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Prior research® using logit analysis to model abortion attitude (op-
pose=0; favor=2) as a function of religion (Protestant=1; Catholic=2;
Jewish=3; Other=4) and time (1972=72; 1978=78) found: “The best
fitting model...has separate effects for being Catholic or non-Catholic
and for being Protestant or non-Protestant. The categories of Jewish
and Other have no separate effects and are implicitly grouped or col-
lapsed together. The result is a religious trichotomy. ... The odds on a
favorable response are identical in both years: .89 for Protestants, .64
for Catholics, and 3.44 for Jews and Others” (pp. 70-72). For these
data exploratory novometric analysis®® predicting abortion attitude
(class variable) as a function of religion (multicategorical attribute)
and time (ordered attribute) identified a parsimonious, relatively weak
model with stable classification training and LOO performance.

SAS™ code used to construct the data analyzed
herein® is given in the Appendix. Novometric
analysis identified a single two-strata model that
had stable classification performance in LOO
analysis: if religion=Protestant or Catholic pre-
dict attitude=oppose; otherwise predict attitude=
favor. Table 1 is the confusion matrix for this
model: relatively weak ESS=11.39, D=15.56,
p<0.001).

Table 1: Optimal Model Confusion Matrix
Predicted Attitude

Oppose Favor
Actual  Oppose 1464 63 95.9%
Attitude  Favor 1182 217 15.1%

225

As seen, the model accurately classified 19 in
20 people who oppose abortion, but only 1 in 7
people who favor abortion (50% sensitivity is
expected by chance for each class category in
two-category designs that do not use analytic
weights®%2°). The deficient performance of the
model for predicting favorable ratings is likely
attributable to the category “other”, notorious
for riddling the literature with paradoxically-
confounded results.>**®
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Appendix

SAS™ Code used to Construct (Reproduce') the Data File for Analysis by ODA Software®?

data real; Do n=1 to 147; end;

infile datalines; put '2 72 1°'; Do n=1 to 6;
input group row end; put '3 78 0';
column; Do n=1 to 240; end;

cards; put '2 72 0'; Do n=1 to 65;
111 end; put '4 72 1°';
; Do n=1 to 151; end;

Data example; put '2 78 1°'; Do n=1 to 17;
Do n=1 to 460; end; put '4 72 0';
put '1 72 1°'; Do n=1 to 225; end;

end; put '2 78 0'; Do n=1 to 88;
Do n=1 to 498; end; put '4 78 1°';
put '1 72 0'; Do n=1 to 41; end;

end; put '3 72 1°'; Do n=1 to 30;
Do n=1 to 424; end; put '4 78 0';
put '1 78 1°'; Do n=1 to 10; end;

end; put '3 72 0'; Output;

Do n=1 to 501; end; Run;

put 'l 78 0'; Do n=1 to 23;

end; put '3 78 1°';
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