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RBSTRACT

In this paper a technique is developed which shows how
poth logit and MCA can be adapted for ccomparison pur-
poses. The technique is developed for the special
case of dichotomous dependent variables. The method
was empirically tested and the data reveal that the
logit probabilities, with few exceptions, were con-
sistent with those generated by the MCA technique. The
suthor advocates the use of this technique to confirm
the MCA ccefficients. Furthermore, when MCA and logit
yield consistent results MCA coefficients should be
used for presentation and discussion purposes.

Introduction

Complex, rigorous, multivariate statistical tech-
niques often yeild results which are difficult for
individuals not trained in these techniques to inter-
pret. Policy scholarship necessarily seeks an audi~-
ence outside the academic community. There is a need
to use multivariate methods which are statistically
sound, yet easy to understand and interpret. Multiple
rlassification Analysis (MCA}, a form of multiple re-
gression analysis is such a technique [1]. The ability
to read a simple table of means and understand the con-
cept of "controls™ is all that is needed to interpret
MCA coefficients. MCA is particularly useful for
describing the results of models employing dichotomous
variables, 1In this instance the MCA coefficients can
be interpreted as a "likelihood" or "probability.” Un-
fortunately, dummy dependent variables vielate several
assumptions of the linear regression model. Logit, a
log-linear, maximum likelihood, multivariate technigue
is cofrectly emploved to explain relationships between
dichotomous dependent variables and one Gr more pre-
dictor variables. [2, p. 292].

In this paper a technique is develcped which shows how
both logit and MCA can be adapted for comparison pur-
poses. The technigue is tested using data from the
National Longitudinal 3Surveys data of young men 14 to
24 in 1966. Two dichotomous dependent variables are
employed to test the technigue and the data revealed
that the logit probabilities, with few exceptions,
were consistent with those generated by MCA. The
author advocates the use of this technigue to confirm
the MCA coefficients, Furthermore, when MCA and logit
vield consistent results MCA coefficients should be
used for presentation anéd discussion purposes.

Multiple Classification Analysis

Multiple Classification analysis is a multivariate
statistical technigue for exploring the interrelation-
ships between explanatory variables and a dependent
variable in the context of an additive model [1,p.
It is a version of multiple regression, without the
intercept term, where all predictor variables are ex-
pressed in categorical form. The grand mean or mean
of the dependent variable is roughly equivalent to the
constant term in multiple regression. The MCA tech-
nigque permits one to calculate the mean value of the
dependent variable for each category of a particular
explanatory variable "“adjusted" for the effects of all
other variables in the model., Differences in these
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values amonyg the several categories of a given vari-
able may be interpreted as indicating the "net" effect
of that variable upon the dependent measure.

There are many advantages associated with the use of
the MCA technique. Andrews et al identify MCA's
ability to overcome the problem of correlated pre-
dictors as one of its chief strengths. For example,

if the explanatory variables are positively corre-
lated the increase in explanatory power provided by two
independent variables would be less than the sum of the

‘increase in explanatory power provided by each sepa-

rately. The unadjusted and adjusted coefficients pro-
vide information about the combined and independent
influence of the independent variables. The raw effect
of the predictor variable is represented through the
unadjusted mean, The adjusted figure takes into ac-
count or controls for the influence of the other ex-
planatory variables in the model {1, p. 3.

Aside from its ability to deal with the problem of
correlated explanatory variables, MCA is appropriate
for analyzing gualitative data (nominal or ordinal
scale) [1l, p. 3]. Policy research often uses indivi-
duals as the unit of analysis. Many important vari-
ables such as attitudes and attributes cannot be placed
on an interval or ratio scale. Interval or ratio data
correctly fit the assumptions of classical regression
analysis. In contrast, the MCh independent variables
are always treated in categorical form, It makes no
difference whether a particular category represents a
nominal, ordinal, interval or ratio scale [l, p. 5].

Nominal and ordinal scale predictors when transformed
te dummy variables are correctly employed in the regres-
sion equation. The regression coefficients, however,
are difficult to interpret. For each set of dummy
variables there must be an omitted catetory., Without
an omitted category the regression model would suffer
from pure or perfect multiceollinerity. These regres-
sion coefficients represent deviations from the omiteted
category. The grand mean is unknown and the intercept
term in regression is a composite sum of the means of
the omitted category [l, p. 52]. Adjusted MCA coef-
ficients, in contrast, represent deviations from the
grand mean controlling for all other variables in the
model,

MCA is often employed using dichotomous dependent vari-
ables (for example, see [8], [9], [11], [14]1, [18]).
Unfortunately, dichotomous dependent variables violate
several statistical assumptions of the regression model .
MCA,as a form of regression,alse suffers from these
problems, First, the dependent variable and the error
term are not distributed normally. Secondly, hetero-
scedasticity pervades the model (variance not constant).
And third, the expected value of the estimate can go
outside the (0, 1) range [4], [20]. Hence, it is
questionable whether MCA is an appropriate technique to
analyze models using dichotomous dependent variables.
MCA and Icgit: A Method of Comparison

The problems associated with the use of dichotomous de-
pendent variables can be overcome through the use of the
legistic transformation. Logit analysis is employed to
examine the relationship of a durmy dependent variable
to one or more predictor variables. Logit modesl are
maximum likelihood, loyg linear models, They are analo-
gous to regression models for which the expected value
of a continuous dependent variable is a linear function
of one or more explanatory variables [7, p. 292]. After
the logistic transformation, the range of the predicted
value of the dichotomous dependent variable is no longer
constrained te values between D and 1. Values between
negative infinity and infinity are legitimate. Addi-
tionally, the problem of heteroscadesticity is overcome.



The purpose of this secticn is to indicate the similar-
ity between the MCA ceoefficlients and those obtained
threough logit analysis. In order to make the compari-
son it is necessary to transform the coefficlents {or
"p" in the case of logit) obtained throwgh the two dif-
ferent techniques. The method of transforming the co-
efficients is discussed in the remainder of this

section. The logistic model is of the following form:
4
= X B 1
ln(Pt/_) + (1)
l-Pt
where:

B = vector of parameter c¢oefficients

p,= probability for the t-th individual

xjt= vector of independent variables for the t-th

individual
From (1) one can derive

/
-X B. -1
e t]

- 2
Py [1 (2]
Pt is also referred to as the 1y odds [7, p. 292] and
is often interpreted as a probability. We are inter-
ested ip a transformed Pt since it mpst closely re-
sembles the adjusted MCA percentages.

Differentiating Py with respect to %y

/
-X B /
= - -2-X B 3
3pt Bj [1 et ] 2ext {3a)
ijt
= 1- 3b
ijt( pt) {3b}
where:
Bj = the jth element of B
xjt = the jth element of xt

Both B, and p are unknown parameters and must be esti-
mated.” The B.'s are simply estimated using coeffi-
cients from the logit analysis. The methed of esti-
mating p is a scmewhat more complex function of the
B.'s,

]
The MCA technigue permits one to calculate the mean
value of the dependent variable for all categories of
predictor variables, Each coefficient measures the
"net" effect of that category (variable) upon the
dependent variable after controlling for the effects of
all other predictor variables. For example, when the
dependent variable is dichotomcous, the MCA technique
allows one to calculate for each independent variable
category, the proportion of that category which would
have taken the value "1" on the dependent measure had
the members of that category been "average" in terms
of all other variables entering intc the analysis.

Hence, it was necessary to evaluate the predicted pro-
portions from the logit analysis in a way which would
hold "average" all categories. To do this p* was
estimated by evaluating it at the mean of each inde-
pendent variable. v

-X b

(1~ 2 (4)

-1

p* ]
where b is the vector of estimated logit ceefficients
and X is a vector consisting of the sample means of
all independent variables.

The logit analysis are calculated substituting the
estimates for the parameters of (3b) and evaluating
bjp* (1-p*) where p* is found by evaluating (4).

The logit program requires that one of the categories
be omitted when the predictor variable is described by
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a series of dichotomous variables, 1In contrast, the
MCA procedure does not require that one of the cate-
gories for each predictor variable be emitted. Hence,
it was necessary to traneform the MCA adjusted pro-
porticns into deviations from the cmitted category in
order to make them consistent with the logit results.
This was done using the following formula:

cij -C; omitted = cij,
where:
C.. = the adjusted percentage of category . of
predictor variable i ]
(o8 s = the adjusted percentage of the
i omitted X : .
tt category of predictor variable i
which corresponds to the omitted
legit
cij* = the transformed MCA coefficient which

corresponds to Cij

The Empirical Test

The data used tco test the method developed in the pre-
vious section are based upon information collected in
the National Iongitudinal Surveys NLS) of the labor
market and educational experiences of young men. The
entire sample contains 5225 respondents age 14 to 24
when first interviewed in the fall of 1966. The young
men were interviewed anpuvally through 1971 and less
frequently thereafter.

The author was interested in exploring several aspects
of the determinants of military service throughout the
Vietnam era. The sample is well suited for this pur-
pose since about 30 percent of the young men interviewed
entered the armed forces.

Two dichotomous dependent variables were employed: 1)
the likelihocod of enlisting, and 2) the likelihood of
serving. Independent variables included education,
health, fatherhood status, region of residence, socio-
economic status, wages, unemployment, mental ability,
and draft pressure. [17]

In Table 1 MCA and logit coefficients are compared using
the  technique discussed earlier. all in all, the logit
and MCA technique yielded similar coefficients., Dif-
ferences in the magnitude of the predicted results are
rare. Approximately 96% of the 108 possible comparisons
were within 5 percentage points of one ancther. Perhaps
more importantly, the few differences greater than 5
percentage points did not change the interpretaticn of
the results., Through this method a scholar can feel
confident of the MCA results. In addition, the advan-
tages of MCA remain.
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