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Much of the controversy surrounding dummy variate multiple regression ap-
proaches to nonorthogonal analysis of variance would be cleared up if a
criterion could be accepted for deciding what constitutes a proper generalization
of the classical analysis of variance for orthogonal factorial designs. It is
proposed that a general multiple regression solution be interpreted as testing
analysis of variance effects only if it results in an estimation of the same
parameters and tests of the same hypotheses that might otherwise be estimated
and tested in an orthogonal design involving the same factors. A method which
satisfies this criterion is identified, and a simple procedure for examining
equivalence in orthogonal and nonorthogonal cases is suggested.

Although it is true that there appears to
be considerable confusion among psycholo-
gists about the appropriate application of
multiple regression and correlation methods
for analysis of variance of data from non-
orthogonal designs (Appelbaum & Cramer,
1974), it is the belief of the present authors
that this confusion is more apparent than
real. The appearance of confusion is lessened
if one carefully discounts a few obviously
erroneous and naive comments that have
made their way into the literature and if one
also recognizes the tendency of certain other
writers to imply discrepancies where none
exist. More convincingly, the feeling of doubt
about this highly useful approach can be
eliminated if a simple criterion can be pre-
sented whereby any interested reader can
verify for himself what is and what is not an
appropriate generalization of classical analysis
of variance to nonorthogonal designs. Al-
though the primary purpose of this article is
to provide a definition and method of evalu-
ating the appropriateness of analysis of vari-
ance interpretation for nonorthogonal designs,
it is first necessary to clear the air by com-
menting very briefly on several recent articles
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that would otherwise cast a cloud of sus-
picion on the recommendations presented here.

Wolf and Cartwright (1974) claimed that
a discrepancy between Cohen (1968) and
Overall and Spiegel (1969) prompted them
to discover a "correct" method for coding
dummy variates and purportedly to demon-
strate that the 1,0, — 1 effects coding advo-
cated by Overall and Spiegel does not yield
correct results in nonorthogonal analysis of
variance. Not only is the perceived discrepancy
between the previous authors a misunderstand-
ing on the part of Wolf and Cartwright, but
the results that they themselves presented
clearly verify that the 1,0, — 1 effects coding
advocated by Overall and Spiegel produces re-
gression coefficients that are estimates of the
usual analysis of variance parameters. Other
computational and logical errors in their arti-
cle can easily be recognized and have been
cited by others (Bogartz, 197S). Thus, dis-
regard of the erroneous conclusions by Wolf
and Cartwright is appropriate and intentional.
The reader can take some comfort in the fact
that there is no substantive disagreement be-
tween Cohen (1968) or Cohen and Cohen
(1975) and Overall and Spiegel (1969).
Cohen has tended to emphasize the flexibility
of multiple regression and correlation as a
general data-analytic technique, while Overall
and Spiegel have been more concerned with
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the delineation of a narrower set of methods
that are more consistent with conventional
analysis of variance interpretation. Yet, there
is no substantive disagreement between these
authors on coding or analysis as far as con-
ventional analysis of variance effects are
concerned.

Rock (1974) has added to the appearance
of controversy by rediscovering and misin-
terpreting the fact noted by Overall and
Spiegel (1969, p. 319) and by numerous other
authors that the component sums of squares
in nonorthogonal designs add to the total
sum of squares only when Method 3 is
used. He offers the curious conclusion that
SSril — JPa.-.fy.afry) is identical for all meth-
ods, but that its complement, SSrCR2^,^.,^,..,.),
is not the same for the different methods
described by Overall and Spiegel. Evidently,
from the remainder of his discussion, Rock
means that the particular treatment effects
are underestimated in Method 1 and 2 analy-
ses because "the correlated components are
dropped" (p. 1013). However, this is not
actually the case either because the com-
ponent sums of squares for Method 1 may
add to either a larger or a smaller total than
the component sums of squares for a Method
3 analysis of the same data. Thus, Rock's
preference for Method 3 analysis should be
discounted on technical grounds, even before
one considers the criterion of equivalence of
hypotheses that are tested in orthogonal and
nonorthogonal designs.

Several writers have generated controversy
by describing alternative methods which lead
to similar results (Gocka, 1973; Overall &
Spiegel, 1973a, 1973b;"Rawlings, 1972). In
a recent article, Appelbaum and Cramer
(1974) included Overall and Spiegel (1969)
among authors who have "confused the issue
with unnecessary proofs, antiquated 'approxi-
mate' methods, and the implication that non-
orthogonal designs are special cases to be
avoided at all costs" (p. 335). Whatever the
faults of our previous work, any reader can
verify that they do not include any one of
those just mentioned. Such comment is all
the more surprising because Appelbaum and
Cramer then proceeded to outline a strat-
egy for the comparison of models of varying

complexity (pp. 340-341), which strategy is
that described by Overall and Spiegel (1969)
as Method 2 and which analysis is accom-
plished directly in a single pass by a com-
puter program presented by Overall and Klett
(1972). Rather than contributing to a con-
sensus in the field, their article leaves the
reader with further doubts that there is any
agreement at all. Since we recognize that
Appelbaum and Cramer have presented a
lucid discussion of Method 2, much of the
controversy is more apparent than real.

Authors who propose alternative computa-
tional methods while implicitly or explicitly
disavowing the appropriateness of other equiv-
alent solutions have done much to contribute
to the apparent confusion. Bogartz (1975)
questions the validity of concern over the
"coding problem" while presenting only an
alternative computational formula. He implies
that the computational solution obviates en-
tirely the problem of coding; yet the X
matrix in his formula contains a 0-1 code
vector for each individual, and by his own
statement the transformation matrix H con-
sists of the coefficients of linear contrasts
among treatment means. That is exactly what
dummy variate coding represents! l At most,
he has merely presented an alternative com-
putational method in which dummy variate
coding is incorporated into transformation
matrices that are applied to previously com-
puted mean vectors. It would be interesting
to see his solution for a complex nonorthog-
onal design involving 10 or more factors with
almost invariably some empty cells. If suc-
cessful, he will have coded (at least implicit-
ly) a full rank design matrix, will have made
decisions about contrasts which are tanta-
mount to transformation to dummy variate
coding, effects coding, contrast coding, or non-
sense coding (Cohen & Cohen, 1975), and
his results will be identical to those obtained
alternatively from equivalent coding in a mul-
tiple regression solution.

Having hopefully dispelled some of the
doubts about simple 1,0, — 1 effects coding

1 Throughout this article dummy variate is em-
ployed in a generic sense to indicate artificial vari-
ates. Cohen prefers to distinguish between different
types of artificial variate coding with dummy coding
designated as one particular type.
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for a multiple regression approach to non-
orthogonal analysis of variance, let us now
consider the problem of defining a solution
for the nonorthogonal case which is consistent
with the usual interpretation of analysis of
variance effects in orthogonal designs. The
original article and subsequent comments by
Overall and Spiegel (1969, 1973a, 1973b)
have had the aim of pointing out that several
strategies which have been recommended by
different authors for dealing with problems of
nonorthogonality actually result in the testing
of different hypotheses. The strategy that ap-
peared most often to be recommended in ap-
plied statistics texts involves basically a
"main effects" model with tests for inter-
action effects included as a safeguard against
departures from additivity (Rao, 1965;
Snedecor & Cochran, 1967; Winer, 1971).
The analysis proposed by Appelbaum and
Cramer (1974) follows this logic, and the
analysis proposed by Rawlings (1972) yields
identical results, with the possible exception
of using a pooled error term (Overall &
Spiegel, 1973a). Thus, on the basis of popular
acceptance, the approach designated as
Method 2 seemed to us the one most appro-
priate for analysis of experimental data in-
volving disproportionate cell frequencies.

Rather than merely accepting popular usage
as the basis for choosing the general linear
regression solution which is most nearly equiv-
alent to conventional analysis of variance for
balanced experimental designs, the contro-
versies that have followed have caused us to
seek a more rational criterion for choice
among alternative methods. The criterion we
propose is that the method for the analysis
of variance of data from nonorthogonal de-
signs should estimate the same parameters
and test the same hypotheses as can other-
wise be estimated and tested in a balanced
analysis of variance experimental design in-
volving the same factors. We emphasize that
it is the conventional analysis of variance
model and effects that are under consider-
ation; alternative models and functions of
population parameters are considered by
Cohen (1968) and Cohen and Cohen (1975).

The procedure which is proposed for verify-
ing that a particular method of analysis satis-
fies the analysis of variance criterion is to

generate data for orthogonal and nonorthog-
onal designs involving exactly the same a, /3,
and a/3 parameters and then to determine
which method of analysis yields the same
parameter estimates in the orthogonal and
nonorthogonal cases. In Table 1 data are pre-
sented for a two-way analysis of variance de-
sign. In each cell there are three observations
above the dotted line and either none or
three below the dotted line. The three obser-
vations above the line in each cell can be
considered to represent data for a balanced
two-way design with three observations per
cell. It will be noted that (not by coincidence)
the three scores below the dotted line, in
cells in which they are present, duplicate those
above the line. This mechanism is employed
to change the cell n without altering the
mean. The reader will appreciate that dupli-
cation of certain scores does not invalidate
the analysis of variance.

Any interested reader can verify that ex-
actly the same parameter estimates result
from an analysis of the orthogonal (n = 3)
and nonorthogonal designs when one codes the
research factors using 1,0, — 1 effects coding,
represents the interaction vectors by multi-
plication, and uses Method 1 as described by
Overall and Spiegel (1969). The same cell
means can be calculated using the partial re-
gression coefficients from either the orthogonal
or nonorthogonal analysis as parameter esti-
mates. The "adjusted means" for the A and
B main effects in the nonorthogonal case are
precisely the row and column means of the
(n = 3) orthogonal design. The general re-
gression constant in the nonorthogonal case
is the unweighted mean of all the cell means
and hence precisely the grand mean in the
orthogonal case. Thus, the 1,0, — 1 effects
coding in the nonorthogonal case provides
estimates of the effects that one would expect
for the same factors in a balanced experi-
mental design. Timm and Carlson (in press)
provide an analytic demonstration of this
same conclusion for the more mathematically
inclined reader.

Although the parameter estimates, and thus
the effects being tested, are identical in the
orthogonal and nonorthogonal cases, the non-
orthogonal analysis involving larger total N
yields larger F ratios than the orthogonal
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analysis for testing the same main effects and
interactions present in Table 1. In a sub-
stantial series of previously unreported Monte
Carlo studies, analyses of nonorthogonal de-
signs have been compared with analyses of
orthogonal designs obtained by randomly
eliminating observations in certain cells of
the nonorthogonal design to render all cell
frequencies equal. The larger total N in the
nonorthogonal analysis routinely provides
greater power in testing the same hypotheses
than can otherwise be tested by eliminating
observations to artificially balance the design,
as anticipated by Cohen (1969, chap. 8). On
the other hand, for the same total N, equal
cell frequencies provide greater power in tests
of the same hypotheses than may otherwise
be tested in a nonorthogonal design. For the
same total N, the more disproportionate the
cell frequencies, the lower the power in test-
ing conventional analysis of variance effects.
Nevertheless, the effects estimated and the
hypotheses tested in the two cases are the
same.

Overall and Spiegel (1969, 1973a, 1973b)
previously recommended Method 2 as being
consistent with strategies advocated by the
majority of authors of well-known statistics
texts for the analysis of data from designs in-
volving unequal and disproportionate cell fre-
quencies. However, neither Method 2 nor 3
as described by Overall and Spiegel (1969)
nor the frequency-weighted coding described
by Gocka (1973) yield identical parameter
estimates for the orthogonal and nonorthog-
onal cases represented in Table 1. Appelbaum
and Cramer (1974) and Rawlings (1972)
proposed strategies for the analysis of non-
orthogonal designs that are similar to Method
2; thus, the proposals by these authors also
result in analyses that fail to yield the same
main effect parameters in orthogonal and non-
orthogonal cases in which a true but non-
significant interaction is present. On the basis
of these types of comparisons of orthogonal
and nonorthogonal cases, it is concluded that
1,0, — 1 effects coding of dummy variates and
Method 1 analysis (which is fully simul-
taneous for all effects) is the appropriate
nonorthogonal generalization of conventional
analysis of variance for balanced factorial de-
signs. The same type of coding followed by

TABLE 1

DATA FOR ORTHOGONAL AND NONORTHOGONAL
DESIGNS GENERATED TOR THE SAME

ANALYSIS OF VARIANCE MODEL

Bi Bg Bg

3
6
9

3
6
9

5
6
8

10
12
9

6
4
7

6
5
7

6
S
7

11
13
15

11
13
IS

9
12
14

3
5
8

12
8
10

12
8
10

Method 2 analysis (which is simultaneous
only for main effects) is appropriate for test-
ing main effects, as is the equivalent Appel-
baum and Cramer (1974) strategy, only if it
can be assumed a priori that no true inter-
actions exist. Method 3 analysis (which is
hierarchical and uses an a priori ordering of
all main effects and interactions), used with
any method of coding, can never be expected
to test the same hypotheses in a nonorthogonal
design that can otherwise be tested in an
orthogonal design involving the same factors.
The criterion of equivalence in orthogonal
and nonorthogonal designs that has been pro-
posed here seems clearly to favor Method 1
with 1,0, — 1 effects coding of dummy vari-
ates as described by Overall and Spiegel
(1969), and thus we find ourselves in agree-
ment with Carlson and Timm (1974).

The intent of this discussion is to emphasize
the equivalence of parameter estimates and
tests of significance in orthogonal and non-
orthogonal designs, which is not to be con-
fused with the question of estimability of
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main effects in the presence of true inter-
actions. With regard to what we intend by
the estimation of main effect parameters that
are equivalent for orthogonal and nonorthog-
onal designs, the following Monte Carlo dem-
onstration can be convincing. Let one indi-
vidual generate data according to the analysis
of variance model and restrictions specified as
follows:

where e is N(Q,<re
2) with restrictions Sa = 5j8

= Sa/J = 0. Give the data to someone else
who does not know the parameter values used
to generate the data. The second party can
obtain unbiased estimates of the main effect
and interaction parameters as long as the
model and restrictions employed to analyze
the data are the same as those used in gener-
ating them. This is true for either the or-
thogonal or nonorthogonal case. Thus, our
position appears consistent with Scheffe
(1959, p. 110), who stated that tests of main
effects are valid regardless of the true values
of the interactions, although the interpreta-
tion may be difficult if interactions are pres-
ent. Again, it is not the point of this discus-
sion to argue the question of estimability, but
only to emphasize that the situation is directly
equivalent in orthogonal and nonorthogonal
cases.

The problem with which we have been con-
cerned, in view of the growing use of general
linear regression methods for the analysis of
experimental data, is that different methods
test hypotheses which are different from those
tested in ordinary balanced experimental de-
signs; yet all are described as analysis of
variance and the effects that are tested are
interpreted as main effects and "interactions"
in the usual analysis of variance conception.
We should not presume to deny the informed
investigator the great flexibility of general
linear regression methods for the analysis of
experimental data using a variety of models
(Cohen, 1968; Cohen & Cohen, 1975). He
should, however, clearly understand the hy-
potheses that he is actually testing and be
able to communicate their nature in a truly
understandable manner to the general scien-
tific audience to which his work is addressed.

The terminology of conventional experimental
design analysis of variance should not be used,
without explicit qualification, to describe re-
sults from analyses that test hypotheses that
are different from the main and interaction
effects usually tested in balanced experimental
designs.
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