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Calculation of Adjusted Response Frequencies
Using Least Squares Regression Methods
John E. Overall

University of Texas Health Sciences Center at Houston

The use of general linear regression methods for
the analysis of categorical data is recommended.
The general linear model analysis of a 0,1 coded re-
sponse variable produces estimates of the same re-
sponse probabilities that might otherwise be esti-
mated from frequencies in a multiway contingency
table. When factors in the design are correlated,
the regression analysis estimates the same response
probabilities that would be estimated from the
simple marginal frequencies in a balanced ortho-
gonal design. The independent effects that are es-
timated by the regression analysis are the un-
weighted means of the response probabilities in
various cells of a cross-classification design; how-
ever, it is not necessary that all cells in a complex
design be filled in order for the estimates to have
that interpretation. The advantages of the general
linear model analysis include familiarity of most
psychologists with the methods, availability of
computer programs, and ease of application to
problems that are too complex for development of
complete multiway contingency tables.

The estimation of response probabilities is one
of the most important measurement problems in
psychological research. The proportion of sub-
jects producing a &dquo;positive&dquo; response in a given
situation is the relative frequency estimate of re-
sponse probability. In many situations, however,
it is desirable to measure response probabilities
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independent of a variety of nuisance variables.
This article examines the utility of a general
linear regression model for estimating response
probabilities that would obtain if the effects of
several nuisance variables were controlled ex-

perimentally. Although the primary concern of
this article is with the measurement aspects of
the problem, some attention will be paid to tests
of significance for differences in estimated re-
sponse probabilities in different treatment

groups.
The analysis of categorical response variables

has generally been viewed as a quite different
problem from the analysis of normally dis-
tributed quantitative variables. Although sev-
eral contingency table procedures have been
proposed for estimating the independent effect
of a single factor among several correlated fac-
tors (Koch, Johnson, & Tolley, 1972; Mantel,
1963; Shaffer, 1973), they require the construc-
tion of complete multiway contingency tables
and hence are of restricted utility with regard to
practical problems of categorical data analysis
involving several control variables. As a conse-
quence, this article examines the pragmatic use
of widely available ANOVA and MANOVA

computer programs to accomplish analyses of
categorical response variables by the same gen-
eral linear regression methods that can be used
to control for numerous nuisance variables in

the analysis of quantitative dependent measures.
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The general linear model regression solution
has much to recommend it over contingency
table approaches where several partially con-
founded factors are involved. First and perhaps
most important is the fact that it is often im-

practical to acquire enough data to provide rea-
sonable estimates of response frequencies in the
individual cells of a multiway contingency table.
With only six independent factors, each involv-
ing two or three levels, and one dependent vari-
able having three categories, the total number of
cells might be (2x3x3x2x2x2) x 3 = 432. To ob-
tain a sufficient n in each of 432 cells to provide
a minimally stable estimate of response prob-
ability would seem practically impossible, par-
ticularly since some combinations of the inde-
pendent factors might be difficult to find. The
general linear model approach can provide good
estimates of the independent effects of six or
more factors plus their simple interactions with
a feasible sample size, because it is not necessary
to fill all cells of the multiway table.
Other reasons why the linear model approach

is preferable are (1) computer programs are

widely available and familiar to most psycholo-
gists ; (2) the results to be presented demonstrate
adequate robustness; and (3) the adjusted cell
proportions can be estimated from the general
linear model with only trivial calculations, even
though all of the individual cells cannot be esti-
mated directly from the raw data. Limitations
on utility of the general linear model for analysis
of categorical data include poor fit to rare re-
sponses and increasing standard error as the in-
dependent factors become highly confounded.
General guidelines for excluding such cases will
be proposed.

Estimating Response Probabilities
as Means of 0,1 Variables

The key to interpretation of general linear
model regression estimates of response probabil-
ities is the recognition that the mean of a 0,1
coded response variable is the proportion (or
relative frequency) of &dquo;positive&dquo; responses. Let a

positive response be coded 1 and a negative re-
sponse be coded 0. The sum of the 0,1 coded
variable is IT = n, where n is the number of 1
scores. The mean of the 0,1 coded variable is
IT/N = nlN, or the proportion of the total N
that is coded 1.

Few readers of this journal will be surprised by
the mean of a simple 0,1 coded response variable
being the proportion of the total sample for
whom the response was coded 1. The question of
concern in this article is whether the adjusted
means for a 0,1 response variable in a nonortho-
gonal design can properly be interpreted as the
response probabilities resulting from the effects
of one factor with the effects of other factors

held constant. Three types of evidence will be
considered to support that interpretation.

First, the equivalence of orthogonal and non-
orthogonal designs will be established for the
case of a 0,1 coded dependent variable. In a
multifactor orthogonal design, the independent
effects of each factor on a categorical response
variable can be estimated from the marginal re-
sponse frequencies because the effects of all fac-
tors have been experimentally balanced. In a
nonorthogonal design, the least squares regres-
sion method provides estimates of the same re-
sponse probabilities that are estimated from the
marginal response frequencies in a balanced de-
sign involving the same factors. This is an exten-
sion of the argument used by Overall, Spiegel,
and Cohen (1975) in proposing a criterion for
equivalence of orthogonal and nonorthogonal
designs for ANOVA with quantitative de-

pendent variables.
The second type of evidence offered in justifi-

cation of general linear model analysis of 0,1
coded categorical response variables comes from
monte carlo studies. The true population re-

sponse probabilities in various cells of ortho-

gonal and nonorthogonal multiway designs were
defined by parameters of a linear model. Cate-
gorical response data were generated by sam-
pling from populations having those true re-

sponse probabilities. The categorical responses
were coded 0,1 and entered as dependent vari-
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ables in a general linear model ANOVA to ob-
tain estimates of the independent effects of each
factor on the response probabilities. Across a
series of simulations, the results tended to con-
verge on the population response probabilities.
The ANOVA tests of significance were found to
be nonconservative in the case of nonorthogonal
designs, but conservative interpretation should
result in valid inferences.
The third type of evidence that is offered in

favor of general linear model analysis of cate-
gorical data involves the duplicate analysis of
real data on alcohol abuse that could be ana-

lyzed first by parametric methods and then di-
chotomized for analysis as a categorical de-

pendent variable. The comparability of results is
offered in support of the validity of general
linear model analysis of categorical data.
Although the examples to be considered in

this article involve 0,1 coded binary response
variables, no restriction to binary data is im-

plied. A multicategory response variable can be
expanded into k different 0,1 binary response
variables. That is, a single binary variable can be
created to represent membership in each cate-
gory of a multicategory response variable. The k
binary response variables can then be analyzed
by any of several general linear model ANOVA
or MANOVA computer programs that produce
the equivalent of a Method 1 analysis as de-
scribed by Overall and Spiegel (1969). Alterna-
tively, the 0,1 response variables can be entered
as dependent variables in a multiple regression
analysis, with the independent variables being
0,1,-1 dummy variates resulting from &dquo;effects

coding&dquo; of the various factors whose inde-

pendent effects on response probabilities are to
be evaluated.
Whereas Grizzle, Starmer, & Koch (1969) and

Koch et al. (1972) have considered linear model
analysis of multiway contingency tables, this
article concerns multiple regression analysis of
categorical response variables, obviating the
need to construct contingency tables. In the

simple examples of the next section it will be

convenient to display the data in condensed con-

tingency table format; however, such repre-
sentation becomes unwieldy or impossible as

the number of factors multiplies. The general
linear model regression analysis handles more
complex cases without difficulty.

Comparlson of Estimates
of Response Probabilities from

Orthogonal and Nonorthogonal Designs

The proportion of positive and negative re-

sponses in each cell of a multiway contingency
table is a relative frequency estimate of the re-
sponse probability for that combination of fac-
tors. The purpose of this section is to confirm

that general least squares regression methods
can be used to obtain estimates of the inde-

pendent effect of each factor in a multiway de-
sign, irrespective of whether the sample sizes in
various cells of the design are equal or unequal.
As long as the proportions of positive and nega-
tive responses remain constant in the various
cells of the design, the estimates of response
probabilities obtained from the general linear
model analysis of 0,1 coded categorical response
variables do not change simply because more
subjects are added to some cells of the multi-
factor design but not to others.
An estimate of the independent effect of each

factor in a multiway design is desired. One way
to be confident that the effects being examined
are due to a particular factor, and not to some
other, is to balance the presence of the various
factors in the design. For example, an equal
number of males and females might be included
in each treatment group to ensure that the ap-
parent treatment differences in response prob-
abilities are not actually due to superabundance
of female subjects in one of the treatment

groups. When it is not feasible to allocate sub-

jects in equal numbers among the various cells
of a multiway design, a method of statistical
analysis is required that will provide estimates of
the same response probabilities that could be es-
timated in a balanced design involving the same
factors. This section demonstrates that least
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squares regression estimates of response prob-
abilities in a nonorthogonal design are estimates
of the same response probabilities that would be
obtained from a balanced design involving the
same factors. The general linear model analysis
estimates the same parameters (response prob-
abilities) in nonorthogonal designs that can be
estimated from the simple marginal frequencies
in a balanced orthogonal design.
In Table 1 are presented frequencies of suc-

cess (S) and failure (F) in two multiway con-
tingency tables. In the orthogonal table, there
are N = 10 subjects in each of the six cells of the
A x B design. In the nonorthogonal table, the
sample size varies from one cell to the next. The
important comparability of the two tables re-
sides in the fact that the proportions of S and F
responses are the same in comparable cells. The
marginal frequencies differ, not because the ac-
tual response probabilities differ in any cell, but
simply because of differences in the numbers of
subjects observed in the various AB treatment
combinations.

For analysis by the general linear regression
method, the S responses were coded 1 and the F
responses were coded 0. The independent fac-
tors of the A x B design were coded 0,1,-1 as de-
scribed in detail by Overall and Spiegel (1969).
The complete Method 1 analysis was ac-

complished as described by those authors. In
Table 2 are presented estimates of the effects of
Factors A and B on the probabilities of S as cal-
culated from the marginal frequencies in Table
1. For comparison, the adjusted means from the
general linear model ANOVA of the 0,1 coded
response variable for the nonorthogonal design
are shown in the right-hand column. It can be
seen that the adjusted means from the nonortho-
gonal ANOVA are estimates of the same re-

sponse probabilities that were estimated by the
marginal frequencies in the orthogonal design.
For the simple examples of Table 1, equivalent

estimates of the independent effects of Factors A
and B could be obtained in other ways. The fre-

quencies in each cell of the A x B design could
be transformed to proportion of S and the esti-

Table 1
Orthogonal and Nonorthogonal Designs with Equal Response

Probabilities in Corresponding Cells
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Table 2
Estimates of the Independent Effects of Factors A and B

on Response Probabilities in Orthogonal
_______ 

and Nonorthogonal Designs

mates of main effects for Factors A and B calcu-
lated as the unweighted means of the cell pro-
portions. The results would be identical for the
orthogonal and nonorthogonal cases. The point
emphasized here is that the same results can be
obtained using least squares regression meth-
ods. The advantage is that the linear model an-
alysis is much more general than is the com-
plete contingency table approach. With appro-
priate assumptions concerning absence of high-
er order interactions, it can be used to partial
out the effects of several nuisance variables, even
though it would be impractical to consider a
complete multiway table in such cases. The gen-
eral linear model analysis of 0,1 coded response
variables and balanced multiway contingency
tables yield identical estimates of the inde-

pendent effects of various factors on response
probabilities in simple cases where direct com-
parison is possible. The inference offered here is
that the two approaches should be comparable
in more complex situations if it were possible to
compare them.

It is important to emphasize that the recom-
mended procedure for estimation of adjusted re-
sponse probabilities in the analysis of cate-

gorical data involves &dquo;effects coding&dquo; of inde-
pendent factors and Method 1 strategy, as de-
scribed by Overall and Spiegel (1969) and Over-

all, Spiegel, and Cohen (1975). Several compu-
ter programs for nonorthogonal ANOVA or
MANOVA include such analysis as an option.
The BMD 05V, P2V, and 10V (Dixon, 1973),
and the SAS (GLM) Type IV (Barr, Goodnight,
Sall, & Helwig, 1976) analyses produce Method
1 results. Programs that fit a hierarchy of in-
creasingly more complex models, such as the
MANOVA program of Clyde, Cramer, and
Shervin (1966) or the MULTIVARIANCE pro-
gram (Finn, 1976), can be used to obtain appro-
priate adjusted proportions and tests of signifi-
cance by successively entering each factor of in-
terest last in the list of independent factors. The
SPSS multiple regression program (Nie, Hull,
Jenkins, Steinbrenner, & Bent, 1975) can be
used to accomplish the analysis by simply coding
independent factors 0,1,-1 and the dependent
factor 0,1. Thus, numerous standard computer
programs exist that can be used to estimate ad-

justed response probabilities in the analysis of
categorical data.

Monte Carlo Studies of ANOVA
with Categorical Response Variables

Lunney (1970) accomplished an extensive
monte carlo study of the robustness of ANOVA
techniques for analysis of 0,1 coded binary re-
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sponses. The investigation covered a variety of
fixed effects ANOVA models with equal num-
bers of observations in each cell. His conclusion
was that ANOVA tests of significance are ade-
quately unbiased if the proportion of responses
in the smaller response category is equal to or
greater than .2 and there are at least 20 degrees
of freedom for error, or if the proportion of re-
sponses in the smaller response category is less
than .2 but there are at least 40 degrees of free-
dom for error.
While Lunney’s work is important in suggest-

ing robustness of the ANOVA tests on binary re-
sponse variables, the design of his studies had
some shortcomings that limit generalizations to
problems of primary concern to the present
author. First, the designs he investigated all in-
volved equal numbers of subjects per cell. This
meant that one of the chi-square or log linear
model techniques for analysis of multiway con-
tingency tables could have been used so that
there was no need to force the data into an
ANOVA. The concentration on equal cell fre-
quencies leaves unanswered the question of ef-
fects of nonorthogonality on the ANOVA tests of
binary response variables. In most applications
where multiple nuisance variables require statis-
tical control, equal cell frequencies cannot be
expected.
As D’Agostino (1972) has pointed out, another

primary limitation of the Lunney studies of

alpha protection (Type I error rates) was that the
same response probabilities were present across
all cells in the two- and three-way designs. That
is, all effects were null. A major question about
the use of ANOVA with binary response vari-
ables concerns heterogeneity of variance, since
the binomial cell means and variances are p and

p(1 - p), respectively. It is important to evaluate
protection against Type I errors in the testing of
some null effects in the presence of other true ef-
fects. The presence of true effects will result in

pooling of unequal cell variances into the error,
even though one or more effects in a complex de-
sign may be truly absent. It is important to know
whether the Type I error rate remains conserva-
tive in that event.

On the positive side, D’Agostino (1972)
showed close algebraic similarity between
formulae for the usual ANOV A F statistic and
the contingency chi-square that is ordinarily
considered more appropriate for analysis of fre-
quency data. Moreover, logic suggests that the
central limit theorem must hold in the long run,
with binomial sampling distributions approach-
ing normal as lV increases.
In view of the criticisms that have been raised

with regard to previous simulation studies, a
series of monte carlo studies was undertaken to
evaluate possible bias in parameter estimates
and tests of significance in more realistic de-
signs. Stochastic binary response data were gen-
erated for a 2&dquo; factorial design using a random
binary generator. The expected binary response
frequency in each cell was determined by a
linear model that included three nonzero main
effect parameters and one simple interaction.
All other effects were absent in the model used
to generate the data. The linear model that de-
fined the population response probability for
each cell in the 24 design was of the following
form:

The model used to analyze the data included
all four main effects, all two-way, and all three-
way interactions. Tests of significance were thus
provided for 4 effects that were truly present and
10 effects that were truly absent in each analysis.
Three hundred analyses were accomplished for
balanced (equal cell frequency) designs with nijkl
= 2, 8, and 16. Six hundred analyses were ac-
complished for a nonorthogonal 2° design with
cell frequencies of 12 and 4 distributed in such a
manner that the phi-coefficient between Factors
A and B was <~ = .50.
The results from analyses of orthogonal four-

way designs involving different sample sizes are
presented in Table 3. The true values of the pa-
rameters that actually determined response
probabilities are shown in the first column. Esti-
mates of those parameters, averaged across runs
of 300 analyses are presented in the next three
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columns. As expected, the complete general
linear analysis provided very good estimates of
the true effects in the binary response data. The
remaining columns of Table 3 indicate the ob-
served proportion of time the null hypothesis
was rejected for each effect tested. The extent of
bias in alpha protection appears minimal in
tests of significance for main effects and interac-
tions that are truly zero in the population. At
a = .05 the null hypothesis was rejected approxi-
mately 5% of the time, and at a = .01 the null
hypothesis was rejected approximately 1% of the
time. Sample size does not appear to influence
alpha protection for the analysis of binary re-
sponse variables in a balanced factorial design.
Next, the same linear model was used to de-

fine binary response probabilities in a four-way
design, but the cell frequencies were varied to
produce a substantial correlation between Fac-
tors A and B. Specifically, nijlcl = 12 for all cells
in which i = j, and nijlcl = 4 for all cells in which i
# j. As stated earlier, this produced a correla-
tion of ~ _ .50 between Factors A and B. Results
from 600 analyses of a binary response variable
in that nonorthogonal design are presented in
Table 4. It can be seen that the parameter esti-
mates obtained in analyses of binary response
data in this substantially nonorthogonal design
converged quite closely on the true population
values. Thus, the parameters estimated from
analysis of the nonorthogonal design can be
recognized to be the same as the parameters es-
timated in the orthogonal design that involved
the same true effects (Table 3). The tests of sig-
nificance in Table 4 appear somewhat biased in
a nonconservative direction; however, the bias
does not appear substantial enough to invalidate
their use as a basis for statistical inference. With
factors no more correlated than ~ _ .50 or .60,
interpretation of the true alpha to be twice the
tabled values would appear appropriately con-
servative.
Numerous other monte carlo simulations of

nonorthogonal designs have been accomplished,
but the presentation of additional tables of re-
sults is perhaps not required. Two other cases

should be mentioned, however. It is often said
that the most difficult problem from the point of
view of regression adjustment in nonorthogonal
designs is one in which the unequal cell fre-
quencies correlate highly with the dependent
variable. A monte carlo series was run in which
the rank correlation between observed cell fre-

quencies and the true response probabilities
across 16 cells of a 24 design was 1.00. That is,
the same linear model that determined the true

population response probability in each cell also
determined the sample size in that cell. Re-

sponse probabilities ranged from .40 to .90, and
the cell sample sizes ranged from 4 to 9 in per-
fect rank correlation with the true response
probabilities. The results were consistent with
the conclusion that an appropriately conserva-
tive approach is to simply double thep value for
F tests on dichotomous response variables in

nonorthogonal designs. Power of the tests of ef-
fects which were truly present in this series was
somewhat greater than the power represented in
results of Table 4 because the variability in cell
sample sizes was not as great, even though the
correlation with true response probabilities was
perfect. The mean parameter estimates, which
determine the adjusted response frequencies,
were as close in this series as in other cases for

which tabular results are presented.
Another difficult case that was examined by

monte carlo methods involved a nonorthogonal
design with an empty cell. The same 24 model
was employed with 8 observations in each cell
except that nl&dquo;1 = 16 and n,,~~ = 0. The results
from a series of 300 analyses of data generated
to have expected response frequencies deter-

mined by the same parameters indicated in

Tables 3 and 4 revealed near perfect mean esti-
mates of those parameters and nonconservative
bias in tests of the null effects. Again, the results
were consistent with the recommendation that
actual alpha level should be considered double
the tabled values when ANOVA F tests are em-

ployed as a basis for inferences concerning the
significance of treatment effects on response fre-
quencies in nonorthogonal designs. The degree
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Table 4
Mean Parameter Estimates and Relative Frequencies of
Rejection of the Null Hypothesis From 600 Analyses
of a Four-way Nonorthogonal Design--

of bias in the F tests is related to the degree of
nonorthogonality; so caution is advised where

experimental and/or control variables correlate
with one another greater than about ~ _ .60;
that is the highest degree of nonorthogonality
that the present author has examined regarding
analysis of categorical response variables.

Effects of Sex and

Occupation on Alcohol Abuse

Another way to evaluate the validity of regres-
sion adjustment of categorical response vari-
ables is to examine data that can be considered

appropriate for ordinary analysis of variance,
subject it to such analysis, and then arbitrarily
categorize it for reanalysis as a binary dependent
variable. In this section, a practical problem of
some considerable social significance will be ex-
amined in the two forms.
Sex differences in the frequency of alcohol

abuse have often been reported. A question of
fundamental importance is whether the ob-
served differences are biological or sociocul-

turally determined. Basic demographic data
were recorded for a sample of 705 patients re-
ferred for psychological testing at the University
of Texas Medical Branch in Galveston. Alcohol
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Table 5

Summary of One-Way ANOVA of Sex Differences Using
4-Point Alcohol Behavior Scale as Dependent Variable

behavior was recorded in four categories: ab-
stain, moderate, frequent, and problem drink-
ing. Previous analyses of these data have re-

vealed that the four categories represent an
ordinal scale of alcohol abuse.
Recent investigations by Woodward and Over-

all (1977) have confirmed that 4-point
ordered-category scales can be appropriately
analyzed by parametric ANOVA methods.

Thus, in this report, a general linear analysis of
the 4-point ordinal scale data will serve as a
meaningful standard against which to compare
results from analysis of the same data with the
response variable coded in binary form.

In Table 5 is presented the summary of a
simple one-way ANOVA undertaken to evaluate
sex differences in alcohol abuse using the 4-
point scale of alcohol behavior as a dependent
variable. A highly significant sex difference in
mean alcohol behavior scores is apparent when
other factors are disregarded. The summary of a
two-way Sex x Occupation ANOVA is presented
in Table 6. Those results indicate that the sig-
nificant sex difference in alcohol behavior disap-
pears when differences due to occupation are
partialed out. The method of analysis and inter-
pretation were same as discussed by Overall,

Spiegel, and Cohen (1975). Because interest here
is in illustrating the potential of general linear
model analysis of categorical data, no further
discussion of the results obtained from analysis
of the 4-point alcohol behavior scale will be
undertaken at this time.
The alcohol behavior data were next coded 0,1

in two categories. Frequent and problem drink-
ing were coded 1 to represent alcohol abuse and
abstain and moderate were coded 0 to represent
nonabuse. The 0,1 coded dummy variate was en-
tered as the dependent variable in a Method 1
least squares regression analysis, which was in
this instance accomplished using the MANOVA
program described by Woodward and Overall
(1974). That program calculates and prints out
adjusted means in the case of nonorthogonal de-
signs, which in this instance can be interpreted
as adjusted proportions. The MANOVA pro-
gram also calculates sums of squares and if tests
for each dependent variable separately, as well
as the multivariate tests of significance. In this
analysis, only a single 0,1 dependent variable
representing alcohol abuse was analyzed be-

cause the proportions of nonabuse are compli-
ments to the proportions of abuse. It should be
noted in passing, however, that it is convenient

Table 6

Summary of Two-Way Sex x Occupation ANOVA Using
4-Point Alcohol Behavior Scale as Dependent Variable
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Table 7

Summary of One-Way ANOVA of Sex Differences in
Zero-One Coded Alcohol Abuse Variable

to code each category of a multicategory re-
sponse variable as a separate 0,1 variable and to
enter the multiple dependent variables into a
MANOVA program to obtain directly the ad-
justed probabilities for all categories of the re-
sponse variable.
The 0,1 coded alcohol abuse scores were first

analyzed in a simple one-way design to calculate
the proportions of alcohol abuse for males and
females, disregarding other factors. Results
from the simple one-way ANOVA of the 0,1
coded response variable are presented in Table 7
for comparison with the results in Table 5. Next,
the same binary coded response variable was
analyzed in a two-way Sex x Occupation design.
This analysis provided adjusted proportions for
male and female alcohol abuse with the effects
of occupational differences held constant. A

summary of the tests of significance from the
two-way ANOVA of the 0,1 coded response vari-
able is presented in Table 8 for comparison with
the results in Table 6.
The unadjusted proportions of alcohol abuse

and nonabuse in the male and female subjects

are presented in the left-hand column of Table
9. The adjusted proportions of alcohol abuse,
obtained as parameter estimates in the two-way
ANOVA of Table 8, are shown on the right in
Table 9. It can be seen that statistical adjust-
ment for differences due to occupation (un-
skilled, skilled, housewife or clerical, sales or

business, managerial or professional, and stu-
dent) tended to reduce the differences between
males and females in proportions of alcohol
abuse. The adjusted proportions are interpreted
to be estimates of the proportions of alcohol
abuse that would be observed for males and fe-
males if the samples were carefully equated to
contain equal numbers of males and females in
all occupation categories. It is interesting to note
that the adjusted proportions differ substan-

tially from the raw proportion for males only.
The statistical adjustment had very little effect
on the estimated proportion of alcohol abuse in
the female population. This would seem to sug-
gest that the often observed sex difference in fre-
quency of alcohol abuse is a sociocultural phe-
nomenon related to occupational role and that it

Table 8

Summary of Two-Way Sex x Occupation ANOVA for
Zero-One Coded Alcohol Abuse Variables
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Table 9
Raw and Adjusted Proportions of Alcohol Abuse and Non-Abuse
for Males and Females Calculated by MANOVA Program

results primarily from the relative rarity of males
in occupational roles of homemaker, clerical,
and salesperson categories.
The two-way ANOVA of 0,1 coded alcohol

abuse suggests that sex differences in alcohol
abuse disappear when corrected for occupa-
tional level but that occupational level has a sig-
nificant influence on frequency of alcohol abuse
even after sex effects (if any) are partialed out.
The raw (unadjusted) and sex-adjusted propor-
tions of alcohol abuse and nonabuse for six oc-

cupational groups are presented in Table 10.
Contrary to the situation with regard to sex ef-
fects, the adjusted proportions for occupational
groups do not differ markedly from the unad-
justed proportions. This is interpreted as further
evidence that occupational role, and not sex per
se, is the factor that is primarily responsible for
alcohol abuse.

Obviously, it may be questioned whether it is
not some broader construct, such as social class,
that best accounts for alcohol abuse. However,
when this same type of analysis was accom-
plished using a model that included education
and other possible explanatory factors, occupa-
tion remained the significant factor and the
other social class factors were not found to be

important. Age was a factor that was verified to
contribute significantly to alcohol abuse inde-
pendently of occupation. Those results are not
reported in detail here because the aim is only to

illustrate the potential of a least squares regres-
sion approach to analysis of categorical data.

Summary and Conclusions

The primary concern of this article is with the
adequacy of least squares regression methods in
providing estimates of the independent effects of
a single factor on response probabilities, with
the effects of several nuisance variables held
constant. It was demonstrated that the general
least squares regression analysis of a 0,1 coded
response variable produced estimates of inde-
pendent effects without requiring independence
among factors in a multiway design. Specifi-
cally, the regression estimates in a nonortho-

gonal design estimate the same effects that

might otherwise be estimated from the marginal
response frequencies in a balanced orthogonal
design involving the same factors.
Monte carlo methods were employed to gen-

erate binary responses having known true popu-
lation probabilities in various cells of 21 factorial
designs in which some effects were truly present
and some were truly absent. Designs involving
equal cell frequencies were considered first, and
then designs involving unequal cell frequencies
were examined. In all cases, the regression esti-
mates of the effects of various factors converged
toward the known population values across a
series of several hundred simulated experiments.
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Table 10
Raw and Adjusted Proportions of Alcohol Abuse and

Non-Abuse for Six Occupational Groups
____ 

Calculated by MANOVA Program

The ANOVA F tests appeared adequately un-
biased in designs involving equal cell fre-

quencies ; however, the ANOVA tests on binary
response variables tended to evidence a noncon-
servative bias when sample sizes in various cells
of the multiway designs differed substantially. It
is recommended that the use of a more stringent
alpha level can provide appropriate alpha pro-
tection in the analysis of binary coded response
variables in nonorthogonal designs.
In a final example, real data concerning al-

cohol abuse in male and female psychiatric pa-
tients was first analyzed as a 4-point scale and
then as a 0,1 coded binary response variable.
The comparability of results further confirmed
validity of the general linear model analysis of
binary coded data for the purpose of partialing
out the independent effects of related factors.
Disregarding other factors, the proportion of
male patients with histories of alcohol abuse is

greater than the proportion of female patients
with such histories. However, when sex and oc-

cupation were entered in a two-way general
linear model ANOVA, with alcohol abuse coded
as a 0,1 dependent variable, the differences in
occupation-adjusted proportions of alcohol
abuse between the male and female samples
were substantially reduced from the differences
observed without adjusting for occupation. Sig-
nificant differences between occupational
groups in relative frequencies of alcohol abuse
remained after the sex effect was partialed out.
The results suggest that it is the differences in
social roles and environment (as reflected in oc-
cupation) that accounts for the greater fre-

quency of alcohol abuse among males. The

greater frequency of alcohol abuse in certain oc-
cupational groups is apparently not because
those occupations are pursued primarily by
men.
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The general linear model analysis of 0,1 coded
categorical data appears to offer a useful alter-
native to multiway contingency table analysis.
Where contingency table analysis is feasible, the
general linear model analysis provides equiv-
alent results. It is generally impractical to con-
sider the contingency table approach where sev-
eral partially correlated factors are involved.

Psychologists and others who are familiar with
computer programs for general linear model
ANOVA or least squares multiple regression
will find those methods meaningful and con-
venient for estimation of adjusted response
probabilities without resort to complex con-

tingency table analyses.
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