was'specifically devised to be optimum within a
class of procedﬁres proposed -by Hochberg (1975) that are known to
achieve the desired error ratelfor the case where the sample
sizes have only two distinct values (ni=n2=n3=...=nm=0,nk_m=...nk:'b) ,

. XL,_Yj iSRa‘k'N_kqs((n-t"1+nj'1)/2j’ ' (2.6)



where-g=1 for =M and g>} .if,ni_#nj (size of g a function of
sample sizes). = Thus, the method gives limits that ;re identical
to the Kramer {(1956) methoinf two means with the same samgle
size are compared; 1f the two rmeans have different:sample sizes,

the 1limits are wider. Dunnett (1980a) provided a table for

implementing this procedure in  the -situation where n;=0;n2=n3=. . .n,‘=b
\

Gabriel (1978)

Gabriel, like Hochberg, incorporated the studentized maximum

modulus distribution in his confidence interval.

((2n1)-/?+(2nj)-}2) SNER S

X~ Xt smm S
. QLK N-k

Gabriel's procedure coincides with Hochperg's (1974) procedure

when the nl‘s are equal, and presents certain advantages if

graphical comparisons between the means are desirable.

" Scheffé (1953)

Scheffé's S method is applicable to the estimation of all

contrasts of the form

% k .
Y?ECLIA where L-X‘C'L=O for My, Mk ‘ (2.8)

When considering just pair-wise contrasts, the S method vyields

the following 100% (1 - (¥ ) joint confidence interval:

X% +S [(K-1) (Fa,k 1N_k)(n-t'1+ nf) * (2.9)

)

——




where Fa is the 100 (1 - ¥ ) point of the F distribution
k-1,N-k

with k-1 ang N-k degrees of freedom.

Bonferroni Method

The Bonferroni inequality (Miller 196é) serves as the basis
for  the well-known .,and extensively used B __ _method..  _.The.
100 (1 - Q¥ ) confidence interval for lil—‘q is

Y-L‘-in(t . )s'(n{‘+nj")". (2.10)
QRN-k :

.

where t is - the ﬁpper (¥} point of the central t
“ Q¢ N-k '

distribution with N-k degrees of freedom and k* is as defined in

(2.5). This assumes that all pair-wise contrasts are to be

examined....something which is not really necessary with the

Bonferroni technique.

[y

'
Dunn-Sidak Method

An improved B-type inequality. presented by Sidak (1967) was
used by Dunn (1974) to produce the conservative Dunn-3idak

method,

vl v A 4 AN
XL_X]i(ta*N )S(ﬂL +0; )’ : (2.11)
] -k .

. _
" where a*z-;——-;-(l—ayk, and where k* is defined as in (2.5).
Special t tables for the Dunn-Sidak method were tabulated by

Games (1977).
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N
xténded fSIm of the Tukey test proposed by Spjgtvoll
and " Stoline (1973) ﬁgs subsequently generalized ¢to include
heterogeneous variancegiby Hochberg (1976). The form reported
here was modified, by Keselman and Rogan (1978) to use the
'

studentized range “rather than the critical value originally

-propqsed.
Szil“szjiZESI\F?
ok

where

N-k max (S“L(nL-i), Slj-(nj 1)) (2.12)

s

2
SL2=§(XLJ“XL ) (2.13)
M~/

Games and Howell (1976)

* Games and Howell (1976)'have suggested adopting the Behrens;
Fisher statistic with Welch's (1947) approximate t solution for
the‘ héégrees of freedom. The ' Bshrens-Fisher solution
satisfactorily controls the rate of type I .rror on any one
coﬁtrast_ when sampleu sizes and variances are unequal, ‘and
pfovides a powerful stéFistical test (Mehta and Srinivasan .1970,/
Wang 1971).‘ The Games and Howell procedure is of the form

T ,Xt*XJiSHak . (sﬁ(zn-t).]-fsjz(zn;)-l)% (2.14)

"LJ

where iﬁ denotes the Welch (1938) and Sattefﬁhwaite (1946)
approximate degrees of freedom formula,
A 26 Y e 2(n Y'Y
V-U-=(SL (n)'+si%(n)’) (2.15)
Cebd(nlyVaeifnly )l
where SLL (n!. VL) +SJ (nJZVJ)‘|
i i 6



/

. ) ‘//’IE=ITL*I . B (2.16)

' C .Procedure .

.The C procedure is an extension of Cochran's (1964) method
proposed by Dunnett (1980b). According £o Dunnett, th%s
procedurg is the analog of Cochran's method for the case of k=2,
in the same manner that the Games and Howell-meﬁhod is thé analog -
for the use of Welch's approximate degrees - of freedom for
obtaining approximate confidence intervals for the difference
between two means based ‘on Student's t. Cochran (1964) developed

his method (for the case of k=2) “As an approximation for

Sukhatme's (1938) solution to the Behrens-Fisher problem (Behrens

1964), | | S

XX zsR, , (silen)ssilen)f  wan
Aol 2% % X
: 2 2(n.
R - =S.Ra,k.Vi_SL (ﬁt) +SRC¥,R,Vij (n’)
a,‘lf,Vi,j o - ‘Si,z(nt)'] +Sj2(ﬂj-)\"

which corresponds to the weighted average of Student's t'proposed

where

(2.18)

by Cochran (1964) but extended by Dunnett (1980b) to the case of

Kk = 2. A

Tamhane (1977, 1979) ' -

-

Tamhane proposed the TZ method using the,t.distribution with
a sighificance 1level based on an inequality proposed by Sidak
(1967). - and degrees of freedom based ~upon the approximation

A - -
suggested by Welch (1938, 1947), . T

~



X -X 4 (sz(n) sﬁ(n)) | <,'2-19.>\

whére . _ )
b‘=/—(/\-oz)1"‘", B (2.20)

(2 v _1)2 | .
_\Si (ni)'+sA(ny) o (2+21)

‘ ! ‘st(ndv ) '+ 5}"(“12”},)‘1

T3 Précedure

Dunnett (1980b) modified Tamhane's T2 procedure with the

" substitution of the studentized maximum modulus distribution for

-

kX* uncorrelated normal variatESﬁﬁith \m degrees of freedom.
Y. -X. + ' 2(n )"  (2.22
X.~X;* smm i ( (n) +sJZ(nJ)> (2.22)

I

The use of the studentized maximum modulus dlstrlbutlon was based
upon Sidak's (1967) uncorrelated t inequality on which the T2

procedure ‘was also based.

In summary, fifteen statisical methods £hat could be used
for pair-wise comparisons were presented. Three of the methods
(Scheffé, Bonferroni, Dunn-Sidak) are ;ot derivatives of the
Tukey technique but were presénted for comparison because of

- ’
.their prevalence in paét research.

Of the remainigg techniques, four from each of the classes
dealing with sample size imbalance and variance heterogeneity are
listed in Table 1 and 2 respectivel&. The techniques are
categorized by the estimateg ¢ontrast, the table value and the

- standard error term. AS a result, 'the structure of the

- ~techniques may be compared as®'to where differences occur.
: . y ‘ : v



TABLE 1

COMPARISON OF TECHNIQUES DEALING WITH UNEQUAL SAMPLE SIZES

-

Technigue Estimated Table Value Standard
- Contrast - Error Term .
s ~ - - */ -
Kramer Xi, - XJ SR ' S([ni_1+nj ]]/2)2 -
/ i a,k,N"k
Spjgtvoll and vV ', Ny : R )"z-
Stoline X-L ‘Xj SAH&,R,N-R S(rpGX(ﬂL :nj )
_— e 1
Hochberg (1974) XL— Xj sSmMmMm S(ﬂf1+ﬂj-.1)/2
QL K*N-k 1
. Y _V ) ‘ A '“é)
Gabriel Xi. XJ O K*N-k 5((2UL) +(2nj)
S L
TABLE 2

~ COMPARISON OF TECHNIQUES DEALING WITH UNEQUAL VARIANCES

Technique Estimated ~Tabkle Value Standard
Contrast ErrorhTerm
—_— — -1 Vs
Games and Howell Xi._ XJ SR R (S'Lz(zni.) +Sj2(2nj))
a,k,VLj
Hochberg (1976) XL_ XJ SARak N-k mGX(Si_(nL-D,Sj (nj -1))
—_ - o N
C Procedure XL— Xj * SR ' (siz(ani)_1+sjz(2nj) 1>2
. a‘k'V.Lj* 1 ‘
T3 Procedure X~ Xj smm_ . (S-E(nl)"+s,-2(n;)"92
ALKV .

ALY



The techniqgues listed in Tables 1 and 2 seem to be the most

popular forms based on the research to bé discussed in the
following sections. Type I error rate and robustness of the
studentized range distribution will be considered béfore
discussing research dealing with the specific forms of the

'

modified Tukey technique.

TYPE T ERROR RATE ‘ ' ,

The coﬁcePt of significance level has been a useful tool
when dealing with a single difference between two means.
Assessment of éignificancé allows the researchér to adequately
appreciate the probability of rejecting the null hypotheéis when
it in fact is true (type I error), ‘thus tempering his/her
conclusions with knowledge of the possible occurrencé of a type I

error.

The meaning of significance level becomes confused, however,
when simultaneous statements abouéﬁ é number of different
comparisons of means are made; - this*cénfusion may be due to tﬁe
notion that significance 1level must be extended in several
different directions-when considering multiple comparisons. %he
necessity for controliing tﬁé type I error rate for all

comparisons being made (either individually or in a group

manner) further complicates the confusion.

¢

O'Neill and Wetherill (1971), Balaam and Federer (1965),
Steel (1961), and Hartley (1955) have proposed two bases which

can be used for calculating error rates, Each inference 1is

10



- treated ‘indeﬁéndently insofa?r as errors are concerned, to
calculate an error,%ate per comparison. In a large . experiment
where many inferehces are concernedf ‘6ne would therefor ?xpect
‘typ;cally‘ more .errors than in a smaller experiment. Viewed
collectively, ﬁhe errorr rate for the set of inferences can
increase dramatically as the number of inferences is increased,

thus making the probability that the whole set of inferences is

correct, negligible.

Experiment—&ise error rate has been defined as . the
probability that one or more erroneous conclusions will be drawn
in a given experiment (Ryan 1959, O'Neill and Wetherill 1971).
In th%s case, the experiment is divided into two classes:h' {a)
those in which all conclusions are correct; _and, (b) those in
yhich some conclusions are incorrect. The experiment-wise error

rate is the probability that a given experiment belongs fo the

latter category.

These probabilities (per comparison error rate and
experiment-wise error rate) can be calculated as followg (0O'Neill

and Wetherill 1971):

comparison error rate = number of erroneous inferences
number of inferences

experiment-wise error rate = number of experiments with one
or more erroneous_inferences
number of experiments -




The two error rates, are the same in a simple eXpériment with
a single comparison, but they Ségome more and more divergent as
the number of comparisons perlexperimeni increases. The problem
becomes a decision as to which error rate should be kept under
control and/or what compromises may be  effected (Ryan 1959)
(i.e., which error rate yields the best representation of the

dependébility of the data?).

When an experiment involves more than twoe groups, a complete
null hypothesis refers to the‘hypdthésis that all means were
drawn from a singlé population. This is but one possibiliéy of a
set of all possible nulls dealing with any combination of means
drawn from any_combination of p0pulétions. For each different
null, there is an error rate per comparison and per experiment-
wise, which raises the question, which of these null hypotheses
is used to define the error rate for the statistical test. fukey
(1953) (cited in Ryan 1959) proposed to define the error réte as

the maximum value it attains under all possible null hypotheses.

This would seem to be the most cautious approach to this problem.

Some procedures fix a given type I 'error -rate per
comparison; . these are typically planned comparisons which
control the error.rate per cOntrsst at the expense of having no
control over the expériment—wise error rate. Post hoc¢ contrasts
on the other hand, control the experiment-wise error rate but
often sacrifice power (Swa@{hathan and Gifford 1978). Multiple

comparison procedures suggested by Scheffé, Tukey, Newman-Keuls

12



and Duncan, c¢ontrol the experiment-wise error rate to differing

degrees.

As a ‘gritérion for the evaluation of multiple comparison
procedures, it would seem that most authors prefer the
experiment-wise error rate. Einot and Gabriel (1975) .
Petrinovich +@and Hardyck (1969),. Ramsey (1973),‘ Ryan~(1959) and
Welsch 01977)‘each advocated the use of experiment—;i;e 'control

of type- I errors. Hummel” ahd ‘Slige (1971), Miller (1966),

-Morigon {1976), Ramsey (1980) and Timm (1975) suggested the use

of  experiment-wise type I error rates in multivariate

experiments.

When using the experiment-wise type I error rate for
simultaneous multiplq comparisons, 1t should be remembered that

the' probability is related to a collective group of comparisons,

and not a single one which may be of interest to the researcher.

This concern was most aptly stated by Cox (1965):

"The fact that a probability c¢an be calculated for
the simultaneous correctness of a large number of
statements does not usually make thats probability
relevant for the measurément of uncertainty of one
of the statements. If we are directly interested
in a single statement about the vector parameter
the probability of simultaneous correctness
would however bhé appropriate. The practical
usefulness of the multiple comparison techniques
lies in giving a conservative bound for the effect
of selection rather than in giving an ‘“exact"
solution.” ‘

Thus, the probability statement of the type I error applies to
all multiple comparisons that may be erformed by - the

]
experimenter and not just those of interest.

13
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® The use of experiment-wise type I error rate has been

-y

popular amongst researchers who have cohpgred different multiple
comparison techniques. Stoline (1981) has placed this criterion
under the iabel'6f.conservativeness, If Q¢ is egqual to the

3

nominal type ‘I error probability, then a conservative procedure

is one in which the confidence interval has a probability greater

than 1 - (¢ (ie. the actual probability of a type I’ error
(experiment-wise) is less than the nominal level (¥ ). A liberal
procedure, on the other hand, has a ﬁrobabiliﬁy for its

»

confidence interval less than 1 - (¥ (the actual experiment-wise
) L]

error probability exceeds the nominal (¥ level).

Stoline {1981) continued to suggest three other

. . l ] ™~ *
consideraticons for the evaluation of multiple comparison

.procedures; the second criterion, optimality, deals with the

size of the Caniaence interval. An,optimum multiple comparison

procedure produces the® narrowest confidence intervals, the

. result being that more precisé estimations of the possible values

for the contrast are possible. 1
: i

A meore practical criterion is the convenience of the

procedure. Convenience was evaluated in terms of its simplicity

'

(easy to use), availability of tables and cémputer processing
|
expenses.

i
The last criterion, robustness, considers!the situation when
| .
the assumption of homogeneity of varlances i% violated and 1is
discussed in the following section with regardtto experiment-wise

errors and power.

14




ROBUSTNESS OF THE STUDENTIZED RANGE DISTRIBUTION ;

The robustness of the studentized range statistics has been
evaluated under conditions of variance heterOgenéity and non-
normality; the former case will be considered in more detail in a
subsequent section. At present, only general evidence with
respect to vagiance heterogeneity will be presented with sligﬁtly

more emphasis being placed on the effects of non-normality. '

Ramseyer and Tcheng (1973) and Brown (1974) present
simulation evidence showing that the stﬁdentized rénge
distribution generally shares the robustness properties of the
central F distribution witﬁ respect to variance heterogeneity and
non-normality {(Scheffé 1959, ch. 10). Brown (1974).studied the
effects of heterogeneity and non-normality of the population
distribution on the sampl;ng distribution of the studentized
range: moderate heterogen;é;y of variance was found not to
seriously affect the experiﬁent—wise error rate. The probability
of exceeding the nominal alpha level tended to increase with the
number of groups examined. This was confirmed by Ringland (1983)
who found that the maximum méd@lus and gaﬁge distributions were
ultimately non-robust as the number of groups was increased. The
Tukey method was found to be fairly conservative and stable when
coptrasting fewer than five groups, whereas the Scheffé technique
was generally conservative and stable when many comparisons were

involyed.

15
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Brown (1974) also’ discovered that the studeﬁtized range
disﬁribution is affected by extreme non-normality. In this
situation, the sampling distribution becomes more sharply peaked
tﬁénlunder normality, and the tail probabilities areqreduced as a
result. Thus, the application of the studentized ran&e method in
the preéence of non-normality may result in a multiple compariéop
procedure “that is more conservative than anticiéated (i.e., an

~

actual error rate less than the nominal ¥ level).

Ramseyer and Tcheng (1973) reported similar results in that
the studentized range statistic, 1like the t and the F, withstood
Qiolations of the homogeneity of wvariance ' and non-normality
éssumptions'when type I error rate wés the criterion. Violatiohs
cf the .normality assumption using exponential and rectangular
distributions resulted in rates systematically, but, negligibly,

below nominal levels.

Hence, it cauld be concluded that the sfudentized range
distribution is relatively Trobust under conditiéns of 'nonf
normality. In situations where non-normality is extreme, the
range distribution generates critical wvalues that are more
conservative .than in the normal case. The effect of
heterogeneity of variance will depend greatly on the use of the
specific multiple comparison method.  The phenomenon will be

discussed after a discussion of the " research on techniques

developed for unequal sample size. subsequently.

16
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RESEARCH DEALING WITH THE CASE OF UNEQUAL SAMPLE SIZES

Based on the preceding section on multiple comparison

procedures, it is evident that the modified Tukey or alternative
!

techniques can be subdivided into those dealing with the case of

unequal sample sizes and those dealing with unequal variances.

This section will address the former condition,™

The © following techniques deal with unequal n's and are
essentially derived from the Tukey method for equal sample sizes.
They employ either . the studentized range dis£ribution, the
studentized augmented range distributien or the studentized
maximum modulus,distributioﬂ. The techniques are as follows:
Kramer (1956), Winer (1962), Miller k1966), Spjetvoll and Stoline

(1973), Hochberg (1974), Genizi and Hochberg (1978), and Gabriel

[(1978). The Scﬁeffé'(1953), Bonferroni and Dunn-8idik methods

e

are not derivations from Tukey but are included for the purposes

of comparison.

Since most of these multiple comparison procedures can be
expressed as studentizea range statistics (Einot and Gabriel
1975) ’or’ alternati?ely as Student t statistics when the
comparisons are .pair-wise (Games 197la), a comparison between
their critical Valués and/or mathematical modifications can be

made. Stoline (1981) has shown that:

SR
OkNk = Smma , = ta*N . (2.23)
EE"A J,N-k .
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. for the methods propcsed by Kramer (1956); Hochberg (1974) and

Dunn-$idak. The remaining terms in the determination of the
confidence interﬁals are equivalent )§Qr all  three methods
(i.e., S(I’]-L"'-i-l']j"l)lj2 ‘ ). Thus, it can be inferred that Kramer's
method will produce confidence intervals as narrow as, 1if not

narrower than,either those of Hochberg (1974) or Dunn-Sidak.

Sﬁoline (1981) has also shown that

. SR =SAR (2.24)

QL N-k QYK N-k
and . :
n+n" = max(n'n?) (2.25)
2 . . .

‘Therefore, Kramer's method will be as optimum as (if not more s0)

the method QEASpj¢tvoll.and-Stoline (1973).

The method proposed by Genizi and Hochberg (1878) will
reduce to Kramer's method if the two sample sizes afe' equal; if
this., situation does not exist, the constant "g" will be greater
than ohe (Dunnett 1980a). The confidence interval will also

exceed that of the Kramer technique as a result.

Keselman, Murraj aﬁd Rogan (1976), Keselman, Tobthaker and
Shooter (1975), Rogan, Keselman and Breen (1977) and Smith (1971)
focused on assessing the rates of type I error and ° the
sensitivity of the methods proposed by Winer (1962),' Miller
(1966) and Kramer (1956}. Smith (1971) compared the three
procedures and varied the dispa;ity between é;oup sizes for a 3:1

)
'

difference. Of thé three procedures, Krameér's consistently

18
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provided experiﬁent—wise error probabilities in cloée agreement
with corresponding nominal probabilities, Kramer's method
usually provided the lowest error probabilities, whiiEJ\ﬂiller's
(1966). technigué had the largest. As the group size imbalance

became more pronounced, Miller's method became more liberal,

£ °

Dunnett (1980a) has suggested that the methods of Winer
(1962) and Miller (1966) suffer from the disadvantage that they
provide allowances of fixed 1length for' all comparisons,
regardless of sample size. Hence, some of the individual
comparisons would be more likely to exceed their allowances than
oﬁhers, and combarison error rates would. therefore' not  be

constant.

Keselman, Murray and Rogan (1976) extended Séith's (1971)
study to -‘include a sample size disparity of 40:1, as well as
investigating the‘effects of the number of groups and the-nominal
significance leveié. The results indicgted that experiment-wise-
error probabilities seldom exceeded their nominal significance
levels by more than 1%. The Kramer estimates weré generally leés

than nominal (¥ levels, while the harmonic means (Winer 1962)

estimates were usually larger than the true alphas.

The results wf these studies demonstrate that unequal group
sizes did not greatly increase experiment-wise error
probabilities of the Tukey test when either™the Kramer or Winer

LS ' i

modifications were employed. These authors have suggested the’.

use of the Kramer (1956) method as opposed to the harmonic mean '

19



because the experiment-wise error probabilities were consistently

lower than those of Winer's method. When power was considered
) rd
(Keselman, Toothaker and Shooter 1975), the data did not favour

either procedure.

Methods proposed by Spjptvoll and Stoline (1973), Hochberg
{(1974), and Genizi and Hochberg (1978) héve been showﬂ
analytically to guarantee that their experiment-wise error rates
are equal to or less than (¥ for any configuration of sample
sizes. They differ, however, in their degfee of
conservativeness. Large varlations in sample size _from the

equal sample size case resulted in the techniques generating

-different experiment-wise error probabilities. Dunnett (1980a)

showed that Kramer's (1956) method had error prokabilities which

fluctuated around the .05 level; these were usually less for

small variations in sample sizes. Larger sample size imbalance
reéulted in thé Kramer method remaining ;onservative but close to
nominal levels, while the harmonic mean method (Winéf 1962) had
experiment-wise error rates excessively large. The éonservative
nature of the methods of Spjptvoll and Stoline (1973) and Genizi
and Hochberg (;978) (relati#e to that of Kramer (1956)), was
shown in the resulting smaller rates of experiment-wise error.
The method o©f gabriel (1978) also had smaller error rates than
Kramer's except when the sample size imbalance wés extreme; in

this case Gabriel's method had shown a liberal tendency.

" *
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‘ k::%i§;31 methods fg;]most imbalanced designs. . )

- From Dﬁnnett (1980a), it is apparent that for certain cases —~
k:>53, the Kramer method is conservatiée,for one way analysis of
variance | designs ranging from ‘modest to severe éample size
imbalance. - If ‘the Kramer method is liberal, it is only for

analysis of variance designs where slight g@balance exists; in

all such cases, the degree of liberality is minimal.

Y3

Stoline (1981) performed a comparison of the ratios of
coq;idence interval lengths for ranges.of k from 3 to 20 and

degrees of freedom between 20 and.oo . The Kramer method

exhibited large. improvements over the Bonferroni for different
. . a " - ‘c.‘?-" X

n?minar (84 levels. Improvement was also shown over the Hochberg-

-(1974) technique. A limited comparison was performed Gith " the' -

ethod of Spjptvoll “and Stoline (1973) which ‘showed improvements
. _ SN _
by the gramer method to be more dramatic than when compared to

- the Bonferroni ‘method. Similar results were also reported‘for a
N :
comparison with the Dunn-5idak method.

¢ 4

Stoline (1981), 1like Dunnett'(lgsOdfff.coneluded that the
Kramer method was to be preferred over most other methods

producing as it did narroWer confidence intervals than the

H;QBonferfoni, punn-S$idak, Hochberg (1974) and Spjgtvoll and Stoline

- “

Gabriel (1978) reﬁdrted a Monte Carlo study pcomparing the

-

techniques :of Hochberg: (1974) and Spjgtvoll and Steoline (1973} -

with his own method (Gabriel 1978) over varying sample sizes,

The Gabr%el method was found to be conservative excépt for
. : . ‘
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extreme imbalance of sample sizes. The Hochberg (1974} technique -

was only slightly more conservative'than the Gabriel methpd}'

¥

whereas the. technique of Spjptvoll and Stoline was much  more

conservative unless the imbalante was quite small. Though all
three methods were conservative when k was large, the pattern of
T,their'dependence on imbalance was not the same. Gabriel's method

became less conservative and even liberal as the imbalance
) ) .

. ,; )
- increased, while Hochberg's (1974) method was unaffected by the

degree of sample size imbalance. The teéhnique of Spjptvoll and

Stoline . was least conservative for small imbalance but became
highly conservative as imbalance increased. The pattern of
experimentgwise errors described above was supported by the

studies of Stoline and Ury (1979), Stoline (1978) and Dunnett

(1980a).

It should be noted that the Gabriel method can produce

shorter confidence Jimtervals than those of Hochberg (1974),
especially in those cases where (¥ is small.andya large sample
size imbaLEE;e exists (Gabriel 1978). This is the only situation

in which tHe Gabriel method'seriously challenges the Kramer
- . .

method.- As pointeﬁ’Jout by Stoline (1981), this is also the

situation in which the Gabriel method is Iiberal.  Therefore, the

LS

Kramer (1956) method is still to be preferred.

‘The Genizi and Hothberg (1978) method is a - technique

specifically tailored for the occasion when only two difﬁerent
LY 1

sample sizes exist in a one way'iaybut design. Stoline (1981)

. has shown that the Spjptvoll and Stoline (1973) method is a

22
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specidl case of the Genizi and Hochberg techniéue. Genizi and
Hochberg (1978)' cite eéidence showing that their procedure
vields confidence intérvals not longer than Spjgtvoll and S£oline
for all pair—wige comparisons, with some confidence intervals
being strictly shorter. Stoline (1981) ana\Dﬁnnett (19805) report
strong evid?ﬁce supportk?g the superior%t& of the Kramer method

over the Genizi and Hochberg technique with respect to confidence

interval length and experiment-wise error probabilities.

[

Keselman and Rogan (1578) studied the experiment-wise error
rates of the methods of Scheffé (1953}, Spjgtvell - and Stoline
(1973), - and Kramer (1956). In the homogeneéus vafiancé
condition, ali methods kept their error rates at or below the
nominal level. The Kra%er technique deviated the least from the
nominal (¥ while Scheffé's method had the smallest error rates
for-small and medium sample size disparity. In the case of large

sample size imbalance, the method of Spjgtvoll -and Stecline was

the most conservative.

Ury (1976) and Ury and Wiggins (19?5) compared the methods
of Scheffé (1953), punn-3idak, Hochberg (1974), and Spjgtvoll and
gtoline (1973). Both studies found tﬂe Spigtvoll and . Stoline
technique to be preferable when the sample size disparity was
Tsmall, but as the imbalance increased, the methods‘:of punn-Sidak,
Hochberg -(1954) or Scheffé (1953) were preferable.. Though the
Kramer method ﬁas not examined, previous studies had shown its

superiority over the Dunn-Sidak, Hochberg (1974) and Spjgtvoll

and Stoline (1973) methods.

23 -



In conclusion, the procedure preferred by most researchers

with regard for conservativeness and optiﬁélity, was‘the method
of Kramer (1956). Experimenﬁ—wise errors for‘Kramer's method are
below but close to nominal levels, and the ﬁethod results in the
narrowest confidence intervals. The second most preferred
procedure would seem to be that of Hochberg (1974), not because
its confidence interval lengths or aegree of conservativeess are

better thah other procedures, but becausé it is more consistent
across a wiae'dispafitY.of sample sizes. The techniques of
Gabriel (1978) and Spjgtvoll and Stoline (1973) would be next in
preference, though their type I error probabilities change with
the degree of sample size imbalance; Though the Genizi and
Hochberg (1978) techhique competes faVourab%y with the others, it
is limited to the condition when only tﬁo sample sizes exiét.
The other procedures, though on occasion.preferable, - do nat
control type'I-efror probabilities or confidence interval lengths

toe the éame extent as the other methods do in the case of pair-

wise contrasts with unequal samplé sizes and homogeneous

variances. o L
. fe

RESEARCH DEALING WITH THE CASE OF UNEQUAL VARIANCES

[

When the variances of the populations which were sampled are

not equal, a pooled estimate of the common variance (as used in

the methods of the previdus section), is inappropfiate. Thea

techniques considered in this section useta variance .estimate:

-
[

formed from the individual sample variances of the form:

A .
™~ +



; ) Si_z(ni-)-l'*‘.sj'z(nj):l . (2.26)

The mefhods to be considered in this section stem from the

resea¥ch of Hochbefg (1976), Games and Howell (1976), Dunnett

(1980b) and Tamhane (1977, 1979).

Knowledge that the me%ns being coﬁpared éémé from two
different populations with different standard deviations creates
a problem regarding how to combine the variances. The Behrens-
Fisher solution (Behrens 1964j was one possible solution which
has been incorporated into some of the techniques to be

discussed.

Howell and Games (1974) compared the robﬁstness of thfee
multiple‘comparison pfocedures (mulﬁiple t tests, Tukey t1953)r
Scheffée (1953)) to the‘violation_of the homogeneous variance
Q§sumption. Three different standard errar estimatés were

investigated, . namely: (a) the conventional test using

1
éuzyixz_(where MSW = mean square within); (b) the standard
N N

error of the traditional t test; and (c¢) the standard error of

Ehe ‘Behrens-Fisher t! siatistic. The procedures wefe highly
robust to variance heterogeneity if the Behrens-Fisher standard
error estimate was employed. The procedure; inéorpoqating the
mean square within error estimate were considerably less robust,
“and produced major distortions in many'df the individuél~contrast
power curves. Tﬁis consideration was not altered by the increéée

in common sample size. Games and Howell (1976) have demonstrated
/ . { N . - Y :
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A~ .
the inappropriateness of a pooled estimate of the common variance

when the assumption of homogeneity of variance is violated. The
use of a non-pooled error term provided increased control over
experiment-wise error probabilities for all contrasts as well as

producing an acceptable power curve.

The ma jority of research dealing with the éase of
heterogeneity of variance has also considered the case of equal
and unequa% sample sizes, Three conditicons may be specified as a
result: {(a) the case of equal sample sizes and heterogeneous
variances; (bi the case of unequal sample sizes and
heterogeneous variances where small sample sizes are paired with
small variances (direct pairing); and (c).the case of unequal
sample, sizes and hetercgeneous variances where small samples
sizes are paired with large variances (inverse pairing). Each of
the three situations involving equal sample sizes, _.direct pairing
and ipvefse pairing must be considered separaﬁe;y, since they
create differen& results with the various. multiple comparison .

procedures, )

After examining the performance of the F test under
conditions of direct and inverse pairing, Box (1954) suggested
that a major determinant of- the degree of bias was the

coefficient of variation of variances {(C).
Kk p
_g2)y " :
. oc=| L(§E-T0% o (2.27)
=) )
T - |
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The coefficient of variation of variances has been suggested as a
criterion for compafison across conditions of different degrees
, of aariance heterogeneity kHowell and Games 1973, Rogan, Keselman
~and Breen 1977, Keselman and Rogan 1978). Tamhane {(1979) also
~utilized the coefficient of variation of variances in his study,

but used the ratio of variance and sample size instead of the

variance alone.
. »

-

VGY(XL)'=§I_%T=E[_:'2_ (2.28)

L \ -
k ;== p |
vel @)
7

Box {1954) demonstrated = that the F test beconmes

~r

conservatively biased ﬁnder the condition’ of direct pairing,
while under inverse bair{ng, the F test exhibits a liberal bias.
Similar results were recorded by'Peﬁrinovich and Hardyck (1969)
who studied the  type I and II error rates of seven pair-wise
comparison methods (including Scheffé, Tukey, Duncan; Newman-
Kéuls - and multiple t tests). The researchers concluded that,
inverse pairing also caused increase; in the type -I e€rror
probabilities. Petrinovich and Hardyck went on to state that
such conditions as unequal sample size%’ unequal‘ variances and
non-normal populations make little difference to the Tukey or

¢

Scheffé tests, except as these ifﬁditions also affect the

obtained F wvalues.
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The results 'of Petrinovich and Hardyck (1969) have been
questioned on two \counts. Keselman and |Toothaker (1973)
criticize the manner in which the data were c¢llected, stating
that the counting procedure used masked the. cbrreSpondence

between the maximum contrast and the analysis of

At

Keselman and Toothaker (1973) conducted :a sim

study and congcluded that following a signific

Tukey test was as sensitive for detecting the
in the set of k.means as the Scheffé .method

criticized the results generated by the inverse

as being an artifact of their method of increas

multiplication of the initial variance of

populations effectively decreased the distance

-

relative to the mean sguare error.

Howell and Games (1973) concluded that the
1962) and the t test show the same response whe

variance assumption is wviolated. Both method

the sample sizes were equal but exhibited eith
or liberal bias when heterogeneous variances

unequal samples sizes.

Keselman

of the Tukey (Winer 1962) and Scheffé statistigs was related

and Toothaker (1974) xeported that the

variance F test.

ilar monte c¢arlo

ant F test, the
maximum difference

+
. Games

(1971b)
pairing condition
ing variances. The
the comparison

between the means,

Tukey test (Winer

n the homogeneocus
s were robust when
er a conservative

were paired with

robustness
not

to the number of”

just to the type of assumption violation, but
/

contrasts being considered; this result

Ringland (1983). The results indicat at

as iater supported by

the experiment-wise




error rates increased within the unequal variance condition
versus the equal variance condition and were larger for inverse
pairing thadf?%r direct pairing. Keseiman and Toothaker (1974)
. concluded that the Tukey statistic could be judged és robust a

"statistic as that of Scheffé. .

Keselman. (1976) studied the effect of various combinations
of unequal sample size, unequal variance, and non-normality on
the probability of the type II error for the . Kramer (1956)
modification of the Tukey test. | Afterﬂexamininé a wider range
of conditions than Petrinovich and Hardyck (1969) and Keselman,
Toothaker and Shooter (1975), Keselman concluded that the 'power

of the Kraher test was not appreciably affected by most of the

1

treatments. _ -

These studies invariably confronpéd unequal samp;eirsize
conditions when comparing the Tukéy'ﬁést under violations of the
variance.homogeneity assumption. Since the original Tukey ﬁest
is Tnot applicable to this situation, researchers were forced to'
use a modificatién, and most often Ehis consisted of one of the

Kramer {(1956), Winer (1962) or Miller (1966) techniques.

Keselman, K Toothaker and Shooter (1975} qxamiﬁed the Kramer
{1956) and Winer g1962) unequal n forms-of the Tukey test. Type
I error  and correct decision rates were evaluated under the
restriction that the analysis of variance é test be significant
at (¢ = .05. The da¥a indicated that both methods suffered when

q

unequal variances were paired with unequal sample sizes, and yet
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both techniques had the same sensitivity for detecting real mean
differences. The inverse pairing condition caused the observed
ﬁexperiment-wise error probabilities to exceed the nominal ¥

// level for both the Winer and Kramer forms of the Tukey test.

/ N The techniques of.Kramer (1956), Miller (1966) and Winer
(1962} were compared in'a study reported by Rogan; Keselman and
Breen (1977). The results supported the Kramer metMod, as it
consistently resultedi in empirical experiment-wise error rates
deviating less from the noﬁinal significance level than the other

_two methods; In the equal sample size conditicn, the éxperiment—
wise error was‘highly inflated when the variances were highly

=

divergent; this would support the promotion of a non-pooled
4 .

estimate of the error variance. The results agree with those of

Petrinovich and Hardyck (1969), Howell and Games {1973), and
Keselman and Toothaker (1974), in that the harmonic mean method
provided conservative experiment-wise error rates in the direct
paifing condition and ‘liberal rates, in the inverse pairing

condition, A similar pattern was exhibited by the Kramer method

and was supported by Keselman and Rogan (1978).

Keselman and Rogan (1978) andaKeselman, Games and Rogan
(1979) performed a study compariﬂg the following techniques:
Kramer (1956), Spjptvoll and Stoline (1973}, Scheffé (1953),

"Hochberg (1§76), Gaﬁes and Howell (1976), Gabriel (1978), and
Hochberg (1974). When unequal sample‘sizes were -directly paired
with unequal: vafiances, all tests except .the Games and Howell

procedure produced experiment-wise error-rates that were less
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than the nominal ‘Level.- The Kramer, and.‘Games and Howell
procedures generated experiment-wise errors closest to the
nominal 'level,- though only the Games and Howell procedure was'
within. one .unit of sampling variability of the nominal level.
The Scheffé procedure produced the most conservative ekperiment—
wise error estimates when the sampie size disparity was . small,
and when Qarfance heterogeneity was small or medium. As the
variances became more divergent, Hochberg's (1976) technique was
the most conservative in the small sample size disparity
condition, When the sample size disparity was medium or “large,
" the techniQués of Scheffé, and Spj¢tvéll and Stoline were
comparable and provided more Conservative'experiﬁent—wise error

estimates than Hochberg (1976).

In the inverse pairing condition, the Kramer method produced
liberal experiment—wiée error rates which became more liberal as
the sample size And variance hetercgeneity disparity increased.
The ‘Scheffé procedure was ablé to maintain its error rates below
nominal ' levels when the degree of variance divergence was not
large and when the sample size imbalance was small. With these-
exceptions, tHe technique became very liberal. The émallest
emplrical éfror rates were produced By the method of Hochberg
(1976), which kept itsﬁérror rates low through all conditions but
became more conservative as the variance heterogeneity increased.
0f all the procedures ?xamined, Games and Hpwell (1976) was the}
only one not affected by inverse pairing of variances and sample

r .
sizes and produced error rates that were closest’ to the nominal

4
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: )
level, a result supported:'by Games and Howell (1976). A
cemparison of the power.rates‘of the Hochberg (1976) and Games
and Howell (1976) procedures supported the latter as vthe more
powerful. In the inverse pairing condition, Kramer's method
became very biased, demonstrating the iﬁappropriateness of a
pooled estimate of common variance when the assumption of

variance homogeneity is violated.

Tamhane (1979) reported a study comparing the techniques of
Spjgtvoll and Stoline (1973), Hochberg (1974, 1976), Tamhane
{1977) and Games and Howell.(1976). . Thé techniques of Spjgtvoll
and Stoline, and Hochberg (1974) were found to berfaifly robust
unless the divergence in the variances was extreme. Of the
procedures created for the unequal variance situation, the Games’
and Howell procedure tended to be liberal withoutz any pattern,
but it also'prddaced the shortest confidence interval lengths of
ail procedures éxamined. Tﬂe Tamhane (1977) procédure was
conservéﬁive and supplied confidence interval widths only

slightly larger tha the Games and Howell procedure. e

o ’ e

It would apﬁear that Témhane (1?79) narrowed the choice of
p;ocedures down to Games and Howe11/(1976) and .Tamhane (1977).
Dunnett (1980b) exémined,these two procedufes, along with two
others which he devised--T3, an extension of Tamhane's (1977)
T2 procedure, and the C procedure, an extension of. a method

- -
proposed by Cachran (1964).
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Dunnett (1980b) examined only the direct pairing condition,
with large variances being paired with' large sample sizes. These

conditions were examined over degrees of freedom rénging up to

infinity {(i.e., the known variance cése). The T2 and T3 methods

were both conservative and became identical  when the:variances
. - ) . ‘
were Known. In the case of finite degrees of freedom case, the

‘ N\
T3 procedure was less conservative than the T2 procedure . and

generated shorter confidence interval widths. This would be
anticipated given the tighter ihequality (Dunnett 1980b)}.. The

empirical experiment-wise error probabilities for the Games and
e

Howell procedure decreased as the variance became more divergent.

In the . case of the equal variance case {or those close to it),

the error rate appeared to increase slightly as the degrees of

freedom became smalleyr,
&

1

In practical situations,’ most .researchers would choose

qZ : . ‘ .
nL's so that L nL would be approximately the same in each

sample, As a result, variation in variance from the equal
variance case would tend to be small. This is the situation
wherein the Games and Howell prbcedure becomes liberal. As the

variances Dbecome more divergent, the empirical experiment-wise

error estimates become more conservative.

The C procedure and the ¢fames and Howell procedure are seen

to be identical in the known Variaﬁqe case. Fer the. finite
variance. case, e C methed is more ‘conservative than Games and
“—‘——,
N
A
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. Howell. ', This is . not a surprising development given that the

degrees of freedom for the Games and Howell method is between Y,

and lﬁ : whereas the'mgegrees of freedom for® the C

"procedure may ‘'be - as high as "V, +V, . The C method also
. R LT : )

L ‘o, . . . B
provides narrower confidence intervals than T3 for large degrees
. ” S

of freedon. ™S
.\\

Dunnett (1980b) reported that the T3 - procedure would be

preferable when <4he degrees of freedom are small. In these

instances, the Games and Howell method.is slightly liberal and

the C procedare much more conservative than the T methoa.; qu

- -

large degrees of freedom, it would seem that the Games and Howell

procédure should be pré&ferred, since its error rates are the

closest to the nominal level without becoming liberal. . In the
z

extreme variance heterogeheity situation, the Games and Howell

]

procedure would also be preferable regardless‘ of degrees of

freedom. : X
L]

In summary, it would seem that of the techniques designed
for the unequal Gariance‘case, the method of Games and Howell

(1976) provides empirical experiment-wise error rates which are

] HF ., . . -
closer to the nominal levels and the shortest confidence interval
widths, In situations where sample size disparity is small and

- L .
the variance heterogeneity is also small, this method nady hecome

-

liberal, in which case the T3 procedure is to be preferred.:

Hochberg's (1976) procedure would seemto be the next preferred

method. Unfortunately, Dunnett (1980b) did not consider this

method in his comparison with'the C and T3 procedures. Note also

L
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that Dunnett’ (1980b) did not consider the inverse pairing
‘condition of variances and sample sizes for it is this condition
wﬁich seems to cause major problems . in using the various multiplé

v

¢omparison procedures.

T COMPLEXITY v . ' . ,\ - : ' -
The multiple comparison proci&dures presented .thus far have
\) s been compared with respect to their experiment-wise type I error

rates and the lengths of their confidence intervals. Though the
performance of thé multiple comparison procedures in ‘terms of
these statistical criteria is important, it may not be of primafy

interest to the researcher. A principle concern of the

researcher és tHe interpretation of the results in the sense of

porfrayal "of a clear picture.of the relétionseips. amongst the

« Sample means. A #riterion proposed by ' Shaffer ¢(1§81),' called

- ) ' . ) Ly
complexity, deals with this consideration.

1 - ’ < b

. To' simplify the discussion? the followirt] notation will be

-

-

used. bonTider a .four group one-way analysis of variance design.

Let each sample mean be représented by the éppropriate numeral 1,

2, 3 or 4. . Let each ﬁairjwise contrast be rgpresented. by ' the

pair of numerals corresponding to the pépdlations involved in the

contrast. Thus, the contrast X1‘-X2 can be represented by

A1

(12). 1In the four group design, there ™re six possible pair-wise

contrasts:

(12) (13) (14)_ (23) (24) (34) ‘ (2.30)

b , LI
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0 . ~ 0 M ° . » = v v
Finally, if a pair-wise c¢ontrast has reached the 1level of-~

-

¢ significance, this will be represented by an asterisk following
the appropriate pair-wise notation. For examﬁle, A in- the
-following display T e
' (12)* (13) (ra)x ®(23) (24) (34) . (2.31)
" . . oL . . . .
~the estimated .contrass ,)g';;;) and (EZV“SZA) were found-tq be
- si ificant while theiéther foﬁr estimgted contrasts were found
///E;gii\:ét‘Significéntltggi i . '; .‘ ﬂ‘ 
Consider the silx pair-wise contrﬁsts as forming a set of six
: elements; from this set, subsets ranging in,sizé_ frbm zZero
( elements to six, elements may be -chosen. The number  of
cohbinaﬁions for the various sizes of subsets égn be ?alcﬁlatea'
as follows: . . & T - | o
: 4
(0, Crs S (G He D (e - (2432)
These calculations yield a %oﬁél of 64 possible combinations = of
the six elements for subsets of all sizes.
4 - e

Consider that . the specific subset selected is in fact. the

- set ,of pair-wise éontrasts-_whiqg/ﬁas reached the léyel of

significance. It can now be seen that there are 64" possible
—_ '

combinations of estimateﬁ pair-wise contrasts gedching‘the level -

Q. .
of significance, with the number of significant contrasts ranging

from zero to six.



If a spgcifié subset of siqpificant estimated contrasts is
iliustrat;d in the above notafion, then the resulting disﬁ;ay
could be seen as a comparison of the estimated contrast; that are
significanf and. those that are not., - For-example, consider .the

following display: : . . [ S

. L.

(12)* (13) (14)* (23) (24)* (34) : (2.33)

In this case, the estimqted pair—%ise contrasts (1?)L {14), and
(24) . are significant, - while the 'remaining tﬁree estimated
cdntraété_ are not. This display of significant versus non-
'éignificaﬁt :contrasts has been -defined by Shaffer (1981) as a
pattern.. r- again the four populétions repreéented by the
’ numérals 1, l2, 3 or 4. A partition of the populat;ons is
defined as th; sﬁbdivision of the set of four populaﬁions lintO'
mutually—exclusiﬁe,;subsgts ggsed upon significant differences of
some sample-statfstic (i.e., the sample mean#&l "In this case,
therg .are five different forms that the partition .may take,
-

corresponding to one subset, two subsets, three subsets, or four

wubsets, The partitions are indicated as follows:

. H .

(1, 2, 3, 4] | : ' N2.34)

»

(1] (2, 3, 4] _ ' .
(1, 2] [3, 4] ¢

[11 (2] [3, 4] | -
(RS I E I E S I - -



The above partitions indicate only the form of the partition,
For example, . [1] [2, 3, 4j and [2] [1, 3,.4] are the same type
of partition, though the arrangement of the sample méahs is

different.

A partition, as described above, and inferred from the

samples, 1is the ideal situa;ion that a researcher would desire.

s

As a result of the'di&ision of the samples into mutually-
exclusive subsets, interpretation based upon the relationships

among sample means 1s relatively straightforward.

‘e

There is obviously ,a specific relationship between the’

partition and the, pattern. When a pattern creates one of the
above partitions, it is defined as a simple pattern. . For

example, the patterh of

(12)* (13)* (14);r _(23)*' (24)* (34) (2.35)

yields the partition of.

(1] [2] (3, 4] k o (2.36)

”»
Cnly " certain patté;ns can yield unequivocal partitions of the

sample means. By far,  the ma jority of possible patterns do not

. yield partitions of the sample means, thus increasing the

difficulty of interpretation. Consider  the following pattern:

(12)  (13)* (14)* (23) (24)% (34) / ' (2.37)

Vv
v
Y ’ .

+
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‘X1 is éig‘nifi-cantly different ftrom Y3 "and Xl. and Y2| is
significantly different from 3(4 . Yet, SZZ was found not to be
significantly different from 3(1 : or‘BZB . ;The ‘apparent
inconsistency of 322 prohibits a partition of the sample‘ means.

<If (23) was also declared significant, then a partition of the

form of [l, 2] (3, 4) would.occur.

A simple pSttern can therefore be defined as a pattern of.

significant and ﬁon—significant estimated contrasts which yield-a
partition of the samp . éans into mutually—éxclﬁsive‘ subsets.

. ' ,
The sample, means wiiij:Q\EEbh, subset are not. significantlf,
different from each other. Sample means from diffe;ent su%séts

result in estimated contrasts that are significant.

Shaffer (1981) ﬁses khe simple pattern as a ?efgrepce point
for measuring éomplexity. ‘Becéyse the simplg péttern yields a
partition of the sample means, it is given a éoﬁplgxity of zero.
All other patterns are given a ' complexity reiative to the
‘distance from a simple pattérn; Complexity of a pattern is equal
to the miniﬁﬁm numbér of'non-significant'épntrast§ which must be

_ declared significant in order to transform the criginal pattern

into a simple pattern. The pattern cited above, (2.37), has a
. ) i .

complexity of ohe. The péttern cited in (2.33) has a complexity

"of two since (23) and (13) must be declared significant in order

]

to yield a simple pattern.

As a result, each of'the 64 possible combinations of
pair-wise contrasts has a complexity indicative of the distance

from a simple pattern. These 64 patterns may be further
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. I
categorized‘ into pattern  types. Pattern fypes *have two
characteristics.. First, they must have the same number of

significant contrasts and they must have the same complexity.

-

The 64 possible patterns (from the 4 sampie case) may be

reduced down to eleven pattern types, five of vwhich are Simple

patterns. The eleven pattern types are listed in Table 3 with
. -

their appropriate complexities and the number of null hypotheses

that are rejected. The latter is,  of course; equivalent to the

number of pair-wise contrasts that are significant.

Table 3 1illustrates an important trend: complexity
decreases as the number of rejections of null® hypotheses
increases. This is understandable, since the chance of_acgieving

a partition/of the sample means is greater with more significant

r

contrasts. Three of the simple patterns illustrated in Table 3

involve four or-more significant cdntrastg.

ISince the population means must fall inté one of the
partitions, Jcomplgxity dffers a:method of comparing patterns oé
. different multiple coﬁparispn procedures with respect to ,their
distance from a simple paﬁterh. Thus, a preferred pfocedure

" would be characterized by a relatively low comple;ity and a high

"
-

number of rej9ctioné of the null hypothesesQ .
‘ : !

Tt is interestiﬁg to note that complexity is defined as the

number of non-significant estimated contrasts that must be made

signigicant rather than those that are significant - being made

' non-significant. In some gcases, ‘the distance from a simple

40
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‘ TABLE 3
N i" PATTERN TYPES FOR THE 4 SAMPLE CASE
% ) ‘o
Pattern, : ‘ : , _ " - Number of
Type Significant Palr-wise Contrasts Complexity Re jections
i .
1 | No pair—wise contrasts significant 0 0
2 1 Any single pair-wise contrast ’ 2 1
3 - -0 (12)* (13)  (14)  (23) (24) (34)* 2 2
(12} (13}* (14) (23)  (24)* (34)
(12) (13) (14)* (23)* (24) (34).
4 Any other two pair-wise contrasts 1 2
|
5 i.(IZ)* (13)* (14)* (23} (24) (34) 0 -3
| (12)*  (13) (14) (23)}* (24)* (34) . -
i (12) (13)* (14) (23)* (24) (34)+
bo(12) (13) {(14)* (23) (24)* (34)* X
* 6 (12)* (13)* (14). (23)* (24) (34) 2 3
c(12) (13)* (14)* (23) (24) (34)* : i
(12} (13) {14) (23)* (24)* (34)~*
Co(12)* (13} {(14)* (23) (24)* (34) P
\ A ‘ S .
7 Any other three pair-wise contrasts 1 -3 4
‘8 L o(12)  (13)*  (14)*  (23)%  (24)* (34) 0 4
L o(12)*  (13)  (14)*  (23)*  (24)  (34)+
. (12)* (13)*  (14) (23) (24)* (34)*
9 : Any other four pair-wise contrasts 1 4
10 Any five pair-wise contrasts 0~ 5
11 All pair-wise gontrasts significant 0 6 N\

!

* gignificant contrast )

-

pattern would be shorter if sighi%ﬁgant estimated eontrasts were
. . i I 5y

declaredI non-significant as opposed to non-significant estimated -

contrasts
" 1

-

becoming significant.

~
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Shaffer (1981) does not give any reason

was defined in this manner.

The implication

is made, however,

that the situation of estimated contrasts being falsely declared

significant 1is less prevalent. As a

measured on

mistakenly found to be non-significant.,

It should be noted that Shaffer's (1981)

3 more general formulatiaon of complexity.

concept 'of complexity has been refined to del

wise contgasts of means. Originally, Shaffer

with more complex contrasts. .

H
'

as a series "“of-tests beginnihg with the o

experimental groups

Subsets of all possible sizes and combinat

s -

resuyu

In this manner

and continuing with ‘pr

1t, complexity was

the assumption that some €stimated contrasts _were

article deals with

In this case, the

Al only with pair-

r a pattern was seen

verall test

of all
ogressively smaller
ions. Within this

F

framework, Shaffer was able to compare the peprformance of range.,

F and gap procedures.
. range statistics, only certain contrﬁsts may

sake of simplicity,

i b
pair-wise compar ggbs. This modification

change in the conmplexities of the different

Shaffer's theory was refined

Since the present stuldy deals solely with

bhe stﬁdied. For the

to consider

did not, involve a

patterns, though ‘it

did change how they are displayed. The 'number of rejeétions of

null hypotheses

those of other subsets.
across all patterns,

not change.
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consisted only of pair-wise
Since this created

the relative difference

rejections and not

a uniform decrease

amcng patterns did

as to-why complexity

's formulation dealt .
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Shaffer (1981) performed a Monte Carlo study to examine the

usefulness of complexity in distinguishing among three different

-

statistical procedures: range,‘ gap and F statistic. Shaffer
employed a three group (three meansg_ design that could be

represent%d by the following five pattern types (and their

respective complexities):

(1) no subsets.rejected.(complékity = Q)

., 62) 123 rejected (complexity = 2) ’ ‘
(3) 123 and 1 pair.fejectéd (complexity = i)
(4) 123 and 2 pai?s re jected (complexity = 0)

3

(5) all subsets rejected (complexity = 0} . . .

4

As was mentioned previously,qghaffer considered more subsets than

those involving just pair-wise contrasts.

The ' two differént partitions examined by Shaffer were
(1,2] [3] and [1] [2] [3]. In the first partition, two means
were equal and diffefent from the third and, in" the second
partition,- the three means weré.equally spaced. The conétants\
ranged in value f?om .2 to 6 for-the first partition and .2 to

\ s '

7.2 for the second.

Shaffer calculated the average number of rejections and the
; e .
~average complexity as two dependent variables. The average number
of rejections is the average of the number of rejections of the

null hypothesis within each pattern type weighted by the pattern

frequency. Average complexity was calculated in a similar manner



by replacing the number dé?rejectiéns within each pattern type by
~N ~ h
the respective pattern complexity.

-

\ ‘Results from Shaffer's simulations indigéted that as the
difference between group means increased, ‘the average numbe; of
rejections increased. It was also appare;;\Lthat avérage
complexity for}the,range and F procedures was Migher than the gap
procedure across §il the cogditigﬁs;cited. It was interesting to
note that when megn,variability'was partitioned into low, middle

and upper thirds, average complexity had higher values in the

middle third. This was due to the relatively large frequencies

of pattern type 3. Shaffer was able to conclude that &verage
complexity. was able to discriminate among the range, gap and F

procedures.

Several limitations of Shaffer's study should be considered.
Since average éomplexity is based upon pattern complexities which
have discrete values and a very limited range (ie., 0, 1, 2), the

calculation of° an“'averade" is questionable. ~ This is further

complicated by the fact-that pattern ty@e 2 does not occur under
the F and raﬁge statistics, and only to a small extent {less than
a proportion of ~.01) in the gap procedure. Consequently, average

complexity is based solely on the frequéncy of pattern type 3

since the other patterns have zero cqmplexity. This limitation

exists because of the small number.of patterns in a three group
. o

o

design. The range of possible patterns and values of complexity
S 0

is increased in the four group design (Table 3).
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SUMMARY
¢

The survey of literature has described the behaviour of the

. )1 )

.

‘various forms of the Tukey test. With respect to experiment-wise
error rates, it has shown that the unéqual sample si%§ and
unegqual variance forms of £he Tukey £est behave differentiy under
conditions of sample size disﬁgrity, variance héterogeneity and
di}egt versus invergs pairfﬁg. This information is vaiuable for
the - educational researcher who is. constantly confronted with
either samples of varying sizes and/or different variances, and
who is also concernéd about the prdbability of type I error

rates.

Complexity could provide knowledge about the various

multiple comparison procedures along a new dimension, hitherto
. ] . .
"

not investigated by statistical ;researchers. Specifically,

complexity compares tﬁ;,various forms of the Tukey test with the

interpretability -~ of , their results (i.e., how' close are  th

’

patterns generited by the technique to a simple pattern?).

The pufpdse of the present study is to examine the behaviour

N -

of complexity under the conditigns of sample size disparity,

: P
variance heterogeneity, mean variability and direct/inverse
pairing. These conditions are studied with 'respect to - the
unequal and unequal variance forms of the Tukey test. The

four group design was chosen because it yielded a larger range of
pattern types as well as.five different partitions to study. It

was decided to use a Monte Carlo sfudy for severai reasons.

/-r
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Since the behaviou; of avefﬁge complexity was td‘belcompared- to
type. I error rates, it was decided to replicate as closely as
possible those studies by Keselman and Rogan et al. Though ‘it
was possible to ‘predict general increases and decreases in
p;ttern frequency, the_behaviour of avera&é coﬁplexity across all
conditions 'could not be.-predicted. The large number of

conditions to bé studied and the use of a four group design

necessitated the aid of a computer simulation technique. -

The. results of this study should yield a 'more complete
picture of the pefformance of various formg of the Tukex test,
thus enabling the edﬁcational researcher t§ better select the
most appropriate method for analyéis of his/her data. Inherent
in th; formation of various patterns, is the examination of the
frequency of individual estimated contrasts which are found to be

significant. This will provide information as to the behaviour

of various contrasts under the conditions being studied.

* o
. i
v
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zero and

GGNPM which employs a suhroutine based on an algorithm designed

by Box and Muller (1958Y.

From each population, the respective samples were drawn to

PROCEDURE

CHAPTER TI

1

-

standard deviation one, " using an IMSL program called

correspond to one of the samplé size disparity conditions of

_ small,

largest

medium or

1

large

disparity.

sample sizes of 42.3%;

the medium and

The. ‘small sample size

conditions had disparities of 100% and 182.3% respectively.

disparity condition had. a disparity between the smallest and

The

sample sizes in the—present study were chosen so that their §izeé

and disparities were similar to those studied'by Keselman and

Rogan (19?8), the total being kept'constant for all three cases.

T

The sample sizes for each populngah\are listed in Table 4.

.

TABLE 4

ot

SAMPLE SIZES DRAWN UNDER EACH DISPARITY CONDITION

Pbpﬁlation
Sample Size
Disvarity (1) (2) (3) _ (4) Total
Small 26 27 34 37 124
Med ium 21 26 35 42 124
Large 17 23 36° 48 124
\ -
47

ndependent normal populations were generated with mean -

large —ddisparity =



Each sample .Score was multiplied by the appropriqﬁe standard

. -

deviation  to ‘create ‘the various variance. heterogeneity

conditions. The varjance heterogeneity conditions ‘were determined

]

using the coeffict

-
.

nt of variation (Box, 1954). The values of 0O

(small heterdgeneity), .6 (medium hetero-
2 e
.0 (large heterogeneity) characterized the four

(homogeneous),
Lt
geneity) 'and

conditions an were similar to those employed by Keselman and

Rogan (1978). The respective variances for each population under

£fhe. four conditions are 1isted in Table’ 5.

A

TABLE 5° . -

VARIANCES USED FOR EACH ‘LEVEL
OF COEFEICIENT OF VARIATION

) o Population ;
Coefficient of
Variation (C) (1) (2) (3) (4)
r
.0 1.0 1.0 1.0 1.Q\‘///
v .2 .73 .92 1.08 1.27
. 5 s

.6 .30 - 80, 1.03 2.0

1,0 - .01 .06 1.58 2.35

In//theFdirect pairing condition, the smallest sample \ size
was dra#n from the population with the smallest variancg, tﬁe
i {
next smallest sample size from the population with the™ next
smallest variance and so on for the four samples. This condition
is dllustrated in Tables 4 and 'S.. In-the inverse pairing ©

condition, the smallest sample size was drawn_from the population

48 . -



S

'populations was kept constant across all partiﬁions.

™

,

with the largest variance, the next smallest éample size from the

population with the second largest variance, eté., .for the

remaining samples. This condition would be iilustrated in Table

5 if the largest variances were associated with population 1, the

next largest with population 2 and so on for the remaining
\ : PO '
variances.
- + l '
A constant was added to each sample score to create ,the

various partitions under sti.xdy.l " The constants were determined
@ : ' o " : B . ‘
using a procedu;e,proposea by Cohen (1969) which generates small,

medium and gﬁargé mean variabilities’ based upon the range from

smallest to lgrgést sample mean. The ?épéignts.used for each

i '

partition are listed in -Table 6. In order to create the
s .
partitﬁons, [&l.was added to population 1,[&2 to population Z,ZSB

to the ghirdrpobu;ation andzx4 to pqpulation 4.

-~

Cohen's (1969) procedure was qsedhzﬁidetermine the value of
the constants for the fouféhjpartition where the four population

-

means are equally distributed over the range. The constants for
the other partitions were calculated .using ‘the constant from ‘the

. L3 N . '
fourth partition so that the distance between distinguishable

.
3

For  each of the four samples under each condition, sample
‘ .

means, sample variances, anf pcoled variances were calculated.

} R,ﬁEXL ) i

5 _ & ng 2‘ a . A ; .
$=ZE Z (xi.j -X;.)" where " N=X n;
t S ¥ B it .

N-2
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g .

¥ —TABLE 6 .

MEAN VARIABILITY FOR EACH PARTITION

50

y -
Partition . Mean Vafiabilit;}\
Small Medium Large e
. I , . .
[11 [2,3,4] A = .08933 A, = 32333 A, = 35733
, “Yor i = 2,3,4 for L =2,3,4 | for L =_2&‘3,/4A
N ~ ~—
: ’ ™
LEN . _'.—:"_,J . .
All:AZ;‘\O A1=A2=O A1=A2=O
IT ~ _ : ,
(1,21 (3,4) AL = .08933 AL‘z .08933 .AL = .35733
for L = 3,4 “fot L= 344 - for L = 3,4 ,
A] \.z 0 A1 = 0 | A1 =0
IIT - » AZ =.]’2“A3 . » Az =]2.A3 A2 =% A3 .
[(1102] [3,4] s ’ R 7
A = .17866 AL= . 44666 A = 714686
_' for L = 3,4 for | = 3,4 for l L = 3,4
. : \
ASIREE BDy=0" . Ay =0
[1][?1,[3][4] TAVRLYAVE - Az =5, A, =l
A3 = A(, A3 =h Az, A3 = Al.
. - A, = 268 A= .67 A, = 1.072
A
{ o
vy ‘. A =o0 lA-:Oﬂ A =0
[1r ZJ):EU 4] _L L _L B
/s : for L =1,2,3,4 for L = ;.,2,_3,4 for L = 1,2,3,4
2
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\

Il

".The six possible estimates of the pair-wise contrasts were

then calculated:

Estimated contrast (12): xl -\xz

. (13): Xy - Xy
(14): X, - X,

(23): X, = XB

{24): X2 - _X4

. (34): ié - x4'

Seven statistical methods were compared under each

condition. These were Kramer (1956), Spjotvoll and Stoline

(1973), Hochberg (1974), Gabriel (1978), Games and Howell (1976),

T3 procedure and the C procédure‘(Dunnett,'1980bJ. The necessary

critical values weré _extracted directly from the appropriate
tables, or were estimated using linear interpolation (Stoline and

Ury 1979, Stoline 1978, Harter.1960). An alpha level of .05 was

' used for all critical values. . R\<&;>A

Within eéch’ condition, 1000 simulations were perforﬁed.
Each simulation involved the calculation qf the seven modified
forms of the Tukey test and a recording of which of the .six
possible contrasts were found to ke significant under each

method. Three dependent variables were calculated on the basis

" of +this information for each form of the Tukey Test method and

under each condition.

51
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Type I exﬁeriment—wise error was calculated under all

partitions except partition IV which did not permit ° the 7

occurrence of an ekperimeht—wise error. The frequency of palr-
vwise contrasts rejetting the null hypothesis when it was true
(at ¢ . = .05) was ‘tabulated. The specific contrasts

representing an experiment-wise error under each partition are

" listed in Table 7.

Experiment-wise error was tabulated in such a way that one

or more incidences of an error within any given simulqpion were
. L 4

~p—

recorded as only one occurrence. Thus, experiment-wise error was

{\;_ﬁlgalgulated in the following manner: —
[ ] ' .
TABLE 7
- TYPE I ERROR CONTRASTS IN EACH PARTITION
Partition
T 1T TIT I N\ v
[1] [2,3,4] [1,2] [3,4) [11(2] [3,4] [1](2]({3][4] ({1,2,3,4]
(23) (12) (34) (12)
(24) ‘ (34) ' - _ ' (13)
(34) : g (14)
. . ' (23)
, . /’\\\\ (24)
S (34)
J_ .
Experiment-wise error =. -2: number of simulations

for which at least one error occurred
number of simulations




; :
|
|

The frequency of each of the 11 pattern types broposed by
Shaffer was also tabuﬁated‘ under each condition. This

information and that of the complexities of each pattern (Table

3) were used'ﬁo caléulate the average complexi;y (shaffer 1@81).

Average Complexity = j; (freq. of pattern) (complexity of pattern) . ‘
: ‘ \ number of simulations ‘

'

™

. : |

The frequency of each pattern type was also used to
|

calculate the average nimber of rejections occurring under each

condition (see Table 3) (Spaffer 1981).

Average number of rejections = l; (freq: of;pattern)fno..of reij.)
: 5 .number of simulations

f

As well as calculating the above dependent variables, three

other sources of infdrmatioﬁ were also tabulated under each

L&

condition. ' The frequgncy%of occurfence of significant contrasts
was fecordéd for each of the sixlqpntrqsks, as was the frequéncy
of ogccurrence bf each'ofEShaffer's eleven pattern types. The
frequency of_occur}ence of the 64 possible combinations of the
six .contrasts was also recorded understhe prospective eleven

!

pattern types.

53
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‘CHAPTER ITI

RESULTS

-

The purpose of the result section is to describe the general
7

trends of the data as exhibited by experiment-wise error rates,

average number of rejections'and average complexity for the

methods dealing with sample size imbalance and
. R ) ) ) o ‘ B R

kY

heterogeneity. "
!

The seven modified forms of the Tukey method. were divided

-

into: two classes. The -méthods proposed by Kramer (1956),
Spjptvoll and Stoline (1978), Hochberg (1974) and Gabriel (1978)
deal with the case of unéqual sample sizes. The techniques of

Gameé and- Howell (1976) and the T3 -and C procedures of Dunnett

{1980b)}) involve  the situation of uﬁequal variance as well as

unequal sample sizes.

. The results- of the simulations across all conditions
[ , .
indicated that these two classes of techniques reacted

differently. Within each class, however, the individual methods
demonstrated similar trendsi With respect to experiment-wise

S )
error rates, Spj¢tvoll and\Stoline's {(1973) method was slightly

s -
more conservative than the others in its class, and the method of

Games and Howell (1976) sllghtly more llberal than the T3 or C

¥

|
procedures. With Trespect ;o the average number of rejections, -

the methods of Kramer (1956)%and Games and Howell (1976) exceeded

the other techniques in their respective classes. Despite these

-

differences, the trend across.various conditions was replicated
i . - .
N
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‘(though not necessarily to' the same degree) by the other
techniques within the same catégory. Subsequently, it was
decided to select the Kramer,(1956) and tbe Games and Howell
(1976) méphods to illustrate the tgénds'eghibited by the two

classes of modified Tukey techniques.

The ﬁesults will be described under four of the independent
Variablesﬁ_ partition,. - saméle size disparity, variance
'heterogenéity and mean variabiliEy. _ The results of the direct
and invefse pairing conditions will be desgribed for each of the
‘three variables. On each of‘the follow%pg figures (1 through 6),
the curves rEpreseqt the .three different 1evels-of sarmple size
disparity, ‘the horizéntal axis ;nAicates the levels of variance
ﬁeterogeneity ‘and the vertical axis measures the 'mégnitude of

-

each of the three dependent variables.,

PARTITION o . : N

Kramer Method

In. ‘the direct pairing condition, the Kramer method
exﬁerienced approximately the same type I error rates across ali
partitions. ‘ The average number of re jections increased as the
number of distinct sets increased across the partitions. Average
complexity also aépeared to increase in a manner similar to the

one observed for average number of rejections.

i . , _
In the inverse pairing condition, the highest type I error

rates occurred in partition V, with partitions I and II
exhibiting similar trends but with lower error rates.  Partition
® .
55
|
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III had error rates which decreased to =zero

case will be discussed in a later section.,

re jections increased with the number of distinct sets as di

Id

>
1

This articular

The avepage number of

average complexity, but the differences were-less marked and

depended to some

N

)
4

\

Games and Howell Méthod

Appendix II).

-

decreased as tHe number of distinct sets -inﬁreased.

the average number of jections increased.
a éligh' increase but not to

average number of rejections.

alsoc evidenced

In the inverse pairing condition, type I

show any great

extent upon the other depenc

jent variables

{see

In the dirgct pairing condition, the type I error rates
- - ‘ -

Likewise,

Average compléxity

the same extent*t as

.

error rates did not:

partitioné.

differences across the various
Average number of rejections and averagé complexi;y both
increased with an incgéase in the number of d%stinct sets,
| ¢

MEAN VARIABILITY i
Kramer Method ;

For wpartition III, direct pairing, ex%eriment—wise error
rates for the Kramer method under the smalli medium and large

mean variability

error raﬁes did

.

increased /in the direct pairing condition.

also found in

56
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b

conditions are shown in Fig. 1. . Experiment-wise

. i . R
not evidence great changes as'® mean variabllity

Similar results were

partitions I and II. The iaverage4:£pmber of




. -k “ iy
'

rejections of the null hypotheses and average complexity

-

. 13 -'/ 4
increased in value as mean variability increased. (Fig. 2, Fig.
i - .

-

3).

>

In the inverse pairing condition, experiment-wise error rate
was again found to exhibit little change as mean variability
increased (Fig. 4). The av€rage number of re jéctions and average

complexity increased with increased mean variability (Fige 5,

Fig. 6). In general, the average number of rejections reached
higher values in the inverse pairing conii;ipﬂgfhan in the direct

pairing condition when the comparison was made within respective
partitions (see Appendix II).“. (Note that Fig. 1, 2, 3 come froﬁ
partition III and Fig. 4, 5, 6 from partition II, and thus should
not be comparedlz With respect to avgrége ‘complexity,. similar

ranges of values were found in both direct and inverse pairing.

Games and Howell Method-

The results for the Games and Howell methoa exhibited
similar trends to those of the Kramer méthod. In the direct
pairing condition, there was little change in experiment-wise
error rates as mean variability increased (Fig. 7). The average-

nunber of rejections and average complexity increased in value as

mean variability increased (Fig. 8, Fig. 9).

In the inverse pairing condition, experiment-wise error
rates again showed little change with increased mean variability
o

(Fig. 10), whereas both average number of rejections and average

complexity increased {(Fig. 11, Fig. 12). 1In general, a higher

57

&

R



,

_UOTIETIBA JO 3JUSTD1FF000

T

9°

O

T

1

——s-— 2BABT

e — —unTpaW
11ews
E

- Aaxraedstg

22718 ﬁaasmm

ﬁwa.

W=AW .

butaxted joextTp III uetlTyaed

‘poylow Iswely ‘S93eI JI0IIS T od4y

v.l

Fge

9°

PR W —

. a8aei-1
cafwnipawi-}*t TIPWS -G 83Pd A0Id2 astm-juswTaadxa-y3  A1TTTARTIEA UBDU AL

z° 0

[y I

S = AR

(1" 8

[EB> "8

=

=1~

9 "

58



— — — 38aeT

: ¢
a8aeT-TtwnTIpaw-|‘ TTPWUS-S

UOTIRTIBA JO FUSBTO1FIS0D

9°

i

1 9° ¢’ 0
—Il...-..IhlllliaL.ll.lIthllli 1
a
AN
W e
Q /,
N
N \
. i Ju/ ﬂrr
/ ~
<. e
o
~

- — —unTpau
——— TTeWSs

ArTtardsiqg f
az1g aidueg

N

‘poyjew rswexy ‘suorioslsx Jo Isqunu abeaanay 1z mudmﬂm

N

L= -
e -
e

- -

-Ih..
g -
=N

-

L4

19’

. ,butated joaaTp ‘III uo13tyaed

a 8 8 @8 4

-t

-

@ &4 8 g

-

suotloalsa jo asqunu o3paane-yy  A1TTTIQPTIRA UPBU-A}

9-° Z’
1 _— e
F=8=-f.0

= B9 i
L~ -
e -
s 1@.. A
Lo -

.-— N
? =
S ’

o

o
L -
. |CS
L o -
“_.
| -
e -
-
-
g -

- .

S =AW

@ 8 @8 4

a

a & & a

uy

549



) T 9° Z"’ 0
’ SN S PRSP, RpUp—
-
G- .
<o,
N N
!@\ _ )
o
. =
SR - S
— - — gBaeT A <
—— ——WpIpaU
T Tows,
 Aitaedstq
ez1g atduweg !
T = AW
/7 ¥

[

L.
-

mwpmﬁxunsnﬂﬁmelzmﬂﬂmam|.w.>wﬂxmﬂasou mmmpw>m-u<m%uﬂﬂﬂamﬂam> ueaul- Al

:oﬂumﬂum> Jo 3uaToijI=0d

T 9"

L _———d.

butxted jo8atTp

c’ 0.

—lr e = 1

‘111 uotyTiaed

‘poyzsw zswery ‘A3Txerdwoo abexaay

S = AW

g 2anbTd

A

oY

60

&



T

L

-—-— 28apeT
— — —unipau
T1PWS

~.Aitaedsiq
az1g 21dues

P

)

[

adaet-1

WN TIP3~ TTPUS-S° 318 Jd0JJd® 25TM-3UdWTIDdXa-YI  AITTTqRTIRA UBBW- AN

UOTIeTIRA JO 3USTO;JIS0D
(4 ) 1 9° [ 0 T 9- [
P L N T L | S I | — L
ZD© rZe @ A=
- \
R4-I- LM -0
/ .
Rl \M\J ' Ralz ig=1-1
A\ 1 1 I il
8D o \\ Feo - g \\\ ’ rBY O
. \f /)
1 LY \ -k / / ') B
& Tt !l ,
., .o o LT
z+'Q@ zy af zZ1'0
/ "o
;v,.M_. LA [ 1B
= - p= . h - .
= ) S mm . g2
G IR CIR
T=A - ! W= AW - S = AW )
putxted asiaauT ‘IT uoll 13xed
ip 2anb1d

& -
‘poyzsw Iswely ‘sajea xoaxe I =dAL

Hd

61

of



|

.

SBJPT-T WNTpaw- | TTRWS-S ‘sudTioelad jo asqunu mmmLm>mum<.>pa-amapm>,cmosﬁ>z

A

T 9°

[ dees

,— - — 284aP1
— — —unipauw
TTeWS

A3taedsig
az1s5 stdweg

v

uoOTIETIEA JO JUSTO 3F20D

‘poypeu raweiy ‘suorinalaz jo requnu sbeisay

e

Z* .A\O T 9°* A (0] H. 9° z° (0]
L Lo .._u..llTL... e T 1 4 1 L
. . \\\%\L
= o Sz '@
- 5T '@
.
. G} \\

b TGM.M\\ =R
ﬁuh.s . p-TARN "]
== L=~
A FsSZ

S , @S ) . L=
- =4
~ AN
T = A g W= AHKH d S= AW ﬁ
. butated.sszeaut ‘IT uotriTiaed 3 - w
tg 2anbtg

62



N

_wwLmHnJ.EJHﬁwELZ,Hﬁms.ﬂlm .\muﬂ.xmﬁ.&EOo mmem>mw,|U<, A3T1rqeTaeA tmmEm>_._ .

. . : uoTieTIEA JO JUSTO ;JFROD o .
T w ra 0 1 9° z- o . 1 9" 7' o - : ,
+ - - -
L A . L I [ S | . L et 1 P
. . : -
. . . . .
. o . . ‘ :
- S .
. ' ,
P )@ " fre PR - ~ .
H !
T L. o . .
¥ - -
. - £ - I
4 \ -~

“ - v ] (v
" s ! 3 o v
: . — e — 3Baet H . . -
i h e ——unypau . : . : )
| : TTews s e : s o

A3 Taedstd . J '

. az1g °o1dueg . ~
vy ] \ﬁ. ' = , ﬁ
W= AW : _. . S=AKW -
. ’ ~
* L "Butated os1aaUT ' .
g ‘11 uoT3Tiaed ‘poyjsw IswWeIy * K3 TxoTdwod abeiany 9 2Inbfd ' . )
‘ J. ) ’ ) . ' , ~
) ...\1. . e RS ’ / ' : .
* .\4 ° - - : < -

. . )

‘ ' . +



(o

LI o

L]

average number of fejgctioné of the null hypotheses was achieved

-under the direct pairing condition than in the inverse pairing

condition (Appendix*'II), a development which was opposite - to

. b : ) - C‘ o '
that found for the Kramer method. This finding did not-hold true
for average compléxity across all partitions.

N

SAMPLE SIZE DISPARITY - -

T e

///’T’zIt} should be noted that thére was a. strong relationship

betwéen”:the eﬁfeé& of sample size disparity and that of variance

' heterogeneity; in somé cases, this relationship was magnified as
B N ' t .

mean véfiability_increased.; Sample size disparity and variance
heiéﬁggeheity .become increasingly inter-related as the results
are described.

3 ' 1

'Kramer Method ‘ R o -
- .

A R o

In the direct pairing condition, all three levels of sample

-

size’ disparity had similar experiment-wise error,f%tes when - the

. . : <. : .
variance heterogeneity was small or not present (C = 0, .2). . As

)

-

did the. variances, so'did the error rates of the various sample

size disparity levels become more divergent; when the variance

heterogeneiﬁy was maximum (C = 1.0.), ‘the small sample size

.disparity had a larger error rate than the medium, which in turn,

wa's largdr than the large disparity condition. The separation
’ ‘é%] ] * - .. N . T . ‘ N :

amongst the éémple- giza diésgrlty levels increased as mean
L% : - o S

variability increased (Fig. 1).’* C ‘-
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condition, tpe ‘larde sample size disparity level had éreaﬁér

t

A éimilar trend was evident in the qverége number of
rejections of the rinkl hypotheses (Fig:‘ 2) (Appendix II). The
small sample size disparity level had a_greater averagernumbér of
rej;ctions than the medium‘and lérge‘ conditions. This fadqt
became more evident as variance heterogeneity increéséd and mea
variability ipéreased. This trendlwaé consistent across all

partitions and was related to the sincreased size of the pooled

error term which became large as sample size disparity increased.

w

Average complexily' varied in the same manner as average
ﬁgmber 6f rejections; In most instances (except Partition fI &
Iv, meanjvariability large; see Appendix II)ﬁ the small samplé
size didparity condition had 1arger‘avérage complexities followed
by the. medium and then the large conditionS. ThHis effect
increased as variance heterogeneity and mean vafﬁabiliﬁy

increased (Fig. 3).

In the inverse pairing condition, variance heterogeneity and \

mean variability in most cases acted to increase the separation

)

‘amongst the samplé size disparity .levels as their wvalues

F:n\ .
increased. This effect was similar to that found in the direct
) .
. pairing condition ‘' but was not as strong, especially when:

considering average complexity. The major difference between the
direct and inverse pairdng conditions lies in the relative order

of sample Ssige disparity .levels.  In the inverse pairing

experiment-wise error rates and average number of rejections than
. . . 4 N . . . . *

the medium and small. This was the reversed order from, that
. o . B . ‘ _ p

. s . o
t ‘o -
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which was described under the direct pairing condition (Fig. 4,
Fig.f 5). Average complexity showed less separation than the

other two'dependent‘variabrﬁg-%mongst the sample size disparity

levels. The most common trend_seemed to favour the one found in

the average number of re jections and_ experiment-wise error (large =

medium == small), but thie was not true in all conditions.

q’
Games and Howell Method

The most notable trend of the Games and Howell method was
. <

\
the ' lack of separatlon amongst the sample size dlsparlty levels.

On the whole, the curves representing the various sample size

disparitzf,lévels overlapped and lay close together in both the

dirgct and 1inverse pairing conditions. Though there were
exceptions (Parsition ITI & IV, inverse pairing), the Games and

Howell method did not appear to bg‘ affected b} sample size

disparity .in the same manner as was the Kramer .method. This

.trend was evident in all three dependent variables (Fig. 7, 8, 9,

-10, 11, 12)(Appendix II). '

N v

VARIANCE HETEROGENEITY -

Kramer Method °

-

Experiment-wise error raEEs- increased as = variance
L

heterogeneity increased in the dlrect palrlng condltlon.- In most_

1 -~

' 1nstances, the: small sample size condltlon increased at a greater

-~

. !
rate than the medium or 1large diSparity. conditions. - The
~N '

differential rate of increase of the Sample size disparity levels

seemed in part a function of variance heterogenelty, and in part,

méan variability (Fig: 1) . . 7L

- & ) s . ¢ . .
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The average number . of rejections decreased as variance

_heterogeneity iné;géﬁsd. A similar differential effect of

LS

variance heterogeneity\th—Mansyariability was also found (Fig.
2), such that the small sample size disparity level decreased

less rapidly than the medium or large conditions.

Average éomplexity exhibited a similar differential _trénd

with resbect to the sample size disparity leels though, not as

pronounced in all conditions. But whereas average ' number of

.rejgetions and e?pe:imsnt—mise error rates ffor Kramer)

cansisténtly decrea%ed or increased;as ‘variance ﬂeteroéeneity
- !

inE%eased, this wa% not_ true for average complexity. In some

instances-—usuélly When mean. variability was lqrgej—gverage

complexity would increase when previously it had decreased as

variance heterogeneity increased (Fig. 3).

' L o
In the inverse pairing candition, experiment-wise error

v

' . . ' o ':-,;3-‘?5»5‘ . :
rates 1increased as Varlance heterogeneity increased. ° gain, a

differential ef%eqtépf,sample size disparity éxisted- such that
error rate for the l%rge‘diSparity condition increased aﬁ a rate
-.greater than for theimediumlér the small conditions. This t;énd
. was ‘in the ’oppbéifé; order to that for the direct pairing

. - - . .
condition- (Fig. 4). The one 'exception to this trend was

partition III; this partition will be, K considered in a  later

section of the discussion. In this partition, the experiment-wise

\

error rate decreased to zero for all the sample size disparity

1

levels as variance heterogeneity incréﬁ'&._
. ‘ . T T
~ g 2 .

»
-

13



%

Similar trends were demonstrated with average numbers of

rejections (Fig. 5), which also increased as variance,

heterogéneity increased.

fﬁA ‘Average complexity exhibited an inconsistency similar "to

that found in the direct pairing.condition (fig. 6). Bt would
seem, however, 'th&t the point'at whiqh its direction changes is
in so;e way related' to incfégses in mean vafiability and
increased vaF;ancé heterogeneity. Both, these faétors bring éﬁout

increased numbers of rejections of the null hypotheses which

could be the common factor affecting complexity.

Gameg and Howell Method ' _.'

A

Experiment-wise error. rates were 1low and stable or

decreasing as variance heterogeneity increased in the direct

pairing condition (Fig. 7). It would seem Rpat variance

”

heterogenéity had a much.smallerveffept on' the Games and Howell

-~
@

.method than it did on the, Kramer method.

ER . e t t -
. @

The'akérage number of rejections was stable {(Partition 1III)
' .~ o
QF” increased as variance heterogeneity increased. = The largest
’ ) - ! ;“ v . - .
increase’ in number of rejections appeared as the disparity in

: vériénceé'changed,from C'= .6 toC = 1.0 (Fig. 8).

"Average .complexity seemed to follow the same trend .as ﬁthe_

"« number of rejections (Parti®on I),. byt it would, 'underﬁgeftéiﬁ

“a

Cwe s ' N L . . N )
‘conditions (large-mean variability) change ‘direction suddenlyeggs
. : ro . .
though it had reached a cri?igal point of abutment (Fig. 9).

&



In the inverse pairing condition, experiment-wise error

rates were stable or "~ slightly - decreasing as variance

heterogeneity increased (Fig. 10).

.

In partitions I, TII, 1III, and V, the average number of

- rejections was stable or decreasing as variance hetercgeneity

_increased fFig. 11). In partition IV, this trend continued until

cC = L6. When C was equal to 1.0, the number - of rejections

increased sharply (Appendix II). o

=

Under these conditions, average complexity followed the same
tren@s as thaﬁ of the- qve;age number of rejectiocons. In
partitions I, II, ITI, and , average complexity was stable or
decreasing (Fig. 12). In partition IV, complexity increased as
variance heterogéneity changed from C = .6-to C - l.d.

. T
.
L%
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IS : - .
- CHAPTER IV o ’

. . - DISCUSSi‘ON - XY -

The -discussion is divﬂged into three sections,  each

pertaining to the three depehdeﬁf“va;&ables, average number of

.

rejections, experiment-wise error; and, average complexity. . This
organization of the text should not be construed as a separation

ok g
amongst the variabies as they are strongly inter-related, but

r .k . .
‘rather as a means of describing their relationship.

4 r
IR . . ‘ . ‘
. X ; . ~ . . .!'.

N

f8vERAGE NUMBER OF BEJECTIONS | \ L

L

J)AS mean VarZ?bility increased, the average number of
rejections increasdd. ' This was \tyue for both the Krame} and the
Games and Howell methods. This finding was a predictable result.

With the increasé .in mean variability, the distinguishable

‘populations (i.e., those with différent population means) became

more widely sepérated. Consequently, there was a greater chance

that random samb{es selected from these populations would reflect’

these differences and thus produce a greater number ..of

-

N . 1
significant contrasts. oL
. L}

J

The increases in the average number of rejgctions-were also

W

a function ‘of the number of possible significant estimated

f

contrasts within each partition.” Due to the structuge of the

pﬁftiﬁion, ‘only certain contrasts fndicateq a’  true .difference

~

between population means. Partition I'had three such estimated

contrasts ((12) (13) (14)); partition II ﬁad'foﬁr ((13) t14)

(23) -(24)); partition IIT had five ((12) <(13) . (14)  (23)

o

“76
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1(24f)- and partitibn IV,.'all six estimated‘pair-wise' contrasts,
indicating' true differences. As the numbér éf possible true
pair-wise contrasts increased, so did_the average number of
rejections. This finding was common-ih both the direct and
invér§e pairing conditions and for both Kramer, and Games and
Howell methods. Fig. 13 shows the data for the Kramer method

across the first three partitions when mean variability was

large.

Provided the rejections are not due to an'zhcreasé in type I
error rates, an increase in the a&erage number of rejections of
the null hfpotheses is beneficial to the researcher: quite
simpiy, the increase provides morelinformation ‘regarding the
partitioning of the population means into mutually—excluéive
subsets. - As such, it is iﬁteresting to consider the frequency
with which differgnt contrasts become .significant under the
various conditions.

N

-
{

The paftitions in thié study were structured in such a way
that the distance between consecutive populatiéns was Kept
constént across the partitions. If the distance betwéen two
consecutive and distinguishable populations is [& ',  then a
distance measure can be calculated het#een each pair of means for

each contrast within each partition (Table 8).

1f other factors were equal, then the frequency of

significant contrasts should be directly related to the distance

between the means involved®'in the contrasts. Those with a greater

distance should have larger frequencies while those with the same

77
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- TN
distance should have approx1mately the same frequency. Tables S

through '16 list the contrast frequenc1es .for the four partltlons
M s’

when the mean varlablllty was large and the sample ‘'size disparity {;
L
was small or large for the Kramer method and for the~ Games and

‘ﬂbwell method, under both direct and fnverse pairing-conditiors.

That the distance between the Reans involved in the contrast

. L -~
accounted in part for the size EE,EQé various frequencies 1is
apparent., Table 9 shows that the contrasts with the' largest
distances also have the largest. freguencies in-partitions III and
Iv. This trend was consistent within the direct ﬁéiring

L an ‘ L .
condition for both the Games and Howell and Kramer methods. It
. was also evident in the inverse pairing condition (Tables 13
through 16).
TABLE 8 )
DISTANCE BETWEEN PAIRS OF MEANS FOR EACH PARTITION
Contrast Partition Rartition Partition Partition Partition

I ! II IIT , IV v

(12) 14 0 . 14 14 0
(13) 1A LA . 24 24 0
(14) . 1A 1A 24 3A 0
(23) 0 14 _ 4 1A 0
(24) 0 1A ‘ 1A 2 0
(34) ) -0 0 0 14 0

a 4
All factors being equal, it was expected that those

contrasts involving the same intermean distance should have

similar frequencies. This was true to some extent for the' Kramer

method in the homogeneous situation (C = 0) when the sample size

-~
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disparity was small. Increases in eithé& sample size disparity

or variance heterogeneity resulted in a divérgence amongst the

frequencies of the various contrasts {Tables g, 10).
o :

TABLE 9

-

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: KRAMER METHOD,
MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY SMALL

‘DIRECT PAIRING

Coefficient of Variation

Partition = Contrast ’ 0 2 .6 1.0

1
I (12)* = 102 81 28 0
- - L (13)= 107 . 89 41 52
¥ [1] [2,3,4] (14)* 121 106 ; 88 75
. ' ; - (23) 14 6 ‘ 3 1
_ (24) . 10 11 26 - 9
- - (34) 13 17 30 .55
l;‘ ’
- II (12) -, 14 4 < 0 .0
(13)* - 119 100 39 55
: (14)* 135 109 74 78
(1,21 [3,4] (23)* r19 115 89 58 .
. ‘ (24)* 142, Ll23 114 87
(34) 16 S 17 22 46
ITI (12)* 119 76 .42 .0
(13)* 580 557 . 479 465
(14)* 584 542 535 532
(11021 [3,4] (23)* 111 119 76 58
(24)* 111 123 132 94
(34) 15 18 . 29 48
v (12)* 112 63 27 0
(13)* 587 ' 548 488 465
C . (14)* 950 . 937 911 910
- [11[2])13][4] (23)* . 132 96 79 54
' (24)* 593 548 520 549
(34)* . 134 163 139 207

Total number of simulations per condition = 1000
* Contrasts which represent a true difference
between population means.
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The divergence apparent in the contrast frequenciés was the
result of the differential effect of the interaction of variance
heterogeneity and sampie size disparity on the dependent
variables. With the Kramer method, the average number of
rejectiéns'decreased as variance heterogeneity increased, and the
rate of decrease was much larger for ‘the large sample size
disparity condition than the small condition (direct pairing). A&
comparison "of Tabies 9 and 1015h0ws that the small sample size
disparity condition had a greater number of rejections thaﬁ the
large sample size disparity condition. As sample size disparity

increasedf the = number of estimated contrasts reaching
significance decreaséd proportionally for all six contrasts.
Increases, in variance heterogeneity had a differential effect,
causing a gfeater decrease in the size of tﬂe frequencies in the
large sample size disparity condition. It also caused some'
estimated | contrasts reaching significance to_-decrease in
frequency and others to increase, even though the distance

between the population means was the same.

In the direct pairing condition, the smallest sgmple size
was paired wiﬁh the smallest variance. Thus, samples drawn from
poﬁulatiqn 1 had the smallest n and the-smalles£ variance; those
froﬁ populatioﬁ 2 %ad the next smalleSt and similarily for
populations 3 and 4. Consequently, the estimated ,contrast (12)
involved samples thatr had the smallest sample sizes and the

smallest variances, whereas the estimated contrast (34) had the

largest n's and variances., The estimated contrast (23) had the



TABLE 10

<

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: KRAMER METHOD, *

MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY LARGE

o -
: B DIRECT PAIRING -

) Coefficient of Variation
Partition Contrast 0 . .2 - .6 1.0Q
’ I (12)* 69 37 - g ° o -

(13)* 95 51 10 9"
(1] [2,3,4] (14)* ~ 96 66 . 28 14
(23) - 12 -9 ‘ 2 0
’ (24) 7 7 9 0
(34) 8 8 18 27
II (12} 8 5 .0 0
: (13)* 84 58 6 3
(14)* ag 66 27 11
Fﬁ,z] [3,4] L23)* 96 92 46 11
(24)* 114 113 86 38
(34) 13, 10 15 21
III (12)*, 62 37, 11 0
(13)* 434 381 250 215
(14)* 446 452 330 - 253
(11021 [3,4] (23)* 113 79. 52 31
(24)* 119 99 81 45
{34) 8 13 19 30a
Iv (12)* 65 46 5 0
(13)* 429 414 269 200
(14)* 800 859 i 836 789
[131021[31(4] {23)* 113 93 66 21
. (24)* 607 525 442 398
(34)* 176 141 125 162
Total number of simulaticons per condition = 1000
* Contrasts which represent a true qifference
between population means.
medium sample sizes and variances. Because each of these

contrasts involves consecutive populations, the distance between

their

respective populations was the same in partition

Iv. In
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the ‘other partitions, the estimated contrast (34) involved
populations with the same mean. .

A comparison of the contrast freguencies under  the.
hohogeneousvvariance condition (C = O);for partition IV in Tables
9 and 1013ﬁéwé the e%fect of sample szae disparity. Contrast
(1) has a‘lowér frequency’ﬁhan tontr;st (23} which, in turn; w?s
lower than ;contfast (34). '.The difference in frequencies was
magnified as saﬁpie size diSparityIincreased. It would seem that
the term in the Kramer method cauéing the difference was related

to sample sizes. ‘The Kramer confidence interval can be stated

as:

QLk Nk

%X tSR, - sncenglf (5

when [l and Th were small, the right side of (5.1) was

correspondingly large, thus increasing the size of the confidence

interval: as a result, fewer estimated contrasts had confidence.
intervals that did not contain zero {eg. (12)). on the other
hand, when nb and nj ehe large, the right side of (5.1) was

smaller, thus creating a smaller eonfidence interval and an

increased cignce of significgnce {as seen for contrast (34)).

As sample size disparity increased, the difference between

any two sample sizes also increased. As a result, the term

Ny _
([ni_-1+nj'1]/2)2 would also -increase in size, thus increasing
the size of the confidence interval. The subsequent increase

brought about an overall decrease in the number of estimated

contrasts attaining significance. It also increases the

Ly
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L

4 ' 1
] /.
difference in size between the various (Inf4+rn4]/292 terms

- for consecutive samples (ie. the contras£3'(12) (23) and (34)).

Consequently, there was greater differentiation in the large

sample - size disparity condition for thgfe three con?rasts

" frequencies, as opposed to the small sample - size disparity

condition.

A similar trend to that descriked previously for the Kramer
method was found for the Games and Howell method {(Table 11 and

12). The confidence interval for the Games and Howell method

-

also relies to some extent upon samp%efsizes, ‘ »

~

X-X SR, . slen ) splen)le oo

L
N J

A s?&ilar argument may also be used here: an increase in sample

sizes results in a smaller confidence interval and, therefore, a
- '

\

greater chance of having a confidence interval not containing

Zero. An increase in sample size disparity results in a larger

confidence interval, thus decreasing the number of times an
9

estimated contrast would have a confidehce interval without:

Zero,.

As variance heterogeneity increased in the direet pairing

‘a

 condition, the frequency of occurrence of certain significant

contrasts using the Kramer confidence interval decreased. The

.

frequencies of contrasts (12), (13), (14}, (23), (24) decreased

in both the small and large disparity conditions. Contrast (34)

usually increased in frequency of .occurrence. -Increased variance
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heterogeneity 1leads to an increase in the size of fhe observed.
pooled variance térm in (5.1). As a resultp(;féz confidence
ingerval would increase in size and would result in a decreased
frequency of occurrence of significant’ contrasts. ~This
explanation yould be suitable for'cbntraéts (125, (13}, (14),
(23) and (24), but did not explain the behavicur of the estimated
coﬁtrast (54)} This trend wﬁ%”exhibited in the three sample size
disparity levels 'and occurred in all partitions ta some extent
regardless of whether the contrasts indicated a true difference
or were experiment-wise errors. ; In the case where they were
e;peg@menﬁ—wise errors, the size of the frequengies was .much
smaf%gr, though the trend was still present. The combination of
[ad . -
small sample sizes and large variance heterogeneity resulted in
contrast (12) achievingqﬁ;f;e;hency of zero wheq C =0 in Figure
9 and 10, ’ -
“

.
In the direct pairing condition, the Games and Howell method

had a similar trend, albeit in the opposite' direcéion. " In
partition IV in Tables 11 and 12, the frequencies of the first
five contrasts increased and the sixth contrast (34) decreased as
variance Theterogeneity increased. When par£icular- contrasts
indicated experiment-wise errors, the trend was still present--
though the fregquencies were much smaller. This trend, was SO
strong that the Games and Howell method ¥as able to distinguish
contrast {12) as a true difference 100% of the time when c =
1.0, This”/was greater than the frequency of occurrence of
significant contrasts with larger differences between™\ their

population means.

Y -

h
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TABLE 11

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: GAMES & HOWELL
METHOD, MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY SMALL

Partition
I

(1] (2,3,4]

'
L]

II

([112]'. [(3,4]

ITI

[1102] [3,4]

v

[ATIZT(3104]

DIREECT PAIRING

Coefficient of Variation

Contrast

0 .2 .6 1.0 °
~ (12)~. 102 124 185 1000
(13)+ 105 116 191 163
(14)* 120 119 . 112 101
(23). 14 B - 13 . 6
(24} 9 10 14 12
(34) 18 10 12 9
* (12) 17 10 14 7
(13)+ 112 135 200 168
(14)+ 133 . 117 - 96 112
(23)* 124 121 141 158
{(24)* 141 107 78 117
{34) 14 .11 ) 10
o
{(12)* 119 116 184 1000
{13)* 560 624 799 734
{14)~* 561 570 572 583
(23}~ 99 111 119 145
(24)* 112 114 95 113
(34) 13 10 11 9
(12)~* 102 108 ‘179 1680
(13)~* 562 602 791 718
(14)* 942 944 918 931
(23)* 130 A08 115 s 148
(24)~ 571 520 433 593
(34)~* 126 112 77 68

—

Total number of simulations per condition = 1000
representing a true difference between

* Contrast
population meahs.
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TABLE 12 .
T . - .
FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: GAMES & HOWELL
METHOD ARTABILITY LARGE, SAMPLE STZE DISPARITY LARGE
DIRECT PAIRING
. . Coefficient of Variation
Partition Contrast 0- 2 : 6 1.0
I (12)~ 69 74 134 1000
(13)* > 83 94 173 175 ‘
[1] [2,3.,4] (14)* 87 109 140 163
/ ‘ (23) . 7 12 9 21
s {24) 5 8 11 7
(34) 8 4 12 10
. b
II (12) 6 "}Tb 13 11
(13)* 81 106 173 * 176
(14)* 93 99 131 141
[1,2] [3,4] (23)* 88 103 121 169
: ﬂ24)* 115 116 103 140,
{34) - 16 8 11 2
III (12)+* 65 . /B1 135 1000
(13)* 411 492 729 771
(14)= 409 532 602 712
(11027 [3,4]  (23)* 110 " 110 123 169
' (24)* 102 97 89 157
(34) 8 10 10 11
Iv (12)* 60 92 130 1000
(13)* 392 492 750 753
(14)* 865 897 951 978
JL1102103104] (23)* 113 107 146 176
(24)* 587 547 459 665
(34)* 170 110 95 84
Total number of simulations per condition = 1000

* Contrast

representing a true difference between
population means.
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X The trend, depicted in the Gamgs and Howell method, ﬁay, in
R . \ W . -

part, . be explained by the standard errors of the contrast. Hays

and Wifkler (1971) proposed. that the standard error of a pair- .

wise contrast (when tpe populatian variances were known) be

.

considered as follows:
W

2 2\ '
fii_.+ 5[2. 2 ) - (513)

H n1 . nz h wl// A
Tables 13 and 18 Qist the standard errors for each of the “sample
. . L ! :
~—size disparity 1levels in the direct ;and’ inverse pairing
-conditions, . Table 13 shows that the standard errors for the

first five estimated @ontras}s decreased or remained stable as

vaq%ance heterogeneity increased. The amount of decrement became

.

larger as sample size disparity-inc;eased. Contrast (12) when C.

="' 1.0, had a standard errof much smaller than the' cther

contrasts.. The large difference between the standard error for

.

contrast (12) and the other contrasts was due to the iargeyfanbe

of variances employed in the C = 1.0 condition. The twg smallest
© e

variances were %ery much smaller than the largest two. Thus when

. -
-

they were paired together, the standard error was greatly
C L 7 :
reduced. This may account for the high frequencies ¢ of

occurrence as a significant contrast_ in paktitions I, III and IV.

? The standard errors of the contrasts'(13) (14) (23} and (24) also

decreased, thle the frequencies of the si?ﬁificantr contraEFs
increased corr;spondingly. 1The standard erfo; for contrast (34)
increased as variance hetérogeneity increased; éorresponding
decreases in the fréquency of significant estimated contrasts

. . 4 : .
also occurred to a greater extent in the small sample size

disparity than in the large.
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TABLE 13

STANDARD ERRORS OF THE ESTIMATED CONTRASTS

Il

A ] ' DIRECT PAIRING -

Coefficient of Variation

Sample Size Contrasts 0 .2 .6 "~ 1.0
Disparity '
Small . (12) .2748 .2493 .2029 .0511
(13) .2605 .2446 .2045 - .2165 .
“(14) . .2559 .2498 .2561 .2528-
(23) .. .2578 .2566 .2448 .2207
(24) : .2531 .2615 .2893 .2564
(34) -+ .2375 .2571 .2904  .33186
4 ‘ . . -
Medium (12) . .2934 .2649 - ,2123 .0528
. - (13) . <2760,  .2562  .2091 .2138
(14) .2673 . .2550 .2488 .2375
(23) .2589 .2574 .2454 L2178 .
(24) " .2495 .2562 .2800 - .2365 °
(34) . L2289 | .2472. 22776 .3180
Large (12) ) .3198 .2880 .2290 .0565
(13) .2943 .2701 .2151 .2109
(14) .2822 .2634 .2435 .2226
(23) .2669 .2646 .2518 L2156
(24) .2536 .2578 ' .2765 L2271
(34) .2205 .2376 .2651 . 3047

~

The Kramer method in the inverse pairing c¢ondition had

,

similar trends to the Games and Howell method in the direct

pairing condition (Tables 14 and 15). The first five estimated

contrasts ({(12) (13) (145 (23) (24)) increased in freguency of‘;”

- % .
occurrence while contrast (34) decreased in occurrence. In the

" small and large sample size disparity.copditions, the fregquency

of contrist (34) decreased to zero in meost of the partitions.

’ This_‘trend had become the exact opposite to that found in the

direct pairing condition.

2



TABLE 14

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: KRAMER METHOD,
MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY SMALL

INVERSE PAIRING

. Coefficient of Variation

Partition ConErast 0 .2 .6 . 1.0
I (12)* 88 115 134 216
(13)* 92 1177 165 199
.[11 [2,3,4] (14)* 111 135 144 © 214
: (23) 10 19 5 _ 13
(24) -9 16 . 3 10
(34)l 13 2 - 0 0

. ) it
1 (\' - (12) 11 24 a7”o, 93
. (13)* 110 112 169 213
. e (14)* 116 123 172 215
(1,21 (3,4] (23)* 121 128 . 130 . 159
(24)* 122 145 106 - 164
(34) 8 3 1 0
L S L{12)% 97 24 . 161 230
. (13)* 555 546 554 612
o (14)* 578 568 572 621
[(1102] (3,4] (23, 120 134 100 156
- (24)* 120 125 97 174
(34) 15 S 1 0
v T(12)* 1035 139 166 N 93q
(13)* . 57 . 565 590 611
(14)* - 93 934 .., 942 941
[110(2]103][4] (23)* 129 113 116 133
(24)+ 592 587 - 633 645
(34}~ . 151 119 n 94 . 0

. G ' J‘L

Total number of simulations per condition = 1000
* Contrast representing a true difference between
population means -
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TABLE 15

FREQUENCY OF SIGNIFICANT 'ESTIMATED CONTRASTS: KRAMER METHOD,
MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY LARGE

INVERSE. PAIRING ..

Coefficient of Variation

Partition Contrasst 0 .2 b 1.0
I (12)* 77 112 178 278
(13)* _ 87 107 ° 196 290
[1]1 [2,3,4] (14)* 103 120 201 305
(23) - 11 24 14 50
(24) : 10 18 13 54
(34) 6 5 2 0
ir (12) 11 26 57 150
(13)~* ‘ 83 122 187 273
(14)* 100 . 121 185 292
[1,2] [3,4] (23)* 111 125 . 163 236
. (24)* - 124 137 - 161 261
(34) 6 8 2 0

1
ITI . (12)*~ 76 113 183 296
(13)=* 421 474 518 644
(14)* 444 516 558 _ 660
(110271 [344] (23)* 109 . 151 T 137 ' 255
e - (24)* 113 147 145 286
(34) 12 6 2 0
v o(12)y* © . B3 - 97 167 267
-~ (13)* 442 477 499 638
e (14a)* 876 893 875 906
[1][210(31[4] . (23)* 104 128 138 250
(24)* 595 635 o 688 770
(34)* 172 187 195 76

Total number of simulations per condition = 1000
* Contrast representing a true difference between
. population means
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The Games And Howell method in the inverse pairing condition
demonstrated a similar trend to the Kramer method in the direct
pairing condition and the opposite trend to that exhibited by the
Games ‘and Howell technique in the direct pairiﬂg condition. in
this situation, the frequency of the first five estimated
contrasts ((12} (13) (14) (23) (24)) decreased while that of the
sixth‘((34)) increased as variance heterogeneity increased (Tabie
16 and 17). The standard errors of the éontrast for the inverse
pairing condition are listed iﬁ Table 18. The tfend was opposite

to that found in the direct pairing condition.

A similar argument could be used to explain the changes in
the frequency of the contrasts. An increased ~standard error
would bring about a decrease in the frequency of. occurrence of

that particular contpast.

" While the Games and Howell trends could be explained easily
by the standard errors of the contrast, use of a pooled’ error
term complicated‘the explanation with the Kramer method. In the
direct pairing condition, the large sample sizes were pgired with.
the largest variances, and as such, were the contfibuting factor
to the pooied error term. As the variénce, heterogeneity
increaéed, ‘the variances associated with the lYarge sample sigzes
became larger, thus causing a correspondiny increase .in the

pooled error term.

v

- ~
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TABLE. 16

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: GAMES & HOWELL
METHOD, MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY SMALL

INVERSE PATIRING

Coefficient of Variation

Partition Contrasst 0 .2 .6 1.0
T y (12)* 82 78 63 50
(13)* .99 81 50 86
(1] [2,3,4] (14)* 107 120 77 93
{23) 9 13 : 6 8

(24) 9 13 9 7

(34) 11 9 16 12
II (12) 10 10 9 ' 13
' (13)~ 105 82 | 68 . 76
(14)* 120 102 i 89 74

[(1,2] [3,4] (23)* 117 109 120 131
) (24)* : 116 144 . 175 133
+ (34) 7 7 © 13 4
III (12)* a0 88 ° 58 44
(13)* 532 476 346 . 374

(14)* 566 525 394 376

[1]02] [3,4] = (23)=* 116 119 97 121
(24)* 128 128 174 . 133
TN (34) 13 12 18 5
IV (12)* 96 87 64 45
(13)~ 556 T 482 375 350

(14)* 924 502 © 859 773
[130210(31(4] (23)~* 122 101 119 104
(24)* 574 584 739 552
(34)* 137 156 283 1000

i ‘_‘,Tﬁfgi'number of simulatiens per condition = 1000

_--* Contrast representing a true difference between
population means

—
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TABLE 17

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: GAMES & HOWELL
METHOD, MEAN VARIABILITY LARGE, SAMPLE SIZE DISPARITY LARGE

INVERSE PAIRING

Coefficient of Variation

Partition Contrast . 0 .2 .6 1.0
I (12)* 71 54 44 30
{(13)~* 82 67 54 44
(1] [(2,3,4] (14)~* 89 65 49 ~ 43
: (23) 8 20 11 : 12
{(24) 9 16 17 12
: ‘ (34) ~\\\\ 7 6 11 8
II (12) 14 12 18 : 13
(13)* 77 70 53 57

(14)* 86 86 46 53 .
[1,2] [3,4] (23)* 103 103 123 . 95
(24)* 116 117 149 92
(34) 9 14 11 8
TII (12)* 63 61 46 40
(13)~ 392 345 - 215 222
(14)* 409 392 242 . 219
{11121 [3,4] (23)* 102 115 90 102
(24)* 110 130 138 108

(34) 10 11 11 ' 19
IV (12)* 75 54 48 : 31
' (13)* 405 324 214 215
(14)~* . 826 799 558 527
[1102]1(31[4] (23)* 101 107 . 104 102
’ (24)* 562 573 663 500
(34)* 174 205 _ 311 1000
Total number of simulations per condition = 1000

* Contrast representing a true difference between
population means
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TABLE 18

STANDARD ERRORS OF THE ESTIMATED CONTRAST

*. '

INVERSE PAIRING

Coefficient of Variation

Sample Size Contrasts 0 .2 .6 1.0

Disparity
Small (12) .2748 s2981 .3392 . 3859
(13) . 2605 .2755 .3169 .3036
(14) .2559 .2619 .2916 .3011
(23) ¢ .2578 .2589 .2483 . 2455
(24) .2531 .2444 .2151 . 2425
(34) .2375 .2163 °© ,1779 .0451

. |
Medium (12) .2934 3194 .3672 .4155
| (13) .2760 . 2946 .3436 .3371
(14) .2673 .2790 .3200 . 3349
(23) .2589 . 2604 . 2499 .2500
: (24) .2495 .2427 .2162 .2470
e (34) .2289 .2090 .1732 .0442
RN . )
Large (12) .3189 .3409 .4030 .4549
(13) .2943 .3166 .3740 .3740
. (14) .2822 .2999 .3520 .3721
(23) . 2669 .2693 .2589 «2653
. (24) .2536 .2493 .2259 .2625
\U (34)

2206 . 2019 .1687 . 0433

In the inverse pairing condition, the larger sample sizes

were palired with the smaller variances: as the wvariance

heterogeneity increased, the variances assoclated with the large

‘sample sizes decreased-~ reducing the size of the pooled error

term, The changes in the pooled error term could account for the

changes in the frequency of occurrence of the first five

contrasts in the direct and inverse pairing conditions. The

changes do not explain the behaviour of the sixth contrast (34).

95
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Partition V was structured such that the four samples were

drawn from‘ populations with tH®" same means, and as a
consequence, none of the contrasts indicated a true difference
between popula;ion means. This makes the difference between the
means the same for all contrasts. In this situation, it |is
simpler to examine the +trends in the frequencies of the
contrasts, since they can now be ;onsidered equally. Tables 19
and 20 list the frequencies of the six contrasts for the three

levels of sample size disparity within the direct and inverse

pairing conditions. Similar trends to those described in the
ot{ér four partitions are observed in the fifth partition. In

the direct pairing condition, the sixth contrast increased in
frequency as variance hetercgeneity increased, and to a greate;
extent in the small sample size disparity condi@ipgf-than the
large. In thé inversed condition, the sixth contrast decreased
in frequency of occurrence, while the other five contrasts

increased 1n frequency to a greater extent in the large sample

size disparity condition.

EXPERIMENT-WISE ERROR RATE

Experiment-wise type I error rates exhibited similar trends
to those found by previous researchers (Keselman %Pd Rogan 1978,
Dunnett 1980a, b}. In the direct pairing condition with the
Kramer methed, éhe error rates increased as variance
heterogeneity increased. The small sample size disparity
condition increased to a greater extent than the large. In the

inverse pairing condition, error rates again increased as

°
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variance heterogeneity increased, but to a greater extent in the

»
large sample size disparity condition. The Games and "Howell
R ! | s
technique was not greatly affected by sample size disparity and
maintained relative low and stable error rates as variance

heterogeneity increased in most cases.

./ TABLE 19

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: KRAMER METHOD

PARTITION V. _— DIRECT PATIRING

Coefficient of Variation

Sample Size Contrasts 0 .2 .6 1.0
Disparity '
Small (12) 9 6 0 0

(13) ~ 15 4 0 0
(14) 10 11 7 6
{23) 7 4 12 0
(24) -6 - 14 7 7
(34) 16 22 25 39
/
Medium (12) 12 3 . 0
(13} 11 7 0
(14) 11 7 0
(23) 13 s} 2
(24) 10 7 10
{34) 13 19 22
P
Large (12) - 11 6 0
(13) 13 4 0
- (14) 9 4 2
(23) 7 11° 4
(24) 15 8 7
(34) 7

15 .13/‘1

Total humber of simulations per condition = 1000

-
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» TABLE 20

FREQUENCY OF SIGNIFICANT ESTIMATED CONTRASTS: KRAMER METHOD

- PARTITION V — INVERSE PAIRING {

b, -
' o Coefficient of Variation
Sample SiZe Contrasts 0 .2 A 1.0
Disparity ]
Small C(12) 12 29 95
S 13) 10 22 -\;& oy
S (14) 9 15 14
E'%“STS)’“ 11 15 13
{ 13 15 5
(34) ™~ 8 5 1
Medium (12) 6 22 . 44
(13) 12 23 53
(1a)- 12 15 41
(23) 6 17 14
(24) 13 13 8
(34) 15 5 1
Large (12) 8 37 66 139
(13) 9 21 74 87
(24) 14 19 70 109
(23) 14 9 19 a1
(24) 15 7 4 55
(34) 14 7 3 0
Total number of simulatiens per conditon = 1000

Though the trends were similar between the present research
“and that previously done, there were differences.in the sizes of
the error rates. This was due to the fact £hat-‘brevious
researchers have always collapsed error rates across the
partitions studied, or they ﬁave studied only cne or two specific
.partitions. The present research demonstrates a wide rangé of

error rates across the various partitions (Appendix II).
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Two specific partitions should be considered. Fig. 14 and
15 show the experiment-wise-error rates for the Kramer, and Games
and Howell techniqueaﬁdnder both the inverse»and direct palring
conditions for partition V.. This partition, structured such that
a}l §our sémples were drawn from pppulationé with the same mean,
was ffequent}y used in previous:;esearch to generate experiment-
wise error rates under various conditions. Partition V yielded
error rates similar in size and_gdirectidn to those cited in such

studies as Keselman and Rogan (1978) and Dumpett (1980a, b).
‘ (o)

Experiment-wise error rates and: average number of

rejections are Airectly related when examining those. contrasts
whichi indicate an error rather than a true difference. Thus,
the trends described in_the previcus sectidn are relevant to the
discussidn of érror rates., In partitions I, II and III, the
estimated contrasts representing experiment-wise errors were (23)
(24) (34); (12) (34), and (34) reSpec£ively. Of specific
interest were the trendsrwhfhh caused an increase in frequency of
(34)‘ and decreases in frequency of (12) in the direct pairing
condition for the Kramer method, andlthe reversal of this trend
in the inverse pairing condition. As such, coétrast (34) was the
major contributor to the error rate in the direct pairing
. “~
condition. In the inverse pairing condition, the other error
contrasts were significant contributors. This situaticon created
the unexpected decrease in error rates in the third partition iﬁ
the inverse pairing condition (Fig. 16). Partition III's error
rates were due solely to estimated contrast (34) which decreased

in frequency of occurrence in the inverse pairing condition.
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The Gamgs and Howell method experienced similar trends with
respect to coAtrasts representing exgeriment;wise errors,- but the
qﬁanges were much less pronounced. The changes that afflicted
the ‘kximer method were more controlled by the Games and ‘Howell
Zéchniqﬁe in the sense that the Games and Howell method did not
reflect the wide variation in error rates, but neither did it
experience zero error rates, Partition III in the in@erse
pairing condition had low error rates, though not as low as the
Kramer method. -

Experi?ent—ﬁise error rates did not change subsfantia;ly as
mean varia Jlity increased for either the Games and Howell or the
Kramer tec néquesg It was expected that the error rates would
decrease as the distance between the parent populations
increésed. It was possible that the decrease in error rates was

masked by the changes dn error rates due to sample size disparity

"and variance heterogeneity. Keselman and Rogan (1978) also found

e

that mean variability was unrelated to experiment-wise error

rates, ]
1]

The trends in the average number of rejections of the

/

hypotheses described in the previous section were evident in the

null

experiment-wise error data. The same arguments which accounted

for increases in the number of rejections also explain the

-

-

changes in experiment-wise errors with respect to sample size

disparity, variance heterogeneity and direct and inverse pairing.
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AVERAGE COMPLEXITY .

Shafger‘s (1981) concept o0f complexity employed the

r
categoriiation of various rejections of the null hypotheses into
patterns. In the four group design, there ‘are . sixty-four
possible combinations of the six pair-wise contrasts. Following
Sﬁaffer's criteria, the sixty-four patterns have been  divided

into eleven pattern types, each type containing patterns with the

same complexity and the same number of rejections (Table.3).

Observation ,of Table 3 indicates that as pattern types
change from lower order to higher order, cComplexity decreases.
It is -aléo, apparent that the ™ average number of rejections
increases as the patterns change from‘lower tc higher order.
Since one of the criteria for distinguishing améngst pat?érns is

number of rejections, it is clear that average complexity is

; a
directly related to the average number of rejections. As a
result, the trends in the data that were discussed previously
. -
should alsoc be apparent in the average complexity.

o
° 3
As mean variability increases, average complexity increases

-

(Fig. 3, 6, 9, 12). (That the trend was not consistent in all

cases 1s shown in Fig. 9, where the medium mean variability

reachs higher average complexities than the large mean
variability). Nonetheless, the average number of rejections
shows a continucus increase as mean variability increases (Fig.

i

8). This apparent inconsistency can be explained by the relative

increases and decreases in the frequency of occurrence of various

SN s .
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pattern types (Appendix IV}). Fig. 17 shows the shift in the
frequency of occurrence of the eleven patfern types as mean
variability increased for the same method and partition described
in Fig. 8 and 9_(Games \and Howell megﬁod, Partition III). The
frequencies shifted from the lower ordef patterns to the higher
order patterns. In the medium .ﬁean. ‘variaﬁility (which
experienced a large increase in average complexity when variance
heterogeneity ﬁas maximum (C - 1.03)7 pattern types 2 and 4 had
large increases in frequency. The complexities of these two
pattegns were 2 and l. respectively. In the small mean
variability condition, the major pattern type was one which had a
complexity of zero. The change‘in thg complexities of the most
frequent patterns resulted in similar changes in the average
complexity. In the large mean variabflity condition, the _major
cdntributors were pattern types 4, 5 and 9, with complexities of

.

1, 0 and 1. Average complexity decreased. -

A similar, but more dramatic effect was evident in partition
IV direct pairing for the Games and Howell method. Because the
shift towards the higher.order patterns was greater in Fig. 18

than Fig. 17, _the average complexities were lower, This result

concurred with the finding that average number of rejections

increase as the partitions increase. Due to the fact that higher

order pattern types had lower complexities, average complexity

decreased. The changes 1in average complexity are directly
related to Ehe frequ%néy of various patterns,

i
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J '~ Figure 17: Average complexity, Games and Howell metﬁod,
partition III, variance heterogeneity (C=1.0),

sample size disparity (large), direct pairing
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The change to lower average complexities depended upon the

involvement of higher order patterns. If the lower order
patterns * increased 1in frequency, then average " complexity
increased. Pattern type 1 with a complexity of zero represented

a pool of poséible - significant contrasts from which the
frequeies of the other patterns were removed or replaced. Fig.

19.shows how average complexity increased as partitions increased
because lower order patterns were the main contributors. It 1is
now apéarent that average complexity is often misleadihg when

compared to changes in pattern frequency.

The dffferential effect created by the interaction of sémple
size disbarity and variance heterogeneity on the performance of
the Kramer method in both the direct and inverse pairing
conditions was evident with average complexity, but the effect
was not as strong as that ekperienced for the average number of
rejections. in the direct pairing condition, increased sample
size disparity caused a shift towards the lower order patterns--
‘especially pattern type I (Complexity =‘ O)-—-and a resulting
decrease 1in average complexity. In the homogeneous variance
situation (Fig. 20), the effect was pfesent but not nearly as
marked as when variance heterogeneity reached its maximum value

fFig. 21).

In the inverse pairing condition, the differences among the
average complexities for the different sample size disparity
levels were smaller than in the direct pairing condition, vyet,

the pattern type frequencies indicated a change in trend. 1In the
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Figure 20: Average complexity, Kramer method, partition IV,

mean variability (medium), variance heterogenelty

(C=0), direct pairing
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Figure 21: Average complexity, Kramer method, partitioi’x v,
mean variability (medium), variance heterogenc:6ty
{C=1.0), direct pairing )
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homogeneocus variance coﬂéition (Fig. 20, 22) as sample size
disparity incgreased, the frequency of pattern 1 increased,
causing decreases in the frequencies of the other patterns.' In
the direct pairing condition, this trend was magnified. In the
inverse pairing condition, it was reversed (Fig. 23). Frequency
of pattern type 1 decreased as sample size dispariéy increased.
This trend was consistently found across all the partitions for
the Kramer method. Though changes in average complexity may
indicate a shift in pattern frequencies, often it was unclear in

which direction the shift was taking place, ;?if pattern

frequencies were not available.

Similér to its performance with other dependeﬁt variables,
the Games and Howell technique did not exhibit changes in average
complexity with changes in sample size dispéfit;. A similar
finding was evident upon examination of ithe pattern frequencies.
Fiéﬁres 24 and 25 display graphicalli the pattern frequencies
under the.varying sample size disparipy leve1s for € = 0 and C =
f.O. The three sample size disparity conditions exhibit curves

that were markedly similar in shape and size. Similar results

were apparent in the inverse pairing condition.

Variance heéterogeneity increases did not produce a

consistent trend in average complexity for the Kramer method in

the direct pairing condition. Partitions I, TII and V exhibited
decreases in average complexity as variance heterogeneity
increased. Partitions IIL and IV increased in average

complexity. When explained by pattern type frequencies, the
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Figure 22: Average complexity, Kramer method, partition IV,
mean variability (medium), variance heterogensl ty
(C=0}, inverse pairing
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Figure 23: Average complexity, Kramer method, partition IV,
‘mean variability (medium), variance heterogernei ty

(c=1.0), inverse pairing
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figure 24:
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Figure 25:\*Average complexity, Games and Howell method,
partition IV, mean varia%i};xy (medium) ,

variance hetergenejity (C=1.0), direct pairing -
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trend: became consistent -with the other effects caused by the
independent . variables. Increased variance heterogeneity
resulted in a decrease in the average number of rejections. This

was refidcted in.a shift in the frequencies from the higher to

~

lower order patterns (Fig. 26). ° When the result of this shift

caused increased frequency of occurrence of patterns with large

complexities (i.e., pattern 2 in partitions III and IV), average
o

n

complexity tended to increase. When the major contributor to
patterh frequencies was a type with a low complexity. (i.e.,
pattern tYpe 1 in partitions I, II and V), average complexity

decreased.

In the inverse pairing condition, the shift was from lower
order to higher order pattern types as variance - heterogéneity
increased (Fig. 27): Since most of the higher order patterns had
lower complexities, a decrease 1in average complexity" was

observed. -

The Games and Howell technique experienced an effect in the
6pposite direction to that of. the Kramer method, as indicated by
the pattern type fréquencies. In the direct pairing condition, é
shift from lower ordér to higher order patterns occurred as
VAriance heterogeneity increased (Fig. 28). Average complexity,
in the case o0of partition IV, decreased but this was not

¥
necessarily the case for the other partitions. Partitions I, III

and some conditions of partition IV had increased in average

" .complexity as variance heterogeneity increased. In the inverse

PN

pairing condition, the shift was from higher order to. lower order
. / ¥
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‘Figure 26: Average complexity, Kramer method, partition 1V,

~
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(large), direct pairing
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Figure 27: Average comélexity, -Kramer method, partition IV,
" mean variability (large), sample 5.]'% disparity
(large), inverse pa:.r:.ng
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FAgure 28: Average complexity, Games and Howell method,

partition IV, mean variability (large), sample
4y
size disparity (large), direct pairing
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patterns as the divergence in variances increased. - For

partition IV, - this resulted in an increase in average complexity
Y

(Fig. 29). Fig. 30 shows thesftrequency changes in pattern types

for partition III, in which average complexity decreased as

variance heterogeneity increased.

+ It 1is now apparent that when comparéd across the wvarious
conditions, average complexity is inconsistent, Without the
information avaiiablelfrom pattern ~frequen¢ies, interpretation
based on average-cqmplexity wouquﬁéfw/gisgggding. Yet, the
concept of | complexity, ‘as | perceived: through pattern
frequencies, héld ‘up remarkably well _across all conditions.
Changes in pattern freguency reflected changes in the independent

variables and distinguished between the Kramer, and Games and

Howell methods.

After observing the behaviour of complexity under a variety
of c¢onditions, the way in which the pattern type complexities
were calculated can now be appreciated. . Compfexity decreases -as

Pl ~ N

the pattern types increase to a higher order. The implicit

I .
assumption would seem to be that in research, errors of omission

(i.e., errors due td - group differences found not to be
significant) are more common than errors of inclﬁsion; This
assumption ﬁ%s verified in that lower ordek-patterns dlways had
greater frequencies than the higﬂer order pgtterns even when the

true simple pattern was of high order (i.e., Partition IV).
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Figure 29: A\'rerage cor@lexity, Games and Howell method,‘
partition IV, mean variability (large), sample
size disparity {(large), inverse pairing
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Figure 30:

~

Average complexity, Games and Howell method,

partition III, mean variability (large), sample

size disparity (large), inverse pairing .
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Using a different method of categorization, the 64 possible
patterns could be grouped as errors of omission -or inclusion.
Under this method, the true pattern would havé a value of zero:
those patterns with errors of omission would have negative
vaiues, while those patternsdwith.errors of inclusion wéuld have
positive -values. The size of the numerical value attrﬁbuted to
each pattern would be equal to the number of cqntrasté either
omitted from or included above the true number of fcohtrasts.
This was done, and the results indicatéd grossly .s@ewed
distributions in favour of errors of omission. Errors of
inclusion seldom occurred, and when they did, they evidenced very
small;frequencies. Shifts in frequencies of errors, similar to

those occurring in the pattern types, were also apparent though

not as clear.

»

In a similar manner, type II errors--rejecting the alternate
when the alternate hypo&heéis is true--invariably occurred across
all cénditions.' As such, type II errors as dependent variables,
were unable to discriminate between the varioué conditions

because they were so numerous.

Perhaps the most serious limitation of the present study can

S -]
be seen in the frequencies of the various patterns. The
' ~

frequency of occurrence of the complete pattern of true contrasts
is very small. When taken individually, the identification of
significant contrasts varied from extremely high to low. This

may be related to the power of the tests used. It should be

noted that the range of variability among means was relatively
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small in the présent study. Shaffer (1981) employed a much
larger range of constants, (.2 to 7.2}, thus providing a larger
frequency of occurrence of thé true péttern. Késelman and Rogan
{1978) employed a constant of .75 for their ‘la;ge mean
variability ‘condition., The largest constant employed in the
present study was .357. As such, the generalizability of the
present results are limited to situations’involving a medium
degree of mean variability. !

A comparison of the number of correct rejections was made
between the present study and that of Keselman and Rogan (1978).
The average number of non-zero contrasts that were correctly
identified was calculated as in Carmer and Swanson (1973). The
trends were identical to those reported by Keselman and Rogan
(1978) for their intermediate mean variability ‘condition.
However, slightly larger values were found in the present sEudy

since more discrepant means were used.



CHAPTER V.

(9 CONCLUSIONS
If complexity had replicated exactly the same trends as
demonstrated by experiment-wise error rates, it would be a simple
matter to draw conclusions about its usefulness as a criterion
for the évaluation of mﬁitiple comparison procedures. I+ would
also be redundant and of 1itt1é usewbeyond novelty. On the other
hand, if complexity contains totally different information from
that of experiment-wise error rates, . the opposite problem
presents itself: finding a gréund'common—enough, for comparison.

This appears to be the case "of Shaffer's concept of complexity.

consider complexity in its rawest-.form, the frequencies of
DN

the various pattern types. In this fdﬁm, complexity is related
directly to the avefége number of :rejections, and reflects
changes in sample size disparity, variance heteFogenéfty, direct
énd inverse pairing, mean variability and different partitibns.
As such, complexity provides information about patterns of
results rather than simply'the frequency of experiment-wise
erfors. Tt is also able to discriminate between the behaviour gf
the Kramer (1956} method and the Games and Howell (1976) methéd
under the cgnditions cited above. Why some patterns acquire
higher‘ frequencies than others, or why patterns such as pattern

7

type 3 seldom occyr, become questions of some interest.

-

The latter was concerned with three subpatterns, each

contaning two pair-wise contrasts [((12) \(13)), ((13) (24)),

”

((14) (23))]. These pairs of contrasts appedred together under

——
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some conditions but always wfﬁh\gzﬁer'contrasté, thus cHanging
the, oraer of the pattern type. 'That the three pairs never
appeared as a unique paétern of type 3 can be attributed :to the
partitions which were selected far study: if any of the three
pairs occurred as significant. estimated coﬁtrastsu then the
nature, of the partition dictated that other estimated .contrasts

X

also be significant.

As a tool rendering information to the researcher, the
frequency of pattern types yielded information that was hitherto
unavailable and not included within experiment-wise error rates.
Frequency of pattern types provides a pictorial display which
shows the change in patterns of results, as various conditions
affecting the 'statistical test change. Unfortunately, this
approach .is unwieldy and difficult to tabulate —-hence, the
formation o©of average complexity. It is important, at this

point, to distinguish between the usefulness of average

complexity and complexity as a concept;
. . . A

Average complexity was calculated in such a way as to

o
measure the distance from a simple pattern. Simple patterns

consequently had \ a complexity of zero, while other patterns'

complekities varied depending on how far they were from a simple

N

- -
pattern. As such, complexity was defined as the number of non-

significant contrasts which must become significant in order to
change the pattern to a simple pattern. From the preceding
discussion, it * became apparent that the usefulness of average

complexity' is limited because of the way it is measured. ~'The
~

127



-
.

different complexities of the ‘wvarious pattern .types cause
inconsistent shifts in average complexity as the‘ frequency of
various -patterns increase or decreaée. The ingonsisténcy
disappears once pattern frequency is observed, yet without this
information, the behaviour of averége compléxity becomes

misleading. In order to clarify this situation, consider the

relationship amongst average complexity, experiment-wise error

M

rate and average number of rejections.

A decrease in average complexity Yndicates that the relative
frequency of patterns with lower complexities (hopefully zero,
i.e., simple patterns) has increased. The\researcher would then

wish to see low average complexities, something which would infer

the possibility of more interpretable patterns. In terms of the
average 7number of rejections, the greater the number of
re jections, the greater the information provided ¢to the

researcher, and subsequently; the greater the chance of achieving

a simple pattern. In conclusion, the educational researcher

would prefer low experimeént-wise error rates, high average number

of rejections and low average complexity as characteristics of a

-

good statistical method.

J/_/,-/”,/// Table 21 lists values of the three dependent variables for -
both

‘ the Kramey and Games and Howell methods from a variety of
conditions which were studied. The purpose of the, table is to
examine +the three parameters together to see 1if they vyield

consistent interpretations, and to see if they discriminate

1
.

between the two statistical methods under the various conditions.
' 3
5 -
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The specific conditions were chosen on the basis of the

experiment-wise error rates and as a consequence of this choice,

cover the range from very high to very low error rates.

In some instances, average complexity was highly consistent

with experiment-wise error rates and average number of re jections

(rows 2, 5, 6, 7). In these cases, increased error rates
coincided with increased average complexities. This was,
however, not always true. Rows 1 and 9 show high error rates

for the Kramer method as opposed to the Games and Howell method,

yet the latter has a ligher complexity.

Even though experiment-wise error rates may be controlled,
average rejections may still increase, and this is the reason for
inconsistency in the behaviour of average complexity. " An
increase in avefage rejections would indicate a shift ‘towafds
higher order patterns, and thus complexity, would fluctuate

depending upon which patterns increased;J{; frequency of

occurrence. This can be seen in Rows 10, 11, 12, where very low

error rates are evident dispite a variety of average
- 1

complexities.

It would seem that average complexity, Dby itself, would be
of little use to the researcher and in some instances may even be

misleading. Due to the method ip which it is calculated, the

information

ntained in.  pattern frequencies and hehce the
frequency of various pair-wise contrasts is lost. The problems
inherent ih the interpretation of average complexity ﬁay be

offset slightly if infermation regarding the number of rejections

)
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is available, Given both pieces of information and assuming “‘that

experiment-wise egxror - rates are #he sane fofhr two .techniques,

several options aré& available._ )

If the average rejections are the same for both teqﬁniques,
then the technique with the lower average number of rejections is
to be preferred since it indicates a smaller distance from a

simple/paﬁte;n. If the average complexities are the same, then

" the technique with the gqéater number of rejections would provide
1]

-

more jinformation to the researcher.: If one géchnique has * both
average number of rejections and average complexitf greater than
the other, then the researcher must choose either increase of
information (i.e.,\mqre re jections), or an interpretable-pattern,
as having -a higher priority, The sitﬁation begomes more
complicated 'f type I_error rates.are'als;-éllowed to vary. The

eduqﬁtfonal aresearcher must assume responsibility to align his

prio}iti s with the various criteria.

In conclusion, the concept of complexity provides a ynique

set of information which is not contained within experiment $¥rise

error rates. As such, it opens a new dimension for the

examination = of the behaviour of multiple comparison . procedures

and allows for the aevelopment of a more comﬁlete picture of a

statistical technique's performance.. " As a consequence,

complexity shouza not be ignored and set aside, The concept is

valid, and based upon pattern'_frequencies, -quonstrates> an

ability to discrimiﬁgté between statistical technique; under a
N
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variety of conditions. -~ The difficulty arises when the
information in _the battern frequericies is tfansformed into
average complexity, for -inconsistencigé arise when -comparingA
qverége-coﬁplexity‘s interpretation with £hat.of other criteria.

The present study was able to illustrate chénges in ‘-the

+

frequencies - of é{gnificant estimated palr-wise  contrasts and

“
™~ .

therefore , the éhanges in frequenci€s-of various patterns\ of
significant differences unde? a variety of csnditions. Knowing
that the concept of compiexity offers a new sourcefof information
to .the fesearéher, future'studiés might Qish to examine a more
precise Iway of rebresenting this information than the us of
average complekity (Shaffer 1981). Other corditions such as the

equal sample size and equal variance case should also be

investigated. -Since one’ of the the major limitations of the

present study was the low power, future iesearch'should include

‘

‘intermean’ distances at least as great as ‘Ke$e1man‘ and Rogan

: ¥
(1978)  and perhaps as large as those used by Shaffer (1981).
. 5

This would. create the occurrence of larger frequencies of the
: #

trge patterns; thus allowing the researcher to view a mor
compléte range of pattern freguenciges. It would also be

interesting to examine complexity 'withi.respect to . other
¢ ‘ " . ‘
statistakal tests than the modifications of the Tukey techniques

A

which were examined.

.

N
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7/DADTA  JoB DADTAHIG,; "HURDJ® ,CLASS=N,

/¢ T HMSGLEVEL=E(1,1)

JeSETUP PLEASE MOUNT TAPE USC219 AING IN.
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/f - EXEC IMSLS,TIME.GO=1(0 : :

J/FOFRTLSYSIN DD * . Y i
:nreasu Nt3s81 451608460 ,FREQ(B,12) PCATRSCB8,12411)14,NCCNTR,

L PATySUMSIG,0CCURSIB8,6) yPAGE,HCNT.NGCLND

R:AL SAMP{AB,4) ,COMP{11) 4REJLLL)} yVARHET 1A,4,2),211(5]),

A Z2{5) 3 Y1 (%) Y2153 ,Y3(5)45CORE[4344) yERROR1(8),ERRCR2(8]},

[ HOLDC124) ,0ELTA13,4]) .

COMPLEX®18\, TITLE{(S8) -

UDUBLE PRECISICN SEED 1 . - - :

COMMON XML1,Bil,xM2,B2,XM3,B3

'y
5
»
1

DATA NA2 p21gl7 LTp28y23934,35,536,37,%2,34087,y ~ .
& VARHETIIQD CoT3p0e30300131a09p092y)e80,006910Qyle0t,le03,1,58,
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KM3 ® (5,9522Y3=5S22%5Y3}/15,85522=5228%2)

Bl = S5Y1l/5.=XMA®S521/%,

B2 = S5YA/MD.=XM2%5Z1/%,

B3 = SY3/5.-XMA®S22/5, :
o4

DO 80 I=1i,4

DO 80 Jm1,4
DO 90 K=1,2
22 VARHET(I,Jd,K) = SQRTUVARHET(I,J,K)})
c, .
c SET UP LOGPS FOR DIFFERENT CONDITIONS ~~
. DO 9G8 NPAR=1,5% ]
NDO 904U NPAIRZ1,2 . -
DO 830 NMEAN=L,3 - . : ’
IF ((NPAR <EQ., 'S) .AND. (NMEAN §NE, 1)} GO TOL 929 ekt

D3 820 NDISPz1,3 ‘ .

DO 9300 NHET=1l,4 .
c .
c INITIALIZE PATTERN FREQUENCY counran.

NOCOND = NOCODOND + 31
D0 2 K=1,3 .
ERRORLIK) = O .

141 \\



ERRDR2(K) = ¢
DO 3 J=1,8
3 ' OCCURS Ky J}=0
-DC & Isipzll
DO & J=1gi2
PENTRSIK,J,1)m0 -
DD 2 J=31,11 .
FREQ(XK,J} =0

OoO0ON L d

DI A SET OF 1092¢ SIMULATIONS : -
DO 500 NSIM=1,1030
CALL GGMPMISEED,124,+0LD}"
HCNT = 1
DO 123 NPOP=1,4 B ) e
ITEMP=NINDLSP,NPOP)
DO 120 NN=1,ITEMP
C FOR EACH SCORE IN ONE PARTICULAR PARTITICGM
SCORE (NN, NPQPI-HULDlHCNT)‘VARhETlNHhT hPOP TNPAIR)
HCNT = RENT % 1
IF ULINPOP +EQs 1) +DRs ([NPAR +EQe 5)) 6L TC 120
c . ADD APPROPRIATE CELTA TO SCORES
: GO TO 1131,132,133,134),4NPAR
c PARTITION 1
131 SCCRElNN,NPOPi—SCDFE(NN.NPOPI#DEL1A(NHEAN NPAFR)
. GO YO 120
PARTITION 2

c .
132 IF (NPCP LEGC, 2) GO YO 120
SCORE (NN, NPOP) = SCDRE(NN NPOP)}+DELTAINMEAR,NPAR]
GO TO 1iz2¢ .
c PARTITION 23 .
133 1IF (NPOF LEQ, 2) GO TO 1549

SCURE (AN,NPCP}ZSCCREI{NNyNPOP) +DELTAINMEAN 4NPAFR)
GO YO0 120

1%¢ SCORE INNyNPGPI=SCCRE{NN,NPOPI+ S8CELTAI(NMEAN NP AR]
GO TO 120 . .

¢ PARTITION & -
134 sconatun NPOPIESCORE [NN, NFOP) +DELTAINMEAN,NPARI®[NPOP=1)/2
122 . CONT

cavt STATSISCDRE,N.NDISP.WPAR.SlGI
c 'FING PATTERN OF SIGNIFICANT CUNTRASTS

DD 530 NTw=1,8

LL=0

DO 540 L=1,6 * '
occuastNT.Ll-occunsluT LI +SIGINT L}

840 LL=ELLSLGINT L)
SUMSIGELL w :
LlesLi+l ‘ . s
NCONTR=C
o GD TOD/ (569,552,532,553,534,353,536),LL
54 PAT=1 ?
- GO TO 857 -
551 . PAT=Z - J
PG 590 II=1,6 . -~
LET 1F (SIGINT,I1) +EGs 311 NCONTR = II
GO TO 557 .
552 PAT= & ia

IF  ((SIGINT,1)¢SIGINT,8)
7 ‘ IF jcsxaiur.zxosxulur,5|
- IF (U(SIGINT,3}+5IGINT 4]}

] <EQ. 2) MNCONTR=1 : : -
) +EQe 21 NCONTR=2
} +EQe 21 NCONTR=3

1F {NCONTR +NEs Q@) PATED
IF INCONTR +NE« D) GO TO 557 )
IF I{SIGINT 1) +SIGINT,2)) +EQe 2} NCONTR=1 * N
IF (ISIGINT2)¢SIGINT3)) +EQse 2) NCONTR=2
IF llSIGi&T,IlQSIGINfghII e EGq. 2) NCONTR=3 '
1F (ISIGINT,2)+SIGINT,,5) ) +EQe 2) NCONTR=4
IF llSIGjNT.ZI#SIGINT.3)I «EQe 2) NCONTR=5

W 1r {t{SIGINT,21+SIOGINT &)} +EQs 2) NCONTRZS

. IF {ISIGINT,2)¢SIGINT,6)) LEQs 2) NCONTR=Y

IF L(SIGINT,21+SIGINT 50 ) +EQe 2} NCONTR=28
IF {t{SIGINT,3}1+SIG{(NT,E)) +EQ. 2) NSgNTF:!
1F (lSIGINT,ﬁi'SIG(NT.5Il_.EQ-'2! NCONTR=1G -
IF (ISIGINT,4)+SIGINT,6)) 2EQe 2) NCONTR=11
1F fISIGINT.8)+SIGINT.E1) «EQs 21 NCONTR=12

H
-
N



553

554

555

G0 10
PART&%IDN 1

GO TO 557
PATET ,
IF ((SIGUNT,1)¢SIGINT,21+SIGINT,3}1 «€Qe 3} NCONTR=1
IF ((SIGINTsL1)4+S5IGI(NT,4)+5I0INT 451} .EQas 31 NCCATR=2
IF ({SIGINT,2)¢SIG(NT,4)+SIG{NT64) oEQ. 3) NCCATR=3
IF ((5IGINT,31¢SIGINT,S)+SIGINT 6)3 .tQe 3] NCCONTR=&
IF INCONTH oNEa 3) PATZS N
IF (MNCONIR .NEs 4} GO YO 557
IF LEISIGINTo1)#5IGINT,2)+SIGINT,4)) 4E0, 3} NCOMTR=1
IF ((5IG({NT,214¢SIGINT,3)+5IGINT,6)) «+EG. 3) 'NCONTR=Z
IF ((SIGINT,#1¢5EGINT,31+SISINT,6)) JEQ. 3) HCORTRES
IF (USIGINT,31+SIGINT,5)+SIGINT,;B)) EGs 3} hCCATR=4
IF {(NCONTR <NEs 9) PAT=E6 -
1F (NCONTR oNE. 0) GO TC 857 : . .
IF ((SIGANT 1)¢51GAAT,2)+SI0(NT,5) 1 o£Qs 33 RCONTHZL
IF ({SIGINT,1)¢SIGINT,2)+S1G(NT 611 +EQe 3) NCORTR=2
IF [(S5LGIRT,1)+SIGINT,3)+SIGINT,4)] oEQs 3) NCCOATR=3
1F (ISIGINT,1)*SIGINT,3)+SIGINT,6)1 EOQs 3} NCONTR=4
IF {(SIGINTsL)1¢SIGINF,a)+SIGINT,6b) oEUe 3} NCORTRES
IF [(SIGINT,L1)+5IGINT,51¢SIG(NT,6)} oEQs 3) NCONTE=6
JIF ((SLGINT,2)+SEGINT, 31 ¢SIGINT,4)) 24, 3] LCORTR=7
IF G{SIGINT,21¢SIGINT, 31 +SIGI¥T 500 <EQe 31 NCOMTR=A
IF (L{SIGIMT¢2)}+SIGINT, 41 +SIGINT,5)) +EQe 3] NCOMNTR=Y
IF (ISIGINT,2)+SIGINT,81+SIGINT,6}) Q. 31 NCOMTR21&
IF ((SIGI(NT,3)¢#SIGINT,A)+SIGINT,5)} +EG.'3) KCOMTR=1L
IF ((SIGINT;31¢SIGINT, 41 +SIGINT,6).) +EQs 3) NCONTR=Z=1Z
GO TO 557, : ,
PAT=D : . -
IF ((SIGINT,2)+#SIGINT, 31 +SIGINT &) ¢+S1GINT,53)1.EQs04) NCCNTFZ1
IF ((SIGINT,1)+SIGINT, 3} +SIGINY, 4} 4SIGINT E})eECek) NCOATF =22
IF ((SIGINT L1 +#SIGINT 20 #5SIGINT 81 ¢SIGINT61).EC.4) ACLATRES
IF (NC Ee J) PATHS )
1F ({5 1+5IGINT 221 ¢SIGINT g3 +SIGINT, 41 ) ECa4] KCLNTF=1
IF (S ) ¢SIGINY , 21 +SIGENT 31 +SIGINTs5)) eEQs4) NCONTP=.
ir (s 7 11¢SIGINT,2)+SIGINT3) ¢SIGINT,83 1 ECe&) nCCNTRES
IF (IS 1114SIGINT, 21 ¢S1GINT, 4} #SIGINT,5))oECa4&i NCONTR=4
IFr (s P31 +SIGINT,Z) +SIGINT 340 +STIGINT 61 ) eECaa]) NCONTF=2S
1F (LS W11 +SIGINT,3) +SIGINT ;) ¢SIGINT,5}1)2EQeb]) NCONTFR=E
IF IS VIV +SIGUINT, 31 +SIGUNT ;5) ¢SIGINT,6)1,ECaa) NOOLNTRZ7
IF (&S P1)+SIGINT,4) #+SIGINT, ,5) ¢SIGINT,6) 1 ¢ECed) NCLNTF =
1F (s .Jl*SIG(NT,bI#SlGlNT.S)OSIGIN}.GIl.lt;hl NCLNTRES
IF (sl 2V ¥SIGINT 31 ¢SIGINT a1 +SIGINTFE)) ECL 4} NCCATR=ZL,
IF {(s1? 21 +SIGANT ;31 +SIGINT 450 +SIGINT 601 cEGe4 ) NCONTFRZLZ
1F LtsI 21 ¢SIQINT, &) ¢SIGINT ;31 +SIGINT,6) ) oEQes) NCLATR=1Z
G0 TO _ - .. -
PAT=10/ .-
IF (4SIA(NT91)+SIGINT 20 #SIGINT 31 #+SIGINT 41 +SIGINT,51).L0.5)
NCONTR=1 S0 o : -
IF (USIGINTsLI+#SIGINT 21 45IGINT, 30 ¢5IG(NT 4l ¢SIGINT,E)).T0.5)
NCCNTRE2 T . .
IF l(SIGlmT.lltSIGINT.ZlOSIGlNT.BlOSIG(NT,SI#SIGINT.bll.tG.tl
NCOMNTR=3 \ ,
1F 1 (SIGINT, L) #SIGINT2) ¢SIGINT ya)+SIGINT,5}+SIGIAT,E13.23.3)
NCONTRZ &

1F I(SIG(N‘.II*SIGINT.JIOSIGINT,QI*5!0Iht¢5l'éifihT,G)l-EQ.S]

- NCONTR=5 K4

IF ((SIGlNT.ZlOSIG(NT.JI4516(NT,~I}EIG(NT,5)+SIGINT.E!I-EC.E)

NCCNTR=8

60 TO 557

PATE1ll .
FREQGINT sPATISFREQINT,PAT) +1
IF {NCONTR LEQs U) NCONTR =
PCNTHSIRT,NCONTR,PAT)
COMPUTE ELRRDOR CONTRASTS

F LISIGINT &
ERROKLINTI
IF {ESIGINT,A
ERROR2 (NT)
G0 TG 50t

)
=ERRORLITNTI*
)

RRCGR2(NT1+1

PARTITION 2

143

1

v.
*¢SIGINT 51 +SIGINT 461

E
¢SIGINT,21+51IGINT 3} )
E

«GTo

oekTe

3]

3

X PCATRS{INT JhCONTRPAT)
[TABLE & PG 111}
(561 ,562,5083,584,5865))NPAR

+

3



. * .
562 ’ IF ((SIGINT,L1+SIGINT 6)) «GTe G} ERRORLENTIE
4 o ERRORLINT)+1 -~ .
IF ({SIGINT 2} 4SIGINT 421 +SIGINT o) +SIGINT,;5)} ol Te %)
t . ERROR2INTIEERROR2INTI*1 .
‘63 TO %0¢
c © PARTITION 3 I
563 IF {SIGINT,;6) +tQe 1) ERNCRLI(NTI®ERRORIIAT} 1
IF LISIGINT L) +SIGENT ,2)+SIGINT 431 4SIGENT, s)osxclur %)}
[ elLTe %) ERRCR2UNTYT)I=EPRGR2{NT) ¢1"
GO TO 500 ]
c PARTITION & - :
564 * IF {SUMSIG «NEe 6) EFRORP2INTISERRORZ(NT) +21
. ) G0 TO 83
¢ PARTITION 5 . )
365 IF (SUMSIG «GE. 1) ERKRORI(NTISERRORL{NTI 41 \
40 CONTINUE ) .
END OUF 1000 SIFULATIONS, PRINT REPORT. i — .
PAGE =.PAGE + 1.

WRITEL6,210) PAGE
WRITE(S,221) NOCOND
WRITE{6,212) MPAR P
WRITELGE,216) NPAIR L. - .
YRITEL18,213) NMMEAN . .
WRITE(64,214) NDISP .
MRITE(B,215%5) NHET .
WRITE(S,2¢6)
WRITEI8,207) (Ky{DCCURSINT K} yNT®1,8) ,,K=1,6)

T2¢ YRITE(E,2ul} :
DO BUQ NTEST=1,0

ERRORLI{NTEST) ERRDR1IINTESTIZ100 .
ERRORZINTESTISERRORINTESTIFZLO20 /’;
ACOMPRQ
AREJ=D
. DO 613 K=1,11
ACOMP= ﬂCDHPQFﬁEQ(NTEST K)jeCOmMpPiK)
619 AREJZAREJ+FREQINTEST, K" X |
ACOMP=ACOMP /1006
AREJRAREJZ1COC
lpé WRITE{6,209) TITLE(NTEST"ERR°R1|HTEST'DEQWDPZ(NTESTll
14 ) ! AconP.AREJ
.URITE(‘ 22%)
uRIT:IS,zle IPCNTRS(I,33,1) ,ILz1,0}
wRITE (8 ,240) lFaEQ‘ux*%; yNT=E1,8)
WRITEILGE ,222) {J (PCNT Llsdp21) ,I'luﬂ' pJELl 6 Y
BRITEI(G,2401 (FREQINT 20 s NT=1,8]) :
wWRITELG,223) (Jy [PCNTRSIIZJypd) ,Izl,81) ,J471,23)
WRITELG 42400 (FREQINT,3) oNT=1l,8) .
WMRITEIS 224) (J, (PCNTRS‘!,J.‘I,’I 158) 4Jd51,12])
WRITE(6,249) (FREQINT,4&3 oNTZEL,8)
L, PAGE = PAGE + 1
wRITEL(6,210) PAGE

WRITE(E,2201) )

WRITE (6,225} (dJdy [PCNTRS{I,dy5) ,Ix1,0} ,Jx1,4)
WRITE(6,244) (FREGINT,S5) ,NTai,8)

WRITE(6,226) (Jy, IPCNTRS{IpJp6l 4Iz1,68) "yd=ly4) S
WRITE(G69260) (FKREQINT, &) .ur:i.pb : =

. WRITELG4227) (Jy IPERTRS(Ipde7) 4IZ2,8) ,J=2,13)
: WRITE (8 ,249) (FREGINT,T) ,NT=1,8)
WRITELG,228) (Jd, IPCNTRSII,J,B] pIB1,8) ,Jm1,31
"WRITELG424u) {(FREQINT,8) ,NTTLl,8) . .
PRITE(849228) (J, (PCNTRSIIpJd,9) ,I=1,8) ,4=1,32}F
WRITE(E,24v) (FREQINT,9) ,NTE1,8]
WRITE(S,232) (Jy, (PCNTRSU(I,Jel0) ,I= ;,al yd=1,61
WRITE I8,240) (FREQINT,1G) }NTE1,8}
SRITE(6,231) [PCNTRSII,1,11) ,I=1,8)
-%ITE(B.ZQUI (FREQ{NT,21) oNT31,8)
800 CONT INDE :
¢ v ‘ .
208 FORMATL'O CONTRAST FREQUEMCY COUNT PER METHGD "4/,
[ ERCQNTRAST ND. 1 2 3 % ) 6 7. st, /)
207 FORRAT(11X,12,3X,8L5)

. . -

1



208

208
210
211
212
213
214
215
218
2290

221
222
223
224
225
2256
227
228
229
230
231
240

wor

A
[y

FORMAT (7, *

A STATISTICAL METHOD
& . AVG,

CLMP, AVGe NCs REJ, ')

FdRHAT(JX:ZAO.:X,FlZ.J.tK,FlZ.J.3&.
FORKAT('2

TYPE 1 ERRQOR

i OO

TYPE 2 ERRGR',

Fl24333Xy3F12.3) -

.zsx.'sxnULA110N°.25;.'PAGE‘.xpl

FORMATL'OY,* SIFPULATION MNUMBER Y14
FORKATI(! PARTITION NUMBER 14
FORMAT( MEAN VARIABILITY (1=SML,2xMED,3=LGE) *,14)
SAMPLE SIZE DISPARITY (1=SML,2=MED,3=LGE} Y,I14)
VARIANCE MET, {184,22,2,3%,6,4x1,5) tyla)
PAIRING (1=DIFECT ,2=INVERSE) Y914
FORMAT(*0®*,27X," PATTERN FREQUENCY/ COUNT C .7, ~
i 2 3 4 5 5 7 8°,/1
PATTERN 1 1Y 32X,81I5)
PATTERN 2 '2I2,2X,015, 50/y14Xy12,2%,8I5)) 7 .
PATTERN 3 ‘yl2y2%X,0815, ZU/704X312,2X,81I5%01)
PATTERN 4 "2 IZp2Xp 815, 11{/16Xy3J24,2X,8I5))
PATTERN 5§ YolegiXydls, A67L6Ry12,2%,81I510) -
FORMAT (M PATTERN & Yelze2X,81I5, 3U/314X,12,2X,8I50)° -
FORMATIL®' PATTERN 7 'el292K 4815, 110/718X,12,2X,415))
FORMAT I* PATTERN 8 *al2.2X,813, 20714X,12,2X%X4,06151% \\\
FORMAT (' PATTERN 3 *212,2X,81I5, 110/14%,12,27,8I51)}
FORMATA' PATTERN 10 "212,2Xy 815y " S5{/16X,L2,2X,8I5])
FORMATI(' PATTERN iil 1%,2x,81%)
FORMAT (" TOTAL'e2X48I5,/)
srop
END

SUBROUTINE STATS{SCORE,NsNDISP,MPAR
COMMON XM1,B1,XM2,B2,XM3,B3, _
DIMENSJON SCORE(48,4)yNI3,4) ,XBAR( &
INTEGER 51G(8,6)

DO 5 NPOPELl,a

XBARINPOPI=(

CP)=SSQ{NPDP) +{SCOR
S5=55+5SCINPOP)
NTOTENTOT+NINOLISP,NPOP]) o
SSQUINPOPIESSQINPOP) 2 |
SUNPOP)=(S55Q(NPOP))ew,5

SSEISS/INTOT=4])ee, 50

NCONT=0 ' d .

DO 10 Nxi=1,23

NXXENXL1e]

DO 10 NX2TINXX,a
NCONT=ANCONT+L

‘ ‘ 7 2,010,
CRITI2ZyNCUNT)IZI, 606855 % LAMARY (
" 1.0/ NUINLISP,hX2 }))ese,5

T3 PROCEDUR
Y2 = xM
ERITIA

STATISTIC 7
/¥ +32

145 .

MANCISKF,NPOPI=A )

CCRITILA,NCONT J23,6085S5S50({1,/ N{(NDISP,ANX1)

(NN ,NPOPJ
s hPOP)

o

ELMNyNPOP) =XBARINPOP) |93

¥

+ lef NINCISP,AX2))

led/ MINDISP,AXZ) ,

.

CRITUI NCONT)IZ246T738S5S58 (1,07 NENDISPaRNXL) + 140/NINCISP,NAZYI
My NCONT IR2 . 673550 [2» M{NDISP,AX1})ee(—L,5] +

(NX1)ee2/NINDISP,N22)} ,

nad-

* 3S5QINX2)/NLINDISP NX2]Y es82/

IMINDISF,hx1)=23)) ¢ -
ININDISP,NX2)=311))

12.38N{NDISP,NX1}) + : :
IZ.OUNINDISP.NXlel".5 4 .

t ve,5

£ SH2%0® NINDISF,NX21)1e8{—Co51)
CRITUS,NCONTIZ3,6868 (20 (AMAXI(LS

e - (SINXR)®®2/N(NCISP,NX2Z}1)))ee,5
VEBISS50(NXA)/NINDISP,NX1)

¢ (SS5QINKkL)eez ININDISP,mx1)082 @

€ - SSQUIRX2)%82 PN\ IN(NDISP,NX2)%wl =

- YLTXMLAVY ¢+ B1

_CRIT{6,NCONTI®YL&(SSOINXL} ¢
c SS5QUINX2) 7

CUNTItYZ‘lSSQINXII)hINDISP.N11l0550lhleIN(hDISP,hXZI



. £#5YSIN DD DUMMY

N . ]
14 Jee 8 - . ) = ;
¢ C PROCEDURE STATISTIC # - S
YISXM3/(NINDISP,NX1)=1) ¢+ B3 . -
YJIEXMIZININDISP,NX2)~2) + B3
‘AtlYI'SSOINKIIIN(NDISP NXL)*YJ®S5QINXZ) /NINDISP,NX20) #
1 " (SSGUINXLI/NINDISP,NX1) + SSQINX2) /NINDISF,hX2]) -
cnzr:o.NCDNT»aA-lssotnxLl/l:tﬂ(~orsp,~x1)| +
4 . "SSAINA2) / (2eNINDISP,NX2))1%e,5
c CGMPARE CONTRASTS WITH 8 STATS.
) DO 20 NT=1,8 . .
_ . SIG(NT,hNCONT =0 . ‘ .
. iF {ABSI{XBARINXL)}=XBAR{NX21) ) 4GEe GRITE(NT,NCOAT))
Tt .+ sEGUNT,NCONTI=1 - . "—“\\\\
.20 CONTINUE - . ,
30 CONT INUE - . ;

RETURN ‘ .

END Y
7/GO.FTI6FO01 DD UNIT= TAPE,VDL SERTUSD2148, DSN= REPORT 01SP=(RES,PASS),
’7 . -LABEL:II,SLI,DCB“lLRECL-lSJ.BLKSIZE:JﬂSO RECFM=FEA) +
'y EXEC PGM=I1EBGENER ]

//SYSPRINT DO SYSCUT=A ] " -
//5YSUTL DD DSNSKEPORT,UNIT=TAPE,VOL=SER=USG219,0DISP=(0LD,PASS),

17 LABEL=11,SC) ,DCB=(LRECL=133,0LKSIZE=3993 yRECFMFBA)

/7/5YSUT2 DO 5YSDUT=A,DCB=ILRECL=133,BLKSIZE=308C yRECFM=FBA]

’1 EXEGC POMEIEBGENER _

7/SYSPRINW DD SYSCUTzA : <
//75YSIN DO DUMMY - ’

7/5Y5UT2 OD DSN=SCURCE,UNIT=TAPE,vOL=SERxUsSD215,D01s5P= INEU,P!SSI.

Y ¥ LAbEL=(2, SL).DCB-!LRECL 80 yBLKSIZE=8CO0,RECFM=FR}" .
[75YSuUT1 bo .
®sDADTA JOB LADTAHIG.!hunDJ'.CLAss Ny

NOTE TQ RUN THIS: CHA ALL ®% AND ALL 33 + REMOVE THIS LINE,
oo MSGLEVEL=(1,1) - '
B95ETULUP . PLﬁASE MOUNT TAPL U5¢219 RING IN THNAKS,
®ZROVTE PRINT wmYLBUR
*e EXEC IMSLS
*0F0RT«SYSIN DD » : :
INTEGER NiJy44},51G18,6) FREQU8 ,11) 4PCNTRSI0,12,411),NCENTR,
& PAT  5U¥FS s OCCYRS 18°)6) yPAGE,HCNT , NOCONC ‘
REZAL SAHP'&G.Q).FC 'll.REJ(IA',VAHH&T(Q.Q,Zl.le5l' .
& 2215} 71‘51|12&5l,73(5),SCDR:l§B.£I,ERRORI(G'.ER&DRZ(EI,
[ 4 iDIthI'DELTAIB,hI
COHPLEX‘I‘ TITLECS) - E . -
DOUBLE PRECISION SEEDL . ! - : ¢
‘COMMON XM3,B1,XM2;82,XM3,B3 ‘ - - ! )
DATA N/26,21, 17,27.2"23'3‘p35p35.37"2'ﬁﬂf' ‘
VARHET/1 40307330430 ,401, loO.oiZ.nOGg.OB 1.0 1-0!,1 03, 1.5!.
1-3.1-27'2-J|2.J5.11u.To‘7|2¢Q|2035'1t QDU' «CJ, 1.56|
1.°|q92|o°|0-5|1¢0p-73|-39|.=1’.
Z1/72440533Cady82e0,6CeDy120 057, 221200.2ﬁ0,30-3h0-.£0.l
DATA Yi/73.8504,2 ."5|3.731'3 TA37 334685/, Y272.0%1, 20835, 2.75J'¢.716'
2eb6T3/9Y373,958,3:.901, 3.5&5.3.791m307371,
SZl.SZZ.STL.SYa.SYJ 5521, SSZZ,SZlYlgSZITZ.SZZYBIIL'O.I’
PAGEsnCCOND AU ,07
DATA CELTAI.GG93353335.223333333'n357333333,
«089333333,,223333333,.3573333233,
.176556586,.&45556555..71‘."536,
02684467,1,072/
DATA cDPPIaI'2.|2.'1.|c.'20'1.’0.'1.'0.'001
DATA REJ’OC’lI’2.'2.’30.30'3"‘..“.,5-.5./
ODATA 5EECI537§2~TG#D°I
. DATA =~ TITLEZs* KNAFHER' 'SPJUOTROLL,,STOLIN',*HOCFBERGI1§74)°, '
*GABRIEL, HOCHﬂERGllB?EI' ‘GAMES AND HL-ELL' '
'73 PkOCEDUR: s *C Pnocaouus /

¢
s

RN AN (ol 0 3

[ o)

(L]

J . =

ThIS PROGRAM IS A PRODUCT OF. JIM HUKD AND ANN HURD
"JULY 1983. wRITEN FOR DON DIXIE,
CALGULATE CONSTANTS FOR STATISTICS 6,7, 0(GAMES + HOWELL , 13.c:
00 1rKS1,8
TZLUIKIEL1/21 (K] - . '
22(x)=1/221K) : , .

annNnon

. ‘ -
146 . X T



.

SZ15SZ1+211(

. R22=522¢221¢

.o SYil=S5vYi1+vil

SY255Y2+v2¢ . . :

. SY3=SY3eYAU(K) : ) . N
SZAYLESZiYleZ1(K)PYLiK])

. - SZLY2=521Y2+21(K)I®YZ(K)

Y3i(K)

K)
K}
K
L

SZ2¥375S22Y3422 (K} . : ™
| SS5ZixSS5Z14Z1lK)se2 ‘ \
1 $522c5522+4221K1se2 ‘ | :
XML 3 (3.8521YV1=-52185/1 *5521-5Z1%02) ,

1715,
© XM2 B (549522 ¥2-S21°5Y2)/15.,%5521=521002)
' AM3 2 15,8522Y3=52265Y3)/(5.95522~522¢%2] )
81 "SYL/D.=KM185Z1/5,. ‘ . -
B2 m\,S5Y2/5.~XM2®5Z21/5, - - .
B3 S ASY3I/B.=XMm3e5Z2/%, ‘ . . '

DO 90 INM1,4 LN
\ﬁ- Do 9¢ - Js1 \ o : -
) Do 20 K;lp - ’ L. . ' )
s0 ‘ VARHET(I sk} = SQRTIVARHET{I,d,K)} '

SET uP Loops'?bn DIFFERENT CONDITIONS )
DQ 800 NPARE1,S : ,
DO™$8C NPAIR=1,2 ‘ ///<”ff .
- DO 900 NMEAN®1,3 ' . . .
IF ((NPAR oEQe 5) oANDe (NMEAN oNEo, 1)} GO TC 900"

00 900 NDISP=1,3 T . . : :
DO 830 NHETE1l,4 - “ )

.(fINITIALIZE PATTERN FREQUENCY COUMNTER.
/MOCONG = NOCOND + 1 °
/ b0 2 X=1,8 _ o
ERROK1{K} = © :

an

ERROR2IK} = D : S
DO 3 Jx1,8 . St
3 OCCURS{KPIIZ=O  ° ‘ . :
“DO & I=i1,11 * L :
DO & JE1,12 .
PCNTRS(KyWUel)mQ .
DO 2 J=1,13
FREQIK,J) =0

»

onwN

DG A SET OF 10C49 STMULATIONS _ -
DO 563 NSIMZ1,1000 - -
_CALL GGNPM(SEED,124,K0LD1 . -
HCNT = 2 :
DO 120 NPOP=1,4
IFEMPaN(NCISP4NPCOP)
OO0 120 NNZ1,ITEMP
¢ . FOR EACH SCORE IN ONE PARTICULAR PARTITION
X SCORE (NN yNPOP)XHOLBUINCNT) # VARHES (NHET ,NPOP yNPAIR)
HCAT = MONT 4 1
B - IF ((NPOP oEQe 1) o«ORe (NPAR +EQs 51) GO TO 120.

c ADD APPROPRIATE DELTA TO SCORES )
GO TO (1314232,133,1341,NPAR

c PARTITION 1

131 SCORE (NN, NPOP ) SSCORE (NN ,NPOP) +DELTA INMEAN, NPAF).
G0 TO 1290 .

¢ PARTITION 2

132 IF {NPOP - LEQ. 2) G0 Yo 120

SCLRE(NN,NPOP)=E SCORE(NKN,NPOP}+DELTA(NMEAN,NPAR)
GO YO 120

c PARTITION 3 ‘
133 . IF (NPOP .EQ. 2) GO TO 1%0
. SCORE (NN, NPOPISSCDRElNN.NPGPI+DELTAINHEAN NPAR)
J} G0 TO 120

A0 SCORE (NN, NPOPI-SCOREINN.NPOP)0.5‘DELTAINMEAN AP AR}

- GO TO 12: ]
c PARTITION 4 5
134 \ SCURE(NN NPOPJ=SCORE (NN, NPOPI#DELTAINHEAN NPAR)I®S {NPOP=1) /2
120 CONTINUE .

-y -
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540

54 9

551

590
-3-F)

584

CALL S5TATSISCORE,.N, NDISP.NPAR,SIGI

FIND PATTE
DO 590 NT=

LL=

%OF SIGNIFICANT CDhTRASYS

DO 540 Lx1,6 k«:?
OCCURS{NT,L)=0CCURSINT,L GINT,L)
LL=LL+SIGINT,L}

SUMSIGELL

[*]
1
2

NCONTFR=1
NCLNTFR=2
MCCNTFRES

NCONTR=1
NCUNTR=2
NCLNTRED
NCCNTR=a

LUsLLel

NCONTR=0Q

G0 TD |5«s.551,552.593.55s.555.555|.LL

PAT=1

GO TO 557 %

PATE2

Do %90 II=1, . .

1f (SIGINT,II) LEQ, 1} NGCNTR = 11

GO TO 587
“PAT= A .

IF 1(SIGINT,1)14SIGINT46))} LEQe 2) NCONTR=EL

IF (USIGUINT,2)+S5IGINT,%)) L EQ. 2) NCONTR=2

JF [USIGUINT,3)}+SIGINT4)} oEQe 21 NCONTR=Z3

IF {NCONTR .NE, 0] FAT=)

IF INCONMTR +NEs J) GO YO 557% !

IF  ((SIGENT,1)¢SIC(NT,2)) L.EQ. 2} NCONTF=)_ -

IF (FSIGINT,2)45IGINT43)) (EQ. 2} NCONTH=2

IF ((SIGUINT,1)¢SIG(NT,4)) LE3, 2} NCONTRT3

IF 4{SIGINT ;30+SIGINT,%)) . EJde 2) MNCOMNTR=4

IF UUSIGINTY,;2)+3IG(NMT,3)) .EQe 2) NCONTR:=S

IF  (UISIGINT,2)#SIGINT 4)) LEQs 21 NCONTF=§

IF  (ISIGINT,2)+S5IGINT,6)) .EQe 2} NCONTR=Y

IF  (UISIGINT,3)+SIGINT,S51) .EQe 2) NCONTR=S

IF ({SIGINY,31+SIGINT,0)) +EQe. 2} NCONTR=§

IF  1ISIGINT,4)+SIGINT,5)) .EQ, 2) NCONTRm1Q

IF  ((SIGUINT,4)+SIGINT,6)) oEQs 2} NCONTH=11

IF  ((SIGINT,5)+SIGINT,8)] .EQs 2} NCONTR=1}

GO TO 557 .

PATRT : :

IF [{SIGINT 1) ¢SIGINT,2)+5IGINT,3)) +EGs 3) NCONTR=1
1F LUSIGINT,2)145IGINT,4)+SIGINT,51) LEQ, 3} NCONTR=2
IF {(SIGI(NT 2)4SIGINT,A)$SIGINT¢6513 eEQe 3) NCOMTR=3
IF {USIGINT  3)¢SIGINT,B)¢5IG(NT,6)) +EGs 3)° NCONTR=4
1F (NCONTF o+NEe 01 PAT=S

IF (MCOMTR +NE. 0) GO TO 557 :

IF (USIGINT 1) +SIGINT 20 +SIGINT,4)) LEQG, 3} KCOMTR=1
Ir l(SIGINT.ZD'SIGINT.JIOSIG(NT,G|l eEQe 3) NCCATR=2
IF {USIGINT 440 +SIGINT,3)+SIO(NT,8)) 4:iQe 3) MCONTREZ
IF LUSIGINT 31 ¢SIGINT,5)+SIGENT6)) JEQe 3) NCONTRZ4
IF (ACONTR o NEs 08} PATE=S6 N

IF (NCONTR +NE. 0) GO TO 557

IF (USIGINT, L) ¢SIGINT2)+SIGINT  5)) o EG. 3) NCOMTRE1
IF (USIGINT, L) #SIGINT,2) ¢SIGI(NT,6)) oEGe 3] NCONTR=2
IF {(SIGINT,1)+SIGINT,3)+5IGINT 44} oEQe 3) NCONTR=z2
1r ctsxc¢~r,1:osrotur,a|oszcuur.snn «ECQas 3] NCOMTRE=4
IF ((SIGINT, 1) +SIGINT,4)+5IGINT,6}) ..EQs 3) NCCMTRzZS
IF (USIGUINT1)+SIGINT,3)+SIGINT,6)) EQe 3) NCONTR=6
IF ((SIGINT 2)4SIGINT 31 +SEGI(NT,4)) .EQe 3} MNCOMTR=7
IF ({SIGINT,2)+SIGI{NT,3)¢+SIGINT,5)} LEQe 3) ACCATRES.
IF ((SIGINT,2)+SYGINT,4)+SIG(NT,5)) <EQe. 3) NCCNTR=g
IF ({SIGINT,2)+SIGINT ,5)+SIGINT,8}) +EGe 2) NCONTR=1
IF (USIGINT,3)+SIGINT,4) +SIGINT,5)} LEGe 3) NCCNTR=1
IF (USIGI(NT,3)+SIOINT 4} +SIGINT,6)) 4EQe 3) NCONTR=1
GO TG %37

PATR g .

IF (ISIGINT 2 4SIGINT 43} +SIGINT ,4)4SIGINT,5))aECenl
IF ((SIGINT)1)¢SIGUNT, 31 +SIGINT ;&) ¢+SIGINT,E}) oECed]
IF ((SIGINT,1)¢SIGINT2) +SIGINT 431 4SIGI{NT,6}).EQedl
IF INCOMATR +NE. O} PAT=S

IF (4SIGINT 1) *¢SIGINT 2} +SIGINT 331 +SIGINT,4))eECabh]
ir l(SIG(Nf,ll+SIGINT,2!0SIG(MT.3l+SIG(NT.5|J.EO.#I
IF (USIGINT,1)+SIGINT,2) ¢SIGINT,3) +5IGINT 61} eECeb).
IF ((SIGINT,204SIGINT,2)+SIGINT 4 +SIGINT,5) ) abCuhl)
IF (USIGINTsL)+SIGINT,2) +SIGINT 4} +SIGINT,6))aECah)
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335

588
557

582

583

384

585
500

723

613

P AR

PAR

-

P AR

P AR

{ISIGINT,2)+S51IGI ’QSIG‘NT.&|+SIGINT,5|l-EQ.%' NCCMTREZE
IF (1SIGINT, L +SIGINT 31 +SIGINT 5} +5IGINRT 63} .EC,4) NCLMNTR=T
IF tUSIGINT 1) +SIGINT 41 +S51IGINT 3%) ¢SIGINT ;63 aECe4) ANCOCNTR=e
IF ((SIGINT,3)+5IGINT 41 +SIOINT 5} ¢SIGI(NT,E)1.EQ.4) MNCOUNTFREZS
IF CISIGINT 2)+SIGINT 3)+SIGINY  y4)¢SIGINT 46))}EQsa) MNCOMTR=1O
IF ((515'&7,2,05IU(NT'3|OSIG(NT.S)*SIG(NT'G'loEQ.ﬁ' NCOMTPR=11
IF ({SIGINT,2)+SIGINT 4l +SIGINT,B)4SIGINT,6)}+EQes) MCOMNTRELDR
GO TO 557 R ’
PATE=10 ~
IF llSIGlNT,lI9516[&7’23fSIG(NT,3'*516("7,“'0515‘5T'5i’ch-5l
NCOMTR=1
1F llSIG‘NT.1|QSIG(NT'2IOSIG(NT A1 +SIGINT 4 ) +SIGUNT, E’I.EQ.a’
NCCNTR=2
IF (LSIGINT, 1l§SIGlNT|ZlGSIG(NT 3|+SIGCN7.5}¢SICINT.53)-LQ -8
NCONTRE3 :
IF (ISIGINT 1) +SIGUINT ,2)+SIGHINT, §l+SIG(NT'5"SIG‘NT 611 .EC.5)
NCONTR=4&
IF ((SIGihT;l'+SIG|NT,31*SIGlNT'i‘fSIGlN7,5r*SIG|NT’ﬁlinEC-ﬁ'
NCONTR=%
1F tlsxG‘NT.z’*SIG(N‘.3'OSIG(Nf'bl#515‘h?|5|f515(51,5,)-EG-5’
NCONTRESG
GO IC 557
PAT=11 v '
FREQINT yPAT)ISFREQINT yPAT) 1
1F (NCONTh oEQe 9} NCONTR = 1
PCNTRSINT,NCONTFR ,PAT} = PCNTASINT,NCONTR, PAT' + 1

COMPUTE ERROR CCLNTRASTS (TABLE & PG 11)
GO TO [561,562,563,564,56513NPAR
TITION 1 :
IF (ISIGINT, 43 +SIGINT,3)¢SIGINT,6)) 4GTa-3)
ERRORL(NT)ISERROAL(NT)+1
IF ((SIGINT,11eSIGI(NT,2)¢5IGINT,3)1 +LT. 3)
ERRORZ(NTIRERRORZINT) #1
60 TO 563
TITION 2
< IF. (USIGINT,1)¢5IGINT,61} +GTe 3) ERRORLIINTIE

s ERRORLINT}*L

IF ((SIGINT,2)+SIG(RT 31 +SIGUINT 4} #+SIGINT51) oLTs &)
ERRORZ2INY)=ERFORZINT I +1 : ’

GO-TO S5CO
TITION 2
1F (SIG(NT,GI eEQe 11 ERRORLINTIZERRORLI(NT) +2

IF ((SIGINT,1)b+SIGINT, 2)¢SIGINT 30 +SIGINT&I+S5IGINT,51)
+LTe 5) ERRORZ(NTIIERRORZINYIOI .
GO TO 306
TITION a
1F {SUMSIG +NEs 8) ERRORZINTI®ERRORZ{NT)*1
GO TO 500 '

PARTITION 5

END

IF [SUMSIG «GEe 1) ERRORLINTIZERRORLINT] *1

CONTINLE

OF 10U0 SIMULATIONS. PRINT REPORT. )

PAGE = PAGE + 1 \

WRITE(6,4213) PAGE

WRITE(6,211) NOCOND

WRITEIS,2121 NPAR

WRITELG,216) NPAIR

WRITEL6,213) NMEAM o

WRITE(6,214) NDISP

WRITE(6,215) NHET .

wRITE(E,206)

YRITELE,207) (K, (CCCURSINT,K) ,NT=1,8) ,K=1,6)

RITE(6,250) ‘

DO 600 NTEST=1,8 :
ERRONLIIATESTI=ERRORLINTESTI /1000 . ‘.
ERRORZ (NTESTISERROR2 (NTESTI/130¢
ACOMP=D

 AREJEQ
00 610 K=®31,11

ACOWMP=ACOMP+FREQINTEST K)SCOMPLK) -
AREJSAREJ+FREQINTEST K) *REJIK) .

ACOMP=ACOMP/130C ' .o
‘Q"

144 | _ o



600

840
[
248

207
208

209
210
211
212
213
214
215
216
229

221
222
223
224
225
226
227
228
229
230
23l
240

’ 4 +

AREJEAREJ/1E20 . oo
WRITE(6,209) TITLELNTEST) yERRORLINTEST ) yERPRORZ2INTEST),
2 . ACOMP y AREJ
WRITE (6 ,228)

.

WRITE(64,221) (PCNTRS({I,1,1) ,I=1,8}
BRITE(S 3243) (FREQINT,1} ,4NT=1,8) °
T WRITE168,222) (Jy (PCNTRSI1,J942) yI®l,8) ,331,67

WRITE(8,240) (FREGQUINT,,2) ,,NTEL,8}) -
WRITEU(S8,43223) (Jy (PCNTRSI[IpJdys3) oIS1,81 s421,31
WRITE(6,240) (FREQINT,3) 4NT=1,8}
wRITELE,224) (Jy (PCNTRSUI,Jy4} ,I=1,8) ,usi, 12}
WRITE(6,243) IFREQINT,4) ,NT=1,86) .
PAGE = PAGE + 1 -
WRITE(6,21 51 PAGE
YRITEL(§,220])
wRITE(6,22%) (Jy, {PCNIRS(I,J sdE 144
WRITE(6,24G) (FREGINKT,S5) HNT .
WRITE(6,9226) (Jy (PCNTRS(I,.J sd=1 44 )
WRITE(G 3240} (FREQINT,6) 4NT
WRITEL§922T7) (Jy (PCNTRSII,J yJE1412]1
WRITEI6,240) (FREQI{NT,T! ,NT )
"WRITE(8,228) (Jy (PCNTRS(I,J gd5143)
WRITE(G 2401 (FREQINT,3) oNT
MRITE(6,228) (Jy (PCNTRS(I,J sd=1,12)
WRITE(GE,249) (FREQINT,8)} AT
WRITE(6,233) (Jy, (PCNTRS{I,J 11480 5J=3,6])
WRITE(8,240) (FREQ(NT,1C) N
WRITE(6,231) (PCNYRS(I,1,111}
WRITE (65,2400 (FRECI(NT,11) ,N

.CONTIMUE

FORMAT{*0D © CONTRAST FREQUENCY COUNT PER METHCD "4/,

€ ' CONTRASY NO, 1 F a 4 5 & 7 8ty 7}

FORMAT (L1Xy12,3X%X,8I5%)

FORMATI/ ,* STATISTICAL MeTrOD TYPE 1 ERPOR’ TYPE 2 ERROP',
(A AvGe COMP, AVGe NO. KEJd.*)

FORMATAIX 9g2AB giX g F12331X3F1l2,343XKpFL243p3X,F12.3)

FORMPAT{*1® 25X, "SIMULATION® ;25X, "PAGE®,15)

FORMATL'0","* SIMULATILN NUMBER 'L, 14
FORMAT (| PARTLITION NUMBER -~ o Cylal
FORMAT (" ' MEAN VARIABILIYY {1mS™L ,25MED,3=LGE]} t LI
FORMAT (* SAMPLE SIZE DISPARLITY {(1=SMLGZZEMEL,3=LGE) ' 14) i
FORMAT (" + VARIANCE HETe [1=0,2Ze2)p3=ebg4=1a2) f,1¢1
FORMAT (® PAIRING (LSDIRECT,23INVYERSLE) t,14)
FORMATL'U"427Xy" PATTERN FREQUENCY COUNT ',/s,

c Lax,? b 2 3 4 5 [ 7 8%,/
FORMATIL?' PATTERN Y 1',2x,81I8)

FORMAT(®' PATTERN 2 Y al202 X015, S(/plany12,2X,815))
FORMAT(® PATTERN 3 *,I2,2X,01%, 2L/714X,12,2%X,815))
FORMAT(' PATTERN 4 "L IZ2,2X,818, 120/714X,12,2X,81I5)1
FORMAT L' PATTERAN 5 P ,1242x4815, 3[/14X,12,2X,8I5))
FORMATI' PATTERN 6 1,12,2X43815, 3{/731AX3T12,2%,081I50)
FORMATI" PATTERN 7 S oI242X81I5, 11({/7318Xe12,2X4815))
FORMAT(' PATTERN 8 C,12,i%,815, 20714X,1242%X,81I51)
‘FORMATL® PATTERN ] YeI242X,818, 114/714xXx,12,2Xx,81%))
FORMAT(® PATTERN 13 YyI242X,815, SUr14Xy3I2,2X,815))
FORMAT{' PATTERN 11 1%,2%x,018)

"FORMAT (" TOTAL' 42X 4801I5,/1}

sSTOP :

END

SUBROUTINE STATS{SCORE,N,NDISP,NPAR,SIG])
COMMON XM1,EL1,XM2,B82,XM3,B3
DIMENSION SCORE(AB &) yN(I3,4) yXBARLA) ,55014),CRITIE,6),5(4) . -
INTEGER SIG(8,8)
CO % NPOP=1,4 ) : .
ABARINPCPIZO : '
ITEMPENINDISP ,NPOP]) :
DO 6 NN=1,ITENP -
XBARINPGPISXBARINPOP}
XBAR(NPOPI=XBARINPOGP} £N
5530 s :

5¢C
ND

-~

. " 159



NTOT=0
DO 7 NPOREL,& .
SSQ{NPOP) =0 .
ITEMP=NINDISF,NPOPF)
DO 8 NN=1 YE M
s ssotnpcp:-ssqlupoplo(scona(Nn.upopl-xaanlnpupl1--2
5S=55¢5$SA{MNPUPI -
NTOTSNTOT+NINRDISP ,NFOP) .
SSQINPOPI=SSQINPOP] 7 | N(NDISP,NPOP)=1."1
7 SINPOPIZ{SSQINPCP)Iss .3 ‘
SSZ(SS/INTOT=4))®s.5
NCONT20
DO 19 Nx1x1,3 %
NXKENX1e1
DO 10 NX2=NXXg4
NCONT=NCONT+1
CRIT(1,NCONTI=3,6850558( (1,7 NIKDISP,AX1) ¢ 1./ NINDISP,Ax21]

L 7 24.0)1%%,5
CRITi2, NCONTI=3.6860558 (AMAX1l 140/ NtNOISP,Nlll ’
[ 3 ° 1.0/ NINDISP,NX2 )Jilise,5
cRx1|3,nconT|-z.g73oss-|1.°I h(hDISP AX1l) 1.olth015P,Nx2)l
[ e, 5
CRIT(A,NCONTI=2,673055e( (29 NINDISPoNXL))®8(=0e5} +
& [4 ’ {2.0% NIHDISP NX2))80(=0,5))
CRlTis'hCONTllanillOIZOlAMAXII(StNlII“ZIN(NOISP NX1))
14 ISINX20**2/NINDISP,NX2)010)) ®8,5
v-cssotnx:llthDISP.uxli + SSQINX2)/NINDISP4NX2}) '-21
3 {SSQINXL1)®®2 / (NINDISP,NX1}®*®2 & (N(NDISP,NX11=1]1) =+
t S5QtNX2)e0s2 ¢ (NtNDISP,NKZI"Z * {MINDISP,NXZ)I=111))
YimxXMisv ¢+ B1 ’
CRIT(E,NCONT) =Y218{5S5 QUNXL) 7 (2439NINDISP,NK1)) +
14 S55Q(KX2) ¢ (2.0®NINCISP,NX2)1)ee®, 3 '
1~ T3 PROCEDURE STATISTIC 7 :
‘Y2 ®m XM2/V #82 . = X .
CRIT(T,NCONTI—YZOIS GINXLI/NINDJSP,NX1) +SSQI{NA2)/NINDIEP, N2 2]
. e Jeoso, 3 . ’ )
c C PROCEDURE STATISTIC 8
YIZXMI/ININDISP yNX1)=1] + B3
YJEXMI/(NINDISPyNX2)=1) 4 B3

AS{YI®SSQINXL] /NINDISP,NX1)+YJ®S5SQINKZ)/NINDISP AX2)) /
[ (SSAINAL) /NINDISP,NXL) & SSAUINX2ZI/NINDISP  NXZ))
CRITLO,NCONTISA®{SSOINXL)/(2ZONINDISP,NXI)) +
t 55QUINX2) 7 (29NINDISP,NX2}))ee 8
¢ COMPARE CONTRASTS WITH 8 STATS,
DO 26 NT=1,8 ‘
SIGINT ,NCONTI®D
Ir lABSl!BARINl:I—!BAR(NxZII ) «GEs CRITIAT,NCONTII

e . SIGINT{NCONT) =1 ,
20 - . CONTINUE : :
10 CONTFINUE. .

" RETURN ‘

END

#eFT06F301 DD UNIT=TAPE,VCL=SERSUS0219,DSN=REPGRT,DISP=(NEW,PASS),
s LABEL={1, &Ll,DCB-(LRECL=133.BLKSIZE 3982 ,RECFP=FEA,)
.o EXEC PGM=IEBGENER
®®SYSPRINT 0D SYSOUT=A . 2

¢8SYSIN DD DUMMY '
8 SYSUTL DO DSNZREPGRT,UNITaTAPE ,vOL=SER=J450219,0DISP=(0LL,PAZSS),

. LABEL-il.SLl.DCB—ILRECL-133 BLKSIZE 3393,RECFM FBA)
*e5Y SUT2 DD SYSOUTaA -

se EXEC PGM®1EBGENER ' s -
*eSYSPRINT DD SYSCUT=A :

#eSYSIN DD DUMMY

#eSYSUTL CD DSNESQURCE yUNIYSTAPE,VOL=5ER=US0219%, DISP:(OLD KEEP],

ve LABEL={1,5L),DCBE(LRECLEAC, BLKSIZE‘OOG.RLCFHSFBI
*seSYSUT2 DO =
aa ‘
2 . L i
s/ EXEC FLDUHP,VDL:USQZl’,CUT=Dﬂ
Al
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_ .APPENDIX II
'SUMMARY OF ERROR RATES, AVERAGE NUMBER OF REJECTIONS AND
AVERAGE COMPLEXITY FOR THE KRAMER AND GAMES AND HOWELL METHODS
UNDER .EACH PARTITION AND IN THE INVERSE AND DIRECT PATRING CONDITIONS
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Partition II, Direct, Kramer Method
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L
a Partition III, Direct, Kramer Method
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Partition V, Direct, Kramer Method
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Partition I, Direct, Games and Howell Mg_zthod
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Partition _Iv; Direct, Games and Howell Method
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Games and Howell Method

Direct,

Partition V,
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Kramer Method

Inverse,

Partiticn I,
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Inverse,

Partition II,

K:amer Me thod
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Kramer Method.

inverse,

Partition i:I]
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Partition IV, Inverse, Kramer Method
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Inverse,

Partition I,

Games and Howell Method
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Partition II, Inverse, Games and Howelllbdethod
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Games and Howell Method

Inverse,

Partition IIIj-
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Partition IV, Inverse, Games and Héwell Method
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Partition V, Inverse, Games and Howell Method
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PARTITION T, MEAN VARIABILITY (SMALL)

. . DIRECT PAIRING . -
, .
\

Coefficient of Variation

0 .2 .6 1.0

Contrast . °~ K GH K % GH K GH K GH

(12) .10 12 8 12 1 17 0O~ 189

(13) 17 19 15 22 - 1 19 4 1T

Small Sample (14) 12 12 ‘18 24 13 24 B 15
Size Disparity " (23) - 8 11 6 7 4 9 6 12
(24) ‘14 12 10 9 24 12 .7 8

(34) 10 13 19 17 29 ' 12 54 14

(12) 15 12 12 21 1 ) 28 0 178

(13) 13 13 6 14 1 21 1 11

Medium Sample (14) 12 10 6 14 4 18 2 13
Size Disparity . (23) 16 18 7 10 6 13 1 S
(24) 6 .9 12 13 13 12 2 9

(34) 9 10 17 11 22 9 24 5

(12) 9 12 . 5 17 0 136

(13) 15 17 9 14 0 16

Large Sample (14) 15 17 5% 15 0 13
Size Disparity (23) 7 12 8 13 0 11
(24) 18 14 14 . 19 7 5

(34) .9 10 19 15 12 9
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-
LY
g
= - o . -
PARTITION I, MEAN VARIABILITY .(MEDIUM)
DIRECT PAIRING
. =
Coefficient of Variation ,
0 . 2 .6 1.0
Contrast K . GH K GH K GH K _-_GH
. r ~

(12) 39 52 24 . 46 ‘8 78" 0 946
(13) 41 . 39 29 40. 9 72 15 87
Spall Sample (14) 46 47 . 38 47 36 45 "33 48
Size Disparity (23) . 10 13 i1 10 1 7 3 10
: (24) 10 11 6 9 20 13 7 8
(34) 6 8 16 9 26 7 50° 12
(12) 31 33 15 40 8 44 0 924
(13) 41 43 25 40 5 57 5 65
Medium Sample (14) 29 34 24 35 ° 12 38 18 53
_Size Disparity (23) 19 16 6 8 2 15 0 7
(24} . 10 11 12 12 13 - 10 8 17
(34) 15 16 21 16 25 14 47 12
(12) 24 18 10 ° 36 2 54 0 889
: (13) -25 30 15 33 1 68 1 54
Large Sample (14) 45- 35 19 38 10 50 2 66
Size Disparity (23) 11 - 11 11 16 1 12 1 13
- (24) 12 14 - 11 11 6 8 0 14
(25) 8 8 15 11 11 4 43 19
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Small Sample
Size Disparity

Medium Sample
Size Disparity

Large Sample
Size Disparity

PARTITION T., MEAN VARIABILITY (LARGE)

DIRECT PAIRING

1

L

e

Ve o

Coefficient of Variatioq'_

0 o2 .6 1.0
Contrast K GH _¥—— GH K GH K GH

(12) 102. 102 81 124 28 185 0 1000

(13) 107 105 89 116 41 191 52 163
(14) 121 1200 106 119 88 112 75+ 101
(23) 14 14 ) "8 3 13 1 6
(24) 10 9 11 10 26 14 9 112
(34) 13 18 17 10 30~ 12 55 g
(12) 87 81 50 100 22 167 o 1500
(13) 83 87 82 115 34 191 14 167
(14) 97 89 82 107 58 132 30 124
(23) 11 9 4 4 4 13 0 5.
(24) 8 9 15 15 21 20 6 10
(34) 9 11 16 12 21 11 30 9. -
(12) 69 69 37 74 8 134 Q0 1000
(13) 95 83 51 94 10 173 9 175
(14) 96 87 66 109 28 140 14 163
(23) 12 7 g 12 2" 9 0 21
(24) 7 5 7 8 9 11 0 7
(34) 8 -8 8 4 18 12 27 10

(‘4 .t
¢

176



PARTITION TIT, MEAN VARIABILITY !SMALL!
b Lo >
DIRECT PATRING

Coefficient of Variation

- ) O .2 .6
Contrast K GH K GH K GH

(12) 9 13 3 7 0 10 0
T ! (13) 21 23 7 13 3 20 1
Small Sample .. (14) 19 15 11 16 16 17 6
Size Disparity .(23) 18 21 10 12 8 20 4
S (24) 14, 18 18 13 7 24 17 8
o ©(34) . 6 6 21 14 31 11 0
- (12} 13 - 13 10 16 0 13 0
' . (13) .14 10 8 17 0 17 2
-Medium Sample (14) . 17 17 8 17 4 "2 1
Size Disparity- (23) - 11 11 20 22 7 16 2
: (24) 14 12 21 27 15 13 4
(34) 7 a 12 10 16 8 3
(12) : 8 8 2 11 0 11 0
. (13) 10 - 12 3 14 Q 15 0
Large Sanmple (14) 15 13 7 11 1 12 0
Size Disparity (23) 12 11 6 3 17 0
(24) 20 18 {gﬁ 9 12 .12 0

{34) 16 15 0 6 15 9 2.

— (#
-9
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PARTITION II, MEAN VARIABILITY (MEDIUM)

DIRECT PAIRING

Coefficient of Variation

0 -2 + 5
Contrast K GH K GH K GH
(12) 6 5 6 11 .0 10
. (13) 36 36 34 59 4 53
Small Sample (14) 44 42 39 49 20 35
Size Disparity (23) - 55 46 43 48 21 41
' (24) .60 57 47 42 52 33
(34) - g 10 12 10 25 9
{12} 15 11 2 5 1 12
: : {13) 52 51 22 37 5 76
Medium Sample (14) 40 43 28 39 16 38
Size Disparity (23) 51 47 24 37 38 66
(24) 53 48 39 40 37 J31
(34) 13 12 10 7 23 9
(12) 16 17 4 7 1 14 0
(13) 41 43 16 39 2 56 1
Large Sample i (14) 43 39 22 40 5 47 1
Size Disparity (23) 35 42 30 47 6 38 5
{24) 39 44 47 49 45 54 3
(34) 6 - "6 =17 12 12 6 6
>
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PARTITION II, MEAN VARIABILITY (LARGE}

DIRECT PAIRING

-

Coefficient of Variation

o] .2 .6 1.0
Contrast K GH K GH K GH K GH
(12) 14- 17 4 10 0 11. 0 7
: (13) 119 112 100 135 39 200 55 168
Small Sample N (14) 135 133 109 117 74 96 78 112
Size Disparity (23) 119 124 115 121 89 141 58 158
(24) 2 141 123 107 114 78 87 117
{34) 16 14 17 11 22 6 46 10
(12) 7 8 3 9 1 13 0 11
(13} 105 96 74 114 27 188 30 179
Medium Sample (14) 102 86 87 108 54 122 38 122
Size Disparity (23) 112 107 96 107 80 138 53 168
(24) 122 119 116 118 112 98 64 117
(34) 11 8 17 12 23 - 10 - 39 7
(12) 8 6 5 10 0 13 0 11
(13) 84, 81 58 106 G 173 3 176
Large Sample (14) 99 93 66 99 27 131 11 141
Size Disparity (23) 96 g8 = 92 103 46 121 11 169
. (24) 114 115 113 116 86 103 38 140
(34) 13 16 10 8 15 11 21 2
!
hY
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PARTITION III, MEAN VARTYABILITY (SMALL)

DIRECT *PAIRING A
N ) :
Coefficient of Variation
0 : .2 .6 1.0
Contrast K CH K GH K GH K GH

(12) 13 13 6 13 2 22 0 189
(13) 16 16 17 25 4 45 5 47
Small Sample {14) 17 200 28 30 27 31 19 29
Size Disparity (23) 21 19 13 14 6 12 1 15
(24) 22 16 ‘14 14 26 . 18 7 11

. (34) 16 10 . 16, 10 25 7 46 6
(12} ‘14 15 8 18 . 0 " 20 0 180
(13) 23 .27 16 32 © 1 45 _ 5 52

(14) .27 25 9 18 10 31, 10 38
(23) 10 11 10 12 6 14 1 26

(24) 19 20 11 11 . 18 17 8 16
(34) 14 12 16, : 8 19 10 37 13

(12) 15 15 0 4 0 15 0 155
(13) 31 27 8 28 0w 38, 1 40
(14) 24 26 . 12 25 7 47 1 47

(23) 11 15 13 14 2 12 0 13
(24) 12 13 10 16 13 20 1 19

(34) 12 14 9 9 22 6 35 13
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) ' ‘PARTITION ITIT, MEAN VARIABILITY (MEDIUM)

DIRECT PAIRING . Coe

.

E Coefficient of Variation

& . 0 .2 .6 1.0
Contrast . 'K GH K GH K GH K GH
. (12) 31 38 16 37 5 71 0" 941
(13) 190 179 173 211 110 364 107 276
Small Sample (14) 201 207 186 199 169 186 143 177
Size Disparity (23) 38 35 46 48 29 53 16 54
(24) 32 31 47 41 37 27 30 43
(34) 11 12 17 .12 . 28 14 52 8
(12} 34 35 21 39 2 56 0 930
. (13} 178 180 117 190 56° 297 51 278
Medium Sample (14) 180 179 132 168 94 185 99 255
Size Disparity (23) 47 50 35 37 © 16 40 15 60
(24) 36 36 29 28 41 34 32 60
{34) 10 10 11 6, 14 9 41 13
(12) 31 28 18 45 2 56 0 873
(13) 140 140 112 171 31 289 23 305
Large Sample {(14) 171 149 134 184 52 193 32 239
Size Disparity (23) 26 28 29 31 10 34 4 63
: : (24) - 38 39 42 43 23 30 4 50
(34) 17 13 19 16 15 9 26 6

N \
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PARTITION TIT, MEAN VARIABILITY (LARGE)

DIRECT PATRING :

> " Coefficient of Variation

0 .2 .6 1.0
. Contrast . K- GH K GH K GH K GH
(12) 119 119 76 116 42- 184 "0 1000
. (13) 580 560 557 624 479 799 465 734
, Small Sample . (14) 384 561 542 570 535 572 532 583
Size Disparity (23) 111 99 119 111 76 119 58 145
RL\, (24) 111 112 123 114 132, 95 = 94 113
(34) 15 713 18 10 29 11 48 9
(12) 96 89 51 95 16~ 179 0 1000
(13) 505 483 464 557 384 767 337 743
Medium Sample (14) 540 531 504 563 448 595 394 635
Size Disparity (23) 119 118. - 86 98 68 123 43 152
s (24) 122 118 111 112 119 102 75 137
(34) 10 13 7 4 19 11 36 9
(12} 62 65, 37 81 11 135 0 1000
{13) 434 411 381 492 250 729 215 771
Large Sample (14) 446 409 452 532 330 602 253 712
Size Disparity (23) 113 110 79 110 52 123 31 ¢ 169
. (24) 119 102 99 97 81 89 45 157
(34) 8 8 13 10 19 10 30 11
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Small Sample
Size Disparity

Medium Sample
Size Disparity

Large Sample

Size Disparity,

PARTITYON IV, MEAN VARIABTILITY (SMALL)

'DIRECT PAIRING

-~

Coefficient of. Variation

0 .2 .6 1.0

Contrast K GH K GH ' K - GH K GH
(12) 15 17 7 18 3 24 0 193
(13) 33 33 31 40- 7 44 10° 52 .
(14) 48 52 50 65 52 67 39 61
(23) . 19 18 15 16 B 13 4 ‘19
{24) 34 37 39 26 54 34 21 28
(34) 16 16 20 13 35 10 45 14
(12) 13 16 6 15 0 17 0 165
(13) 25 24 16 28 4 36 o} 38
(14) 61 61 52% . 56 25 67 19 73
(23)- 13 15 11 14 8 16 0 15
(24) 36 36 33 36 30 26 14 33
(34) 16 15 22 14 32 15 45 12

F ]

(12) 18 14 1 7 0 9 0 147
(13) 31 25 10 23 1 35 1 38
(14) ~y 61 5 20 37 16 71 6 ~——1B4
(23) 18 1 11 18 2 13 1. i5
{24) 37 42 27 33 22 21 3 32
(34) 23 24 217 17 24 16+ 34 10
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v PARTITION IV, MEAN VARIABILITY (MEDIUM)

DIRECT PAIRING
. AN :

r N »
. - ¢

Coefficient of Variation

: \ 0 . .2 .6 1.0
Contrast K GH - K- GH K- GH K GH
(12) 41 -+ 45 28 52 8 69 0 941
' (13) 190 187 162 213 119 349 102 287
Small Sample (14) 496 483 519 534 455 497 445 498
Size Disparity (23} 47 42 35™ 41 28 59 12, 60
(24) 188 184 202 165 191 127 153 177
(34) 45 43 61 35 67 34 91 24
(12) 42 39 14 34 2 57 0 925
(13) 176 173 120 174 64 324 51 287,
Medium Sample (14) 464 440 423 485 380 531 341 559
Size Disparity (23)° 42 40 27 36 31 52 13 65
(24) 199 190 190 . 184 174 154 130 216
(34) 51- 48 69 - 56 70 42 101 42

N ) .
{12) o 22 29 6 - 29 1 51 0 886
(13) 129 118 . 89 148 29 279 20 310
Large Sample (14) - 410 . 385 343 449 271 560 192 666
Size Disparity (23) 41 39 29 38 15 48 5 60
(24) 212 233 183 192 162 174 82 251
(34) 70 62 57 48 59 43 76 37
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J

PARTITION IV, MEAN VARIABILITY (LARGE) -

. DIRECT PATRING ~ - -

— , .
. /’ -
— ¥ «oefficient of Variation .

. 0 . .2 N 1.0
. Contrast K GH - K GH - K GH K GH
(12) 2 102 63 108 27 179 0 1000
) (13) 587 562 548 602 488 791 465 ~718
Small Sample Yo (14) 950 942 937 944 gl11 .918 910 931
Size Dispdtrity (23) 132 130 96 108 79 115 54 148
(24) 3593 571 548 520 520 433 549 593

N ' (34) 134 126 163 112 139 77 207 68 .

(12) 85 79 61 109 15 182 0 1000
. , (13) 479 447 457 545 402 797 359 754
Medium Sample (14) 916 902 928 948 912 952 879 ° 966
Size Disparity (23) 101 1C0 85 88 66 127 37 172
. (24) - 616 584 © 583 568 534 495_ 461 609
(34) 175 169 161 131 165 106 160 69
(12% 65 60 . 46 92 5 130 0 1000
- (13) 429 392 414 492 269 750 200 753
Large Sample (14) 900 865 859 897 836 951 789 978
Size Disparity . (23) 113 113 93 107 66 146 21 . 176
: (24) 607 587 525 547 442 459 398 665
(34) 176 170 141 110 . 125 g5 162 84



PARTITION V

J DIRECT PAIRING
_ Coefficient of Variation ‘
: : .2 .6 - 1.0
Contrast K- GH: K. _.GH K GH K GH
* ’~////—(12) g 7 6 13 0 9 0 8
: (13) ‘15 15 4. 9 0 7 0 11
Small Sample \ {14) 10 12 11 16 7 8 6 12
Size Disparity . (23) 7 6 - 4 6 12 17 0 7
. (24) 6 9 14 10 7 3 .7 8
(34) 16° 17 22 14 25" 9 39 11
(12) 12 8 3 5 0 10 0 4
(13) 11 9 7 10 0 10 0 “17
Medium Sample (14) . 11 9 7 i1 0 6 1 14
Size Disparity (23) 13 11 8 11 2 10 0 13
) (24) 10 8 7 7 10 9 4 13
{(34) " .13 12 19 13 22 14 40 5
7

(12) 11 11 6 13 0 8 0 15
. (13) 13 8 4 13 0 8 0 6
Large Sample . (14) 9 10 4 12 2 13 0 - 15
Size Disparity (23) 7 4 11 13 4’ 8 0 8
(24) 15 14 8 g- 7 11 1 13

\ . 4
\\_“J/\¢34) 15 15 13 7 17 1 26 10

‘.




Small Sample
Size Disparity

Medium Sample

Sige Disparity

Large Sample
Size Disparity

f? PARTITION I, MEAN VARIABILITY (SMALL)

INVERSE PAIRING

Coefficient of Variation

0 .2 .6 1.0

Contrasty ¥ GHL_ K GH K GH K GH

(12) 11 9+ 30 17 52 8 97 13

(13) 15 12 29 16 49 17 51 14

(14) 15 19 25 20 39 20° 53 13

(23) 14 12 16 12 12 12 19 18

(24) 12 10 15 14 5 16 23 15"

{34) 13 13 3 6 3 10 0 11

(12) [12 10 26 8 64 17 136 12

13) 9 12 21 10 52 % .14 104 16

(14) 12 ‘13 19 15 52 v 13 114 16

(23) . 9 g 8 7 15 12 21 9
-~ (24) 14 11 9 6 8 17 28 8

(34) 9 .8 9 10 0 2 0 6

(12) 16 18 37 17 74 16 175 17

(13) - - 13 .- 16 31 22 93 17 129 18

(14) 19 19 31— 24. 82 17 140 .13

(23) 12 10 19 18 20 17 45 10

(24) 12 9 22 21 13 13 53 11
o (34)7 11 10 11 17 2 6 o] 13

. \\v/
" - b
&2 £
|
&
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Ll ' . ' -
PARTITION I, MEAN VARTABILITY (MEDIUM)
! INVERSE PAI’RING. .

Coefficient of Variation

T

188

0
Contrast K GH K GH K GH K GH
(12) . 43 44 .61 42 94 38 146 16
(13) 52 53 67 48 105 31 94 30
Small Sample (14) 60 57 62 60 82 31 100 32
Size Disparity (23) 11, 10 12 13 19 20 15 14
(24) 11 12 16 17 3 10 13 13
(34) 10 i1 2 7 0 7 0 8
o(12) 30 34 45 19 88 16 156 18
(13} 37 39 48 32 86 24 117 .23
Medium Sample (14} 33 35 ’\§8 40 B1 27 134 19
Size Disparity (23) 9 8 8 9 12 9 25 9
- (24) 6 . 6 9 8 5 9 24 9
(34) 18 16 5 9 2 9 0 7
(12) 35 28 59 34 119 28 196 20
(13) 37 37 58 31 108 24 176 26
‘Large Sample (14) 4] 44 57 40 110 30 189 24
Size Disparity (23) 5 5 11 10 19 14 48 14
(24) 10 9 12 9 14 9 59 14
y (34} 10 10 6 11 5 20 0 10



. ™

PARTITION I; MEAN VARIABILITY (LARGE)},

INVERSE PAIRING .

Coefficient of Variatioh

' 0 .2 .6 ‘
Contrast K GH K GH K GH K GH
(12) 88, 82 115 . 78 . 134 .63 216 50
: (13) 92 99 117 81 165 50 199 86
Small Sample (14) = 111 107 135 120 144 77 214 93
Size Disparity (23) 10 9 19 13 5 6 13 8
(24) 9 9 16 13 3 9 10 7
. (34) 13 ‘11 2 9 0 16 0 12
(12) 95 93 108 72 177 54 237 46
(13) 99 110 127 89 183 59 209 49
Medium Sample (14) 119 120 120 85 184 69 219 51
Size Disparity (23) 8 10 18 13 10 9 32 9
(24) 14 12 11° 12 7 9 33 11
(34) 9 11 9 16 2 13 0 13
(12) 77 71 112 54 178 44 278 30
(13) 87 82 107 67 196 54 290 44
Large Sample ~(14) 103 89 120 65 201 49 305 43
Size Disparity (23) 11 8 24 20 14 11 50 12
‘ (24) 10 9 18 16 13 17 54 12
(34) 6 7 5 6 2 11 0 8
("
. -
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" PARTITION II, MEAN VARIABILITY (SMALL)

INVERSE PAIRING

Coefficient of Variation

0 .2 .6
Contrast K- GH K GH K GH K
(12) -~ 4 6 25 10 43 12 105
. (13) 10 14 22 11 61 19 56
Small Sample ' (14) 16 15 20 20 38 12 64
Size Disparity (23) 15 15 20 19 19 20 23
‘ (24) 13 11 13 15 7 17 27
(34) 15 15 5 6 4 11 0
(12). 9 7 20 - 11 50 7 127
(13) 11 10 23 13 67 19 97
- Medium Sample (14) 18 17 24 17 55 . 14 103
Size Disparity (23) 14 16 =~ 24 18 13 11 35
. (24) 13 12 20 22 . 13. 20 41
(34) 10 B - 10 15 2 14 0
(12) 9 9 17 7 64 14 165
(13) 21 19 26 9 76 .18 121
Large Sample (14) 13 10 24 13, 73 15 132
Size Disparity (23) 14 13 20 18 26 15 65
) ' (24) 17 21 20 18 29 30 - 79
(34) 8 9 7 9 4 14 0
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Small Sample

Size Disparity

Medium Sample
Size Disparity

Large Sample
Size Disparity

PARTITION II, MEAN VARIABILITY (MEDIUM)

‘
INVERSE PAIRING

Coefficient of Variation

0 .2 .6 © 1.0
Contrast K GH K GH K GH K GH
(12) 8 12 24 13 51 13 73 8
(13) 41 39 54 35 88 33 92 27
(14) 38 42 46 37 79 32 101 28
(23) 37 33 58 50 41 47 53 46
(24) 44 39 53 58 21 48 57 42
{34) 8 9 6 12 1 14 0 17
(12) 7 10 26 13 58 13 115 18
(13) 44 48 68 45 . 104 24 143 34
(14) 58 54 54 38 92 27 158 28
(23) 38 35 55 - 40 57 49 - 87 .47
(24) 49 44 44 51 43 63 94 48
(34) 7 6 9 18 0 6 0 16
(12) 13 12 20 9 67 4 150 5
(13) 34 32 58 35 117 20 173 24’
(14) 40 40 57 36 106 28 179 . 22
(23) 33 36 69 ° 53 63 42 103 30
(24) 45 46 63 54 49 48 124 31
(34) " 18 18 4 7 3 11 0 19
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PARTITION II, MEAN VARIABILITY (LARGE) .

INVERSE PAIRING

Coefficient of Variaktion

. .0 .2 .6 1.0 .

Contrast - K GH K GH K - GH K GH

(12) 11 10 24 10 47 9 93 13

" (13) 110 105 112 82 169 68 213 76

Small Sample’ L (14) 116 120 123 102, 172 89 215 74
Size Disparity (23) 121 117 128 109 130 120 159 131
‘ (24) 122 116 145 144 106 175 164 133

(34) 8 7 3 7 1 13 0 4

(12) 11 9 18 9 59 14 110 10

- (13) 105 104 133 84 179 50 242 62
Medium Sampdé™ (14) 102 95 133 88 194 63 249 61
Size Disparity (23) 119 112- 142 122 123 100 210 135
{24) 111 110 146 147 131 158 237 133

(34) 9 - 9 3 6 1 7 0 11

(12) 11 14 26 12 57 18 150 13

(13) 83 77 122 70 187 53 273 57

Large Sample (14) 100 86 121 86 185 46 292 53
Size Disparity (23) 111 103 125 103 163 ° 123 236 95
{24) 124 116 137 117 161 149 261 92

(34) 6 S 8 14 2 11 0] 8

3
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Small Sample
Size‘DiSpaﬁity

Medium Sample
Size Disparity

Large Sample
Size Disparity

PARTITION III, MEAN VARIABILITY (:SMALL)

INVERSE PAIRING

Coefficient of Variation

0 .2 .6 1.0
Contrast K GH K GH K GH K GH
(12) 16 16 26 11 52 13 99 16
(13) 32 28 37 26 79 23 68 18
(14) 27 29 42 38 60 22 79 20
(23) 17 21 22 21 14 16 22 13
(24) 18 16 18 20 5 15 20 11
{34) 10 11 5 11 1 13 0 a
(12) 15 16 23 14 59 10 125 11
(13) 28 27 44 24 85 19 117 23
(14) 3g~ 36 35 22 81 . 20 136 22
(23) ‘16 16 15 14 13 12 33 18
(24) i8 19 21 23 8 15 35 16
(34) 11 10 6 13 2. 6 0 12
(12) 12 14 30- g 81 16 167 12
{13) 23 20 49 22 104 21 158 24
{14) 31 33 57 25 100 27 184 24
(23) 15 12 19 13 21 13 69 15
(24) 16 12 17 14 10 14 78 18
(34) 9 12 12 12 2 4 0 9
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Small Sample
Size Disparity

Medium Sample
Size Disparity

Large Sample

Size Disparity

—

PARTITION III, MEAN VARTABILITY (MEDIUM)

INVERSE PAIRING

Coefficient of Variation

0 .2 .6 1.0

Contrast K GH K GH K° GH K ‘GH
(12) 36 31 47 30 83 25 138 19
(13) 208 193 214 156 244 115 294 114
(14) 204 199 212 179 238 128 31Q_ ,123
(23) 38 39 . 45 41 56 ' S8 59 77 44
(24) 35 35 43 44 30 65 63 - 43
(34) - 10 8 ~5 7 2 7 0 15
(12) 37 49 57 31 100 23 156 18
{(13) 157 152 199 135 253 89 313 92
(14) 159 150 214> 157 267 105 332 92
(23) 30 32 55 48 48 39 81 38
(24) 40 41 61 56 36 58 87 39
(34) 4 4 11 12 2 8 0 9
(12) 19 22 &7 35 108 21 207 20
€13) 159 152 186 123 252 84 361 77
(14) 147 137 203 140 246 93 381 76
(23) 43 41 47 34 62 34 135 56
(24) 46 50 50 43 50 45 157 60
(34) 16 12 7 7 4 g9 0 9
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PARTITION III, MEAN VARIABILITY (LARGE) -

. INVERSE PATRING

Coefficient of Variation

0 - .2 .6 1.0

Contrast K -GH K GH K GH K GH -

(12) 97 90 124 88 161 58 230 44

(13) 555 532 546 476 554 346 612 374

Small Sample (14) 578 566 568 525 572 394 621 376
Size bisparity (23) 120 116 134 119 100 97 156 121
- (24) 120 128 125 128 97 174, 174 133

(34) 15 13 5 12 1 18 0 5

(12) 98 104 109 73 195 56 258 56

' (13) . 492 472 542 414 570 316 628 279

Medium Sample (14) 509 488 582 471 615 346 655 283
Size Disparity (23) 109 98 139 113 133 109 196 130
) (24) 121 114 147 146 124 143 221 137

{34) 14 10 13 15 2 12 0 12

\\\%iz) 76 63 113 61 183 46 296 40

: 3) 421 392 474 345 518 215 644 222
Large Sample . da) 444 409 516 392 558 242 660 219

- Size Disparity (23) 109 102" 151 115 137 90 255 102
~ (24) 113 110 . 147 130 145 138 286 108

(34) 12 10 6 11 2 11 0 19
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PARTITION IV, MEAN VARIABILITY (SMALL)

INVERSE PAIRING

-

, Coefficient of Variation

0 . .2 .6 1.0,
Contrast K GH K GH K GH K GH
(12) ° 18 21 26 11 45 4 114 23
(13) 43 44 42 29 61 16 96 36
Small Sample (14) 67 66 82 64 96 40 135 54
Size Disparity (23) 22 24 10 9 12 15 20 19
: (24) 28 28 29 23 17 48 51 39
(34) 25 25. 12 22 2 22 0 260
{(12) 12 16 32 19 57 8 143 9
_ (13) - 31 28 48 25 81 20 110 26
Medium Sample (14) , 54 49 77 52 115 34 180 38
Size Disparity (23) 17 13 22 23 13 9 37 19
(24) 40 42 39 44 27 38 70 32
(34) . 13 12 11 19 8 23 0 266
(12) - 11 14 33 17 71 10 157 12
L (13) 26 26 35 20 102 18 159 26
Large Sample (14) 47 46 78 48 132 32 225 33
Size Disparity (23) 17 16 14 Y 8 26 17 67 14
(24) 25 23 22 19 44 43 115 30
(34) 16 13 11 14 6. 19 0 295
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PARTITION TV, MEAN VARTIABILITY (MEDIUM)

INVERSE PAIRING

Coefficient of Variation

. 0 2 .6 1.0

Contrast K GH K GH K GH K GH

(12) 38 37 72 38 83 31 © 139 22

) ‘ (13) 189 185 224 7 171 246 114 270 104

Small Sample (14) 506 492 531 467 526 338 563 313
Size Disparity (23) 45 48 56 50 45 43 55 36"
(24) 192 176 195 207 166 276 262 211

{34) 61 57 42 62 28 100 0 990

. 3 -

(12) 35 33 63 36 97 24 143 19

‘ (13) 167 162 211 139 251 94 307 88

Medium Sample - (14) 464 443 503 392 524 285 577 230

Size Disparity (23) 43 46 .53 43 58 42 68 30

(24) 216 205 241, 222 242 294 K\}ls 164

(34) 55 57 33 49 37 95 0" 991

(12} 40 31 63 27 , 102 14 197 25

- {13) 131 128 204 128 259 77 353 79

Large Sample (14) 408 365 476 344 500 240 600 187

Size Disparity (23) 31 25 59 44 64 34 129 42

' (24) 188 191 239 203 244 233 © 411 171

(34) 58 61 42 56 41 102 0 991
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PARTITION IV, MEAN VARIABILITY (IARGE)

INVERSE PATIRING

Coefficient of Variation

0 .2 .6 ' 1.0

Contrast K GH K GH K GH K GH

(12) 103 96 139 87 166 64 233 45

(13) 570 556 565 482 590 375 611 350

Small Sample (14) 438 924 934 902 942 . 859 941 773
Size Disparity (23) 129 122 113 101 116 119 133 104
: (24) 592 574 587 584 633 739 645 552

(34) 151 137 119 156 94 283 0 1000

(12} 89 90 127 77 150 42 241 32

] (13) 516 - 484 528 417 531 254 639 271

Medium Sample (14) 920 902 935 867 913 717 931 659
Size Disparity (23) 120 118 129 112 140 121 216 134
(24) 617 591 635 613 675 720 739 569

(34) 134 131 175 211 120 287 16 1000
(12) 83 75 97 54 167 48 267 31

(13) 442 405 477 324 499 214 638 215

Large Sample (14)- 876 826 893 799 875 5358 906 527
Size Disparity (23) 104 101 128 107 138 104 250 102
(24} 595 562 635 573 688 663 770 500

(34) 172 174 187. 205 195 311 76 1000
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PARTITION V

INVERSE PATRING

‘ Coefficient of Variation
o | .2 .6
Contrast K - GH K GH K GH K
(12) 12 13 29 16 132 5 95
‘ - (13) 10 10 © 22 14 28 4 45
Small Sample (14) 9 6 15 12 14 4 48
Size Disparity (23), 11 11 15 11 13 14 16
(24) 13 11 15 15 5 11 15
(34), 8 8 5 8 1 17 0
(12) 6 7 22 10, 44 8 116
(13) 12 13 23 13, 53 7 72
Medium Sample (14) 12 10 15 10 41 8 81
Size Disparity (23) 6 7 17 16 14 & 26
(24) 13 13 13 13 8 13 24
(34) . 15 15 .5 7 1 12 0
¢ )
(12) 8 6 37 14 66 10 139 5
(13) . - 9 14 21 13 74 14 87 8
Large Sample (14) 4 15 19 9 70 14 109 7
Size Disparity (23) 14 12 9 6 19 11 41 8
(24) .15 10. 7 7 4 11 55 8
(34) 14 15 | 7 12 3 11 0 9
: N
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FR'éQUENCY OF OCCURRENCE OF PATTERN TYPES
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PARTITION I, MEAN VARIABILITY (SMALL)

DIRECT PATIRING

By

Coefficient of Variation

. 0 ‘ .2 - ) .6 1.0
Pattern : -
= Type K GH K GH K GH K GH
1 &7 940 932 940 929 - 946 926 937 779
2 49 57 45 52 37 56 52 192
h 3 0 0~ 0 0 0 0 0 1
Small Sample 4 11 11 14 18 16 17 6 21
Size Disparity 5 0 0 1 ™1 1 1 5 3
6 ) 0
- 7 ,// 4
L 8
a
1 946 943 952 932 60 928 975 791
2, 39 43 39 55 - 34 54 22 194
3 0. 0 0 0 0 0 0 0
Medium Sample 4 13 13 7 12 5 17 1 14
Size Disparity” 5 1 - 1 1 0 1 1 2 1
' 6 0 0 0 0 0 0 0 0
7 1 0“0 0 0 0 0 0
8 1 1 0 0 0 0
1 940 936 958 929 981 945 971 833
2 47 50 25 52\ 19 47 28 148
. 3 0 0 0 0 0 0 0 0
Large Sample 4 13 10 16 16 0 6 1 15
Size Disparity 5 0 4 1 3 0 0 0 3
: 6 0 0 0 0 0 0 0 8]
7 0 0 0 0 0 2. 0 1
8 0 0 0 0 0 0 0- 0
B
-\ b - .
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Small Sample
Size Disparity

A

Medium Sample
Si%e Disparity

Large Sample
Size Disparity

\

PARTITION I, MEAN VARTABILITY (MEDIUM)

DIRECT PAIRING

Coefficient of Variation
0 2 .6 1.0
Pattern "' .

Type K GH K GH K GH K GH
1 881 871 908~ 872 925 829 918 49
2 89 90 67 104 51 126 58 B39
3 0 0 0 0 o 0 0 4
4 27 37 18 16 23 39 - 22 92
5 3 2 5 6 1 4 2 3
6 0 0 0 o 0 0 G 3
7 0 0 2 1 0 2 0 I8
8 0 0 C 1 0 0 0 1
9 : 1
1 895 890 918 882 953 862 942 65
2 71 74 63 30 33 105 42 817
3 0 0 0 0 0 0 0 3
4 29 .29 17 23 10 27 12 96
5 4 5 1 3 3 5 4 3
6 0 8} 0 0 0 0 0 2
7 0 2 1 2 1 0 0 8
8 1 0 o 0 0 1 0 0
g 0 0 C 8] 0 0 0 6
1 906 910" 939 891 971 857 957 39
27 70 70 44 77 27 96 39 775
3 0 0 0 0 0 0 0 5
4 21 15 14 28 2 41 4 99

5 2 3 2 3 0 S ‘) 0 3
6 0 0 0 0 0 0 0 3
7 1 1 1 -1 0 1 0 10
8 . 0 1 0 0 0 0 0 1
9 0 0 0 C 0 0 0 5

’ \
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PARTITION I, MEAN VARIABILITY (LARGE)
DIRECT PAIRING
Coefficient of Variation .
0 . .2 -6 1.0
Pattern
Type K GH K GH K GH K GH
1 753 754 782 739 837 608 856 0
. 2 161 157 143 164 l{ﬁf- 273 102 745
3 0 0 0] 0 0 0 0 0
Small Sample 4 54 58 58 70 41 104 36 225
Size Disparity 5 25 25 13 - 21 5 13 4 15
. 6. 0 - 0 0 0 0 0] 0 3
7 5 4 2 4 1 1 2 6
< 8 1 1 2 2 -0 1 0 1
9 1 1 8] 0 0 0 0 5
1 799 805 810 752 876 615 935 0
2 124 123 139 158 95 266 53 723
_ 3 0 0 0 0 0 0 0 0
Medium Sample 4 60 53 43 75 22 90 9 242
Size Disparity 5 17 18 8 15 5 21 3 22
: 6 0 0 0 0 0 0 0 2
7 0 1 0 0 2 7 0 8
8 0 0 0 0 0 1 0 0
S 0 0 0 0 0 0 0 3
- 1 821 830 863 790 936 664 960 0
2 99 106 104 138 55 215 30 678
. 3 0 0 0 0 0 0 0 0
Large Sample 4 53 - 40 25 53 7 99 10 273
Size Disparity 5 24 23 6 15 2 21 0 27
6 0 0 0 0 0 0 0 8
7 2 0 2 -4 0 1 0 9
8 0 0 0 0 0 8] 0 2
9 1 1 0 0 0] 0 0 3
"
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Small Sample
Size Disparity

Medium Sample
Size Disparity

Larée Sample
Size Disparity

PARTITION IT, MEAN VARIABILITY (SMALL)

DIRECT PAIRING

/ .
Coefficient of Variation 3
0 .2 .6 1.0
Pattern '

Type K GH K GH K GH K GH
1 930 924 945 941 936 933 944 954\
2 54 57 43 = 45 51 46 46 24
3 0 0 0 - 0. 0 0 0 0
4 15 18 9 J12 8 14 7 19
5 0 0 3 2 5 6 3 2
6 0 0 0 0 0 0 0 0
7 1 1 0 0 0 1 0 0
8 0
9 1
1 940 945 936 918 961 937 966 944
2 45 45 51 59 36 48 29 26
3 0 0 0 0 0 0 .0 0
4 14 8 11 19 3 14 2 26
‘5 1 2 2 4 0 1 3 4
6 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0
9 0 0 0 0 0 0 0 0
1 939 939 968 949 970 939 978 936
2 45 47 28 45 29 46 22 35
3 0 0 0 0 0 0 0 0
4 12 12 4 6 1 15 0 25
5 3 1 0 0 0 0 0 4
6 0 0 0 0 0 0 0 0
7 1 1 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0
9 0 0 0 0 0 0 , 0 0

. N
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Small Sample

Size Disparity

Medium Sample
Size Disparity

Large Sample
Size Disparity

PARTITION II, MEAN VARIABILITY (MEDIUM)

DIRECT PATIRING

Coefficient of Variation

C .2 .6 1.0
Pattern
Type K GH K GH K GH K GH
1 835 846 860 835 901 B62 914 863
2 124 117 102 119 74 100 43 46
3 0 0 C C 0 0 0 0
4 37 32 35 39 19 34 25 78
5 3 4 -1 3 5 3 18 10
6 0 9] C 0 0 0 0 0
7 1 1 2 3 0 0 0 0
8 1 1 1 0 3
1 843 850 905 872 911 825 949 869
2 97 - 95 67 94 65 127 33 49
3 0 C 0 0 0 0 0 0
4 53 49 26 31 20 40 13 76
5 4 5 2 2 4 ~7 5 -3
6 0 o 0 0 0 0 0 0
A 3 0 0 1 0 0 0 2
8 0 1 0 0 0 1 0 1
1 871 867 893 856 935 831 360 857
2 84 83 86 105 59 131 35 54
3 0 0 O 0 O 0 0 0
4 39 43 16 31 6 30 4 77
S 5 5 2 2 0 6 1 7
6 0 .0 0 0 0 0 0 0
7 1 1 0 3 O 2 0 1
8 0 1 3 3 0 0 0 4
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- /
PARTITION II, MEAN VARIABILITY (LARGE)
DIRECT PAIRING
Coefficient of Variation
0 .2 ) .6 1.0
Pattern

Type K GH K GH K GH K _GH
1 660 656 694 677 775 654 833 691
2 185, 193 185 190 130 191 50 80
3 0 0 0 0 0 0 0 0
Small Sample 4 115 114 91 99 79 129 80 204
Size Disparity 5 13 12 9. 7 9 9 30 9
6 0 ¥ 0 0 0 0 0 1
7 17 16 10 16 5 10 4 6
MF 10 .9 11 - 10 2 7 3 9

9 1
1 695 716 743 703 787 632 Bo4 685
2 191 178 145 168 147 206 69 80
3 0 0 0 0 0 0 o . 0
Medium Sample 4 84 80 90 93 51 133 50 202
Size Disparity 5 8 8 3 7 6 7 12 5
6 0 0 0 0 0 - 0 o 1
7 12 10 15 23 6 12 1 6
B 10 8 4 6 2 9 4 21
9 0 0 0 0 1 1 0 G

b ]
. *

1 729 743 762 705 857 647 941 663
2 159 138 150 176 111 200 38 a3
3 0 0 o 0 0 0 0 0
Large Sample 4 86 102 72 96 27 118 17 222
Size Disparity 5 7 4 6 - 5 1 8 4 2
6 0 0 0 0] 0 0 0 0
7 14 7 B 13 4 16 0 14
8 4 5 2 5 0 11 0 15
9 1 1 0 0 8] 0 0 1
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Small Sample
Size Disparity

. Medium Sample
Size Disparity

LLarge Sample
Size Disparity

PARTITION TIT, MEAN VARIABILITY (SMALL)

DIRECT PAIRING

Coefficient of Variation

0 1.0
Pattern

Type K GH K GH K GH K GH
1 920 931 924 914 936 889 941 751
2 58 46 63 70 42 91 44 207
3 0 0 0 0 0 0 0 1
4 19 21 8 12 18 17 11 36
5 5 1 3 1 3 2 4 2
6 0 0 0 0 0] 0 0 1
7 2 1 2 3 1 0 o 1
8 0 0 0 0 0 1 0 - 1
1 922 917 938 918 958 887 953 740
2 52 59 55 67 32 92 37 211
3 8] 0 0 0 0 0] 0 0
4 23 21 6 13 8 18 6 36
5 3 3 1 1 2 3 4 7
6 0 0 0 0] G 0 0 2
7 0 0 0 1 0 0 0 2
8 0 0 C ¢ 0 0 0 0 1
9 0]

10 1
1 924 918 958 923 964 895 962 776
2 53 60 36 62 30, 78 38 168
3 0 O 0 0 0 0 0 1
4 17 16 3 12 4 21 0 49
5 6 3 0] O 2 6 0] L
6 0 0 0 0 0 0 0 1
7 0 1 2 2 .0 0 0 3
8 0 -0 1 1 0 0 0] 1
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PARTITION IIT, MEAN VARTABILITY (MEDIUM}

DIRECT PATIRING

Coefficient of Variation

6] .2 .6 1.0
Pattern
Type K GH K GH K GH K GH
1 672 672 693 660 742 522 764 38
. 2 183 182 17¢ 183 168 281 146 576
ﬁ 3 0 0 0 0 o 0 0 0
Small Sanmple 4 118 121 86 116 66 154 69 264
Size Disparity 5 18 18 17 17 12 27 18 35
6 0 0 0 0] 0 0 0 32
7 5] 4 17 14 ) 9 2 28
8 3 3 - 8 10 5 5] 1 0
9 1 25
10 2
1 690 690 758 692 828 572 838 37 -
2 179 169 154 176 126 268 100 519
3 0 0 0 0 0 0 0 0
Medium Sample 4 91 104 74 105 42 131 49 286
Size Disparity 5 23 21 9 22 2 20 11 49
& 0 0 0 0 0 0 0 39
7 13 14 4 4 1 5 1 41
8 4 2 1 1 1 3 1 0
9 1 27
10 2
1 724 744 762 687 897 566 534 67
2 . 158 142 143 169 75 280 46 496
3 a 0 0 0 0 0 0 0
Large Sample 4 90 = 88 76 0 112 27 134 17 302
Size Disparity S 21 17 13 23 0 12 3 44
& 0 0] 0 0 0 0 0 33
7 6 8 4 8 0 5 0 27
8 1 1 2 1 1 2 0 2
9 1 29
10
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PARTITION ITI, MEAN VARIABILITY (LARGE)

DIRECT PAIRING

Coeffici%pt of Variation

- 0 S L2 .6 1.0
Pattern ‘

Type K GH K GH K - GH K GH
1 255 269 . 261 217 270 96. 264 0
2 213 229 246 248 324 303 382 96
‘ 3 0 0 0 0 0 0 0 0
Small Sample 4 321 305 323 342 271 360 253 387
Size Disparity 5 102 98 75 98 46 117 27 272
y 6 0 1 0 g 0 0 0 59
7 77 64 62 61 67 90 68 39
8 30 31 33 34 |, 22 25 5 0
9 2 3 o . 0 0 9 1 131
10 : 16
1 305 316 318 247 373 116 412 0
2 217 213 276 264 - 297 271 368 94
3 0 0 0 0 0 0 0 0
Medium Sample 4 295 304 291 325 247 374 148 357
Size Disparity 5 84 76 42 77 23 125 25 289
' 6 0 0 0 0 46 0 0 43
7 63 61 53 64 14 75 42 28
8 31 27 19 23 0 32 5 0
9 5 3 1 0 0 -5 G 157
10 2 32
1 382 414 404 302 534 155 598 0
2 218 215 245 250 245 243 267 71
3 0 o 0 0 0 0 0 0
Large Sample 4 261 244 258 296 175 393 100 303
Size Disparity 5 54 55 33 70 16 93 15 329
6 0 1 0 -0 0 1 0 33
7 - 60 50 39 58 20 84 18 29
8 22 18 - 20 20 9 27 2 0
9 3 3 1 4 1 3 0 205
10 1 30
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Small Sample
Size Disparity

Medium Sample
Size Disparity

Large Sample
Size Disparity

' PARTITION IV, MEAN VARIABILITY (SMALL)

DIRECT PAIRING

Coefficient of Variation

] 2 b 1.0
Pattern ’

Type K GH K GH K GH K GH
1 882 876 883 866 g8sg 851 923 718
2 79 83 81 97 74 110 48 213
3 0 -0 0 0 0 0 0 0
4q 31 33 27 31 31 35 16 56
5 6 - 5 6 4 6 . 2 12 6
6 0 0] 0 0 0 0 0 1
7 2 3 3 1 1 2 1 3
8 0 0 0 1 0 0 0 1
9 2
1 881 885 893 868 925 867 941 " 745
2 85 76 78 g5 55 95 .- 45 185
3 0 0 0 0 0 0 0 0
4 24 27 25 34 16 ) 32 9 59
5 7 10 2 1 4 4 5 4
6 0 e 0 0 0 0 0 0
7 2 1 2 1 0 2 0 7
8 1 1 0 1 o 0 0 0
1 863 862 925 892 852 872 964 752
2 94 103 60 . 82 35 94 30 181
3. 0 o] 0 0] 0 0 0 0
4 36 30 15 25 9 30 3 56
5 6 - 4 O 1 4 3 3 6
6 0 0 0] 0 0 0] 0 1
7 0 1 0 0 0 1 0 4
8 1' 0 0 0 0 0 0 0
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PARTIE;ON IV, MEAN VARIABILITY (MEDIUM)

DIRECT PATIRING

Coefficient of. Variation

0 ) .6 1.0
Pattern _ :
Type K GH K GH K GH K GH
1 414 417 410 388 460 338 498 24
2 274 283 282 294 288 306 276 345
3 0 0 o) 0" 0 0 0 0
Small Sample 4 223 214 213 225 183 254 152 332
Size Disparity 5 44 42 43 42 44 | 41 55 83
6 0 0 0 0 0 0 0 28
7 26 29 39 34 18. 46 18 115
8 17 13 . 12 14 - 7 14 1 0
9 1 2 0 3 0 1 0 65
10 1 0 1 0 0 0 0 . 8
1 443 467 479 421 549 328 618 27
2 256 240 268 286 247 306 202 309
3 0 0 0 0 0 0 0 0
Medium Sample 4 197 199 190 206 146 260 109 334
. Size Disparity 5 47 40 32 44 38 45 60 80
6 - 1 0 0 1 0 2 0 21
) 7 44 44 25 33 . 12 43 8 115
8 12 10 4 8 } 8 13 3 . 5
9 0 0 2 o[ o 3 0 96
10 0 o} 0 1 0 0 0 13

!

1 474 467 559 452 649 336 771 27
.2 258 274 236 277 201 289 126 240
3 0 0 0 0 0 0O - 0 1
Large Sanmple 4 193 196 149 195 115 274 62 359
Size Disparity 5 32 29 28 37 28 47 38 114
6 0 0 0 0 0 0 0 12
7 34 23 23 30 6 39 1 125
8 11 10 5 B 1 13 2 7
9 0 I 0 1 0 2 0 106
10 0 0 0 0 0 0 0 9
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Small Sample
Size Disparity

Medium Sample
Size Digparity

Large Sample
Size Disparity

PARTITION IV, MEAN VARIABILITY (LARGE)

DIRECT PAIRING -

Coefficient of Variation

-0 1.0
Pattern
Type K GH K GH K GH K GH
1 27 32 33 28 61 26 54 -0
2 118 128 155 150 195 111 217 18
3 .0 0 .0 0 0 0 0 0
4 333 362 369 363 350 331 278 126
5 157 135 129 124 120 153 170 202
6 0 1 0 0’ 0 0 1) 13
7 221 202 187 200 189 239 222 124
B 94 * 90 73 78 59 78 31 0
9 36 43 48 51 24 58 28 414
10 14 7 6 6 2 4 0 103
1 38 51 49 - 35 62 16 68 0
2 167 174 157 138 226 86 311 5
3 0 0 0 0 0 0 0 0
4 322 336 359 351 348 315 308 107
5 146 153 154 149 131 161 135 205
6 0 2 0 2 0 0 0 6
7 196 176 190 215 155 244 148 115
8 72 64 57 61 47 95 22 0
9 48 34 30 43 29 67 8 437
10 1l 10 4 6 2 16 0 125
1 46 59 97 61 133 22 179" 0
2 178 192 192 188 294 116 319 6
3 0 0 0 0 0 0 0 0
4 338 353 344 319 - 321 345 270 84
5 140 136 116 125 104 134 136 199
6 1 1 1 1 0 0 0 5
7 181 163 161 190 98 219 82 114
8 72 61 53 74 41 107 12 0
9 38 30 28 - 35 8 47 1 432
10 6 5 8 7 1 10 1 160
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Small Sample
Size Disparity

Medium Sample

Size Disparity

Large Sample
Size Disparity

«

PARTITION V

DIRECT PAIRING

Coefficient of Variation

0 .2 .6 1.0
Pattern

Type K GH K GH K GH K GH
1 950 946 953  .946 959 956 958 961
2 39 43 35 .- 43 31 35 34 22
3 0 0 0 0 0 0 . 0 0
4 9 10 10 8 10 9 6 16
5 2 0 1 2 0 0 2 1
6 0 0 0 0 0 0 0 0
7 0 1 1 1 0 0 0 0
8 0 0 0 0 0 0 0 0
1 946 953 959 953 969 950 960 960
2 40 39 32 38 28 42 36 18
3 0 0 0 0 0 0 0 0
4 12 6 8 8 3 7 3 19
5 2 2 1 1 0 1 1 2
6 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 o’ 1
1 944 . 952 957 947 976 958 974 954
2 43 36 41 42 19 29 25 - 31
3 0 0 0 0 0 0 0 0
4 12 11 1 8 4 9 1 7 g
5 0 "0 1 3 0 1 0 6
6 0 0 0 0 0 0 0 0
7 1 0 0 0 1 0 0 0
8 0 0 0 0 0 .3 0 0
9 0 0 .
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PARTITION I, MEAN VARTABILITY (SMALL)

INVERSE PAIRING

" Coefficient of Variation

0 .2 .6 1.0
Pattern
Type K GH K GH K GH K GH
1 937 938 917 938 894 940 863 949
2 47 49 52 43 69 4] 70 24
3 0 0 0 0 0 0 0 0
Small Sample 4 15 13 27 15 20 15 28 21
Size Disparity 5 1 0 4 4 15 3 39 6
6 0 0 0 0 0 0 0 0
7, 0 0 0 0 2 1 0 0
8 0 0 0 0 0 0 0 0
K 9 0 0 0 0 0 0 0 0
1 945 949 932 956 886 949. 800 956
2 45 39 49 33 56 32 74 24
3 0 0 0 0 0 0 0 0
Medium Sample 4 10 11 14 10 39 14 55 13
Size Disparity 5 0 1 4 1 ~19 5 67 6
6 0 0 0 0 0 0 0 0
7 0 0 1 0 0 0 1 0
8 0 0 0 0 0 . 0 0. 0
9 0 0 0 0 0 0 0 1
10 : 3 0
1 936 938 885 917 835 943 751 © 953
2 47 43 69 55 79 36 77 24
3 0 0 0 0 0 0 0 0
"~ Large Sample 4 15 - 18 27 20 53 13 70 15
Size Disparity 5 2 1 7 5] 32 8 87 6.
6 0 0 0 0 0 Q- 0 0
7 L 0 0 1 2 1 0 1 0
i 8 0 0 1 0 0 0 6 0
( 9 0 0 0 0 0 0 3 0
N 10 N 5 2
N
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»

pARTIﬁON I, MEAN VARTABILITY (MEDIUM)
INVERSE PAIRING%

_Coefficient of Variation

- ~ 0 -2 6 . 1.0
Pattern . e
Type K GH K GH K GH K GH
B B
1 865 865 '851 873 824 914 807 936
2 93 93 94 | 82 88 47 82 23
' . , 3 0 0 e, 0 0 0 0 0
Small Sample o4 - 32, 32 39 30 49 27 47 33
Size Disparity "5 7 7 16 15 ‘38 12 64 8
6 ) 0 0. 0 jzggi 0 0 9,
7 . 3 3 0 0 - C -0 0 0
-8 W= 0 0 O 0 6] -0 .0 0
N 9. 0 0 o + 0 0 0. 70 0

-~

903 892 975 | 912 846 932 778 951

1
2. 67 82 85 64 71 48 78 23
.3 20 ;0 0 0 0o 0. 0 0~
Medium Sample . 4 24 \IZZ 33 20 46 14 358 16
Size Disparity. ~ 5 5 3 6 _ 3 36 6 83, 10
: 6 0 ‘0 grt 0 0 0 0 0
7 1 1 0o, 1 0 0 0
8 0 0 0o "0 0 0 1 0
9 0 0 1 1 0 0 1 0
10 . 1
_ 1 900 906 868 908 800 © 921 708 940
. o _— 2 70 64 78 61 86 .45 83 24
R R 0o 0 0 o * 0 . o -0 0
LarJe, Sample . 22 21 37 19 55 23 61 24
L\Eigg/hisparity -~ 5 8 9 16 : 11 51 8 132 12
. 6 0 .0 0 0 0 0 0 0
. . 7 0 0 1. 1. 6 2 2 0
8 - 0 0 0 0 0 0 7. 0
9 0 0 0. 0 2 177 2 0
10 0-- 0 0 0 0 0 5 0

3
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PARTITION I, MEAN VARIABILITY (LARGE)

- INVERSE PAIRING

““Q
a ' Coefficient of Variation
- , Q- -2 « 6
Pattern -
’ Tvype K GH K GH K GH K
1 771 772 747 787 © 763 871 711
2 153 155 137 ‘134 100 66 74
. 3 0 0 0 0 0 0 0
Small Sample 4 58 57 82 58 63 35 74
Size Disparity 5 17 15 30 20 71 24 136
. 4 6 0 0 9] 0 .0 0 0
7 .1 1 3 ] 1 3 0
B 0 0] 0 0 0 C 3
9 0 ") 1 1 1 1 0
10 1 2
1 775 777 766 823 703 875 676
& 2 135 123, 121 98 125 64 87
. 3 0 0 0 0 0 0 0
Medium Sample 4~ 62 68 .68 5 80 35 79
Size Disparity .. 25 29 38 -~ Zak\ 87 24 150
0. 0o .0 . 0 o 0. 0
2 2 1) 3 3. 1 -0
\\\\ & , 1 1 0 1 T 1 1
: / 0. .0 1 1 1 0 4
o 0 0 0 0 0 3

\

' =
WML NHWNE Kq?u3m~40\m

811 826 785 = 864 679 883 594
109 104 98 70 130 67 80

- o .0 0 0. 0 0
Large Sample a‘ 55 48 63 40 9%:7“ 31 112
Size Disparity - 22 22 48 23 91 19 192

0 0 0 o ' 0 0 0

3 o 6 3 1 0 1

0 0 0 0 0 0 8

: o . 0 0 0 0 0 3
1 0 0 0 0 0 0 " 10
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PARTITION II, MEAN VARIABILITY (SMALL)

() INVERSE PAIRING
‘ K Pattern
Tvipe K _—~ GH K GH K GH K
1 ‘939 940 915 933 892 937 848
. 2 49 45 69 56 58 42 73
3 0 0 0 0 0 0 0
Small Sample. 4 12 14 12 8 36 14 37
"Size Disparity 5 0 1 4 3 12 6 38
6 0 0 0 0 0 0 0
7 0 0 0 . 0 2 1 2
8. #] 0 0 0 0 0 2
1 944 947 912 929 882 940 . 807
2 42 40 63 49 59 38 59
: 3 0 0 0 0 IR N 0o 0
Medium Sample "~ 4 11 11 17 19 37 19 61
Size Disparity 5 1 0 .8 3 19 3 67
' 6 0 0 0 0 0 0 0
7 0 0 0 0 2 0 4
8 2 2 0 0 1 0 1
9 0
10 i! 1
1 - 936 934 912  .942 839 922 747
2 : 49 52 68 44 91 57 66
3 0 0 0 o, © 0 0
Large Sample 4 12 13 14 12+ 46 14 80
Size Disparity 5 3 1 5 2 26 7 93 4
6 0 0 0 0 0 0 0 0
7 0 0 1 0 1 0 2 Qo
8 0 0] 0 0 2 0 5 2
9 - 4 0
10 3 0
&
/.
A
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PARTITION II, MEAN VARIABILITY (MEDIUM)

INVERSE PAIRING

<

Coefficient of Variation

218

.2 .6 1.0
Pattern
Type . K GH K GH K GH_. K GH
1 -+ 873 875 837 851 819 872 808 898
2 86 86 98 100 103 76 57 40
3 0 : 0 0 0o - o0 0 0 0
Small Sample 4 33 29" 53 42 57 45 88 58
Size Disparity 5 3 7 8 5 18 6 37 3
6 0 0 0 . 0 0 * 0 0 0
J 7 5 3 3 2 2 1 8 1
8 0 0 1 0 1 0 2 0
p 849 853 820 854 789 871 722 891
2-ﬂ“\\\106' 99 120 97 107 84 70 38
: 3 0 0 . 0 0 0 0 0 0
Medium Sample * 4 39 46 44 39 69 37 110 60
Size Disparity 5 , 5 2 11 7 26 6 78 8
6 0 0. 0 0 0 0 0 0
7 0 0 % 3 5 2 7 3
8 1 0 0 0" .3 0 12 0
1 867 B70 819 861 755 884 656 921
2 92 86 110 94 128 84 84 32
3 0 0 0 0 0 0 0 0
Large Sample 4 32- 34 55 36 77 28 152 42
Size Disparity 5 8 9 11 6 34 3 89 4
6 0 0 0 0 0 0 0 1
. "7 1 1 2 2 3 0. 3 0
8 0 0 3 1 , 3 1 13 0
9 2
10 1



PARTITION II, MEAN VARIABILITY (LARGE)

INVERSE PAIRING | 9

Coefficient of Variation

0 2 .6 1.0
Pattern '

Type K GH - K GH K GH K GH
, 1 685 686 670 707 629 699 621- 778
2 170 182 183 175 175 . 158 59 40
3 0 0 0 0 0 0 0 0
Small Sample 4 120 -107 101 86 148 119 213 162
Size Disparity 5 6 6 13 5 19 5 63 11
: 6 0 0 0 1. 0 1 0 0
7 16 15 21 15 19 12 9 2
8 3 4 ir 11 9 - 6 32 7

9 1 ' 1 0

10 3

. .

i 1 705 705 655 717 Q26 © 746 543 780
. 2 166 177 177 151 141 - 136 68 50
3 0 -0 0 0 0 0 0 0
Medium Sample 4 99 34 122 101 161 99 237 153
Size Disparity 5 11 7 9 5 37 11 88 9
6 0] 0 0 0 0 0] 0 1
A 16 15 21 16 27 7 14 2
8 3 2 16 10 8 1 49 5

9 * 1
1 718 734 . 681 ° 741 597 . 747 494 833
2 163 151 150 140 148 130 66 . 32
‘ 3 0 0 0 0. 0 0 0.° 0]
Large Sample 4 93 95 125 100 - 177 105 248 124
Size Disparity 5 9 7 16 8 32 9 108 5
' ' & 0 o 1 0 0 1 0’ )3
7 9 9 20 6 27 2 17 0
8 8 4 7 4 17 6 56 4
g 1 -2 4 1

4 ;O / 7.
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PARTITION TIT, MEAN VARIABILITY (SMALL) ' o
INVERSE PAIRING

Coefficient of Variation

0 .2 « B 1.0
Pattern :

Type K GH K GH K GH K GH
1 910 904 885 901 868 931 846 948
2 63 72 84 73, 77 4] 65 27
3 0 0 0 0. 0 0 0 0
Small Sample - 4 24 23 27 v 24 31 23 46 20
Size Disparity 5 3 1 3 1 24 4 40 5
6 0 0 0 0 0 0 0 0
7 0 0 B 1 0 -1 1 0

» B : 2 '
1 908 907 905 923 853 940 787 937

2 67 69 60 . 52 72 42 62 30

3 0 0 0 0 0 0 0 0
Medium Sample 4 20 18 22 17 49 .14 75 27
Size Disparity 5 2 3 11 7 - 26 B 69 5
o $6. 0 0 0 0 0 0 0 0
7. 2 2 1 1 0 .0 1 1
8 1 1 0 0 0 6 0

923 924 878 937 924 937 699 937

1
2 ©, 53 54 75 36 87 40 78 31
3 0" 0 0 0 0 0 0O 0
Large Sample 4 19 17 33 23 38 15 108 26
Size Disparity 5 5 4 10 3 45 6 100 S
6 . 0 0 0] 0 0 0 0 0
7 0 1 3 0 a 2 0
8 o 0 1 1 1 0 7 1
9 ' 1 1 2
10 4 -
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PARTITION III, MEAN VARIABILITY (MEDIUM)

INVERSE PAIRING

Coefficient of Vartation

0 .2 .6 1.0
Pattern
Type K GH K GH K GH K GH
1 663 679 660 713 651 763 622 818
2 189 185 162 153 135 109 55 39,
3 0 0 0 0 0 0 0 0
Small Sample 4! 4 108 96 134 103 131 99 181 117
Size Disparity 5 23 23 29 20 65 ° 19 110 14
- 6 0 0 0 0 0 0 0 2
7 11 9 11 6 " 11 7 11 3
8 6 8 3 4 6 1 21 5
. 9 1 1 1 1 0 2
10 ' 1
1 736 732 652 737 630 799 584 851
2 141 155 167 131 127 102 57 31
3 0 <0 0 0 o - 0 0 0
Medium Sample 4 88 81 120 94 153 .78 193 100
Size Disparity 5 22 20 42 27 75 18 131 14
g . 6 0 0 0 0 0 0 0 1
* 8 5 12 5 12 2 8 1
8 5 6 5 5 3 1 25 1
‘9 0 1 2 1 0 0 1 0
10 : 1 1
1 726 738 686 771 635 830 502 848
2 149 145 152 113 125 82 60 31
3 0 0 0 0 0. 0 0 0
Large Sample 4 102 87 112 - 81 130 62 191 99
Size Disparity 5 12 16 47 26 85 17 176 - 15
6 0 0 0 0 0 1 0 3
7 3 9 9 7 18 6 17 1
8 8 5 - 4 1 4 2 49 3
9 0 0 0 1 3 0 1 0
10 4
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PARTITION IIT, MEAN VARIABILITY (LARGE)

INVERSE PAIRING

Coefficient of Variation

0 .2 .6 1.0
Pattern ' . .
. Type K GH K GH K GH K GH
1 257 267 280 336 293 434 292 499
2 234 229 204 197 177 193 43 51
3 0 0 0 0 0 0 0 0
Small Sample 4 313 330 290 285 309 252 327 373"
Size Disparity 5 86 73 109 80 143 56 221 42
6 0 0 0 0 0 0 0 1
7 73 67 77 67 ° 53 39 37 9
8 32 31 39 33 21 20 77 24
9 5 3 1 2 2 5 1 1
10 2 1 2 0
. ]
1 321 333 270 375 284 505 263 602
2 223 233 198 203 144 154 41 50
30 0 0 0 0 0 0 0 0
Medium Sample 4 278 272 313 273 274 226 305 243 °
Size Disparity 5 85 88 99 66 177 52 240 52
v 6 S0 0 0 0 0 0 0 1
7 64 52 69 47 70 33 26 - 6
8 24 20 45 31 44 27 113 44
9 4 1 6 5 -5 2 3 2
10 1 1 0 0 2 1 9 0
1 396 425 ¥ 329 450 313 588 224 667
2 220, 217 . 179 183 144 162 43 51
3 0 0 0 0 0o _ 0 0 0
Large Sample 4 225 231 292 251 280 179 276 209
Size Disparity 5 75 61 102 54 1567, 40 264 40
6 0 0 0 0 1 1 0 4
7 56 40 54 41 60 22 35 7
8 27 25 40 19 35 7 135 22
9 1 1. 4 2 7 .0 B 0
10 0 0 0 0 4 1 17 0
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PARTITION IV, MEAN VARIABILITY (SMALL)

INVERSE PATIRING

Coefficient of Variation

0 o2 s 1.0
Pattern .

TYype K GH K GH K GH K GH

1 845 842 856 885 849 889 785 667

2 113 118 98 80 88 80 82 263

3 -0 0 0 0 0 0 0 0

Small Sample 4 37 31 36 28 45 28 ° 67 47
Size Disparity 5 3 4 7 5 15 2 53 10
4 6 0 0 0 0 0 0 0 4

7 1 4 2 1 2 1 11 .4

8 1 1 1 1 1 0 1 1

9 1 4

10
\ .

P//“ 1 878 883 B39 868 815 902" 730 682

2 83 82 104 - B8 103 70 93 258

X 3 0 0 0 0 0 0 0 0

Medium Sample 4 33 27 46 38 50 22 88 48"
Size Disparity 5 4 S 9 6 25 3 80 2
6 0 0 0 0 0. 0 0 8

7 2 3 2 0 5 3 2

8 0 0 o 0 2 0 ébﬁ 0

9 1

1 894 898 863 907 786 897 641 657
2 75 69 S1 66 99 73 135 293 -

3 0 0 0 0 0 Qg - 0 0

Large Sample 4 26 30 36 21 66 25 102 36
Size Disparity 5 -4 2 9 5 42 3 94 3
6 0 0 0 0 0 0 0 6

7 1 1 1 1 4 1 10 2

8 0 0 0 0 ) 1 11 0

g 7 | ‘ 1 7 3
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PARTITION TV, MEAN VARIABILITY (MEDIUM)

X INVERSE PAIRING
Coefficient of Variation
0 .2 .6 1.0
Pattern : j '

Type K GH K ' GH K GH K GH
1 401 415 - 369 406 388 442 326 6
2 287 283 275 293 263 297 - 283 541
3 0 0 o ' o 0 0 0 1
Small Sample 4 213 213 237 212 231 190 190 - 279
Size Disparity 5 47 44 58 ¢ 39 65 37 102 34
' 6 0 0 o - 0 0 0 0 84
7 32 27 47 ' 39 38 23 76 5
8 15 11 13 11 - 13 8 18 0
9 4 6 1 . 0 2 2 5 44
10 1 1 \NO S0 0 1 o 6
1 427 444 392 456 367 476 295 5
2 274 263 250 '296 242 291 273 654
3 0 0 o .0 0 0 o 0
Medium Sample - 4 202 209 238 ‘170 234 166 198 193
Size Disparity 5 46 44 55 33 77 32 112 29
) 0 0 0 0 o A 0 0 - 78
7 40 27 47 134 . 54 25 - 83 6
8 10 12 15 10 20 8 29 0
9 1 1 3 1 4 2 10 32
10 2 3
1 493 505 391 496 372 535 234 7
2 248 263 283 275 241 281 237 667
3 0 o, O 0 ) 0 0 0
Large Sample 4 179 168 - 197 168 222 140 201 195
Size Disparity 5 49 38 63 26 84 21 146 12
6 0 0 0. 1 0 0 ~ 0 72
7 22 17 47 26 54 17 119 -3
8 7 7 17 8 17 3 44 1
9 1 1 2 -0, i 2 15 39

10

1 1 3 1 4 3
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PARTITION IV, MEAN VARIABILITY {(LARGE)

INVERSE PAIRING

Coefficient of .Variation

. 0 .2 .6 1.0
- Pattern '
'Type K GH K GH K GH K GH
1 38 46 . 36 51 27 36 27 0
2 121 129 146 170 - 127 138 135 96
' 3 0 0 0" 0 0 0 0 0
Small Sample 4 314 335 306 323 298 329 248 299
Size Disparity 5 155 144 145 137 160 182 150 192
6 0 0 0 1 0 2 0 144
7 233 218 216 197 229 171 284 1
8 83 80 78 62 92 67 82 - 0
9 42 36 61 52 52 65 68 221
L 10 14 12 12 7 15 10 6 47
3
1 47 56 39 68 45 83 24 0
2 159 164 146 173 124 189 95 148
p 3 0 .0 0 0 0 0 0 0
Medium Sample 4 294 326 271 301 271 . 339 .222 - 327
Size Disparity 5 144 138 159 158 155 170 122 158
6 0 1 0 1 0 3 0 123
7 216 187 194 160 234 113 295 1
8 89 78 97 "73 91 54 126 0
9 42 40 76 57 68 . 45 93 199
10 9 10, 18 9. 12 4 22 43
11 . c 1 1
//./—
1 67 84 57 100 °~ 38 112 25 0
2 . 166 189 . 139 201 126 265 103 250
3 ' 0 0 0 .0 0. 0 O 0
Large Sample 4 316 332 305 332 288 329 193 322
Size Disparity 5 163 153 146 137 165 115 113 128
6 1 1 0 3 -0 8 1 125
7 172 145 . 196 138 196 - 90 - .245 3
8 72 60 .83 49 79 30 141 0
9 37 27 60 33 79 39 121 148
~ 10 6 9 14 7 29 12 55 23
A1l 3 1
A “

225



Small Sample
SiZze Disparity

Medium Sample
Size Disparity

Large Sample
Size Disparity

PARTITION V

INVERSE_PAIRING ~

Coefficient of Variation

4] .2 « 0 1.0
Pattern
Type K GH K GH K . GH K GH
1 949 954 926 943 931 959 881 957
2 39 33 53 41 51 30 58 25
3 0 0 0 0 8] C 0 ]
4 - 12 13 15 13 12 - 8 22 14
5 0 0] 5 2 6 3 39 3
6 0 0 0 0 0" 0 0 1
7 0 o 1 1 0 0 0 Q
B 0 0 0 0 0. 0 #] Q‘
1l 948 946 927 947 899 958 840 957
2 43 45 - 53 38 57 33 71 16
3 0 0 0 0 0 0 c 0
4 6 7 18 14 30 6 34 19
5 2 2 2 1 12 2 a4 8'
6 0 - 0 0 0 0 0 0 0
7 1 0 0O ' 0 1 1 o 0
8 0 0 0 0 0 0 3 0
9 : 0 4 0
10 1 4 0
1 939 945 927 952 861 947 778 973
2 49 41 51 36 69 39. 85 12
3 0 o -+ 0 0 0 0 0 1
4 11 11 17 11 44 10 70 12
5 1 3 5 o1 24 4 60 3
. b ] 0 0 0 0 0 0 0
7 0 0 0 0 v 1 0 3 0
8 0 0 0 0 1 0 3 0
9 -0
10 1
- -
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