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Prior research modeled voter turnout (“not voted”=0; “voted”=1) as a
function of race (“white”=1; “black=2), education (“less than high
school”=1; “high school graduate”=2; “college”=3), and memberships
in organizations (“none”=0; “one or more”=1) via log-linear analysis.
Results revealed: “...in the absence of a confirmatory analysis with
another sample and in the absence of any compelling theoretical argu-
ment for expecting the particular three-variable interaction, (our own
preference) would be to choose the more parsimonious model 28,
{MERH{MVHEV}. That model gives a satisfactory fit to the full

crosstabulation (L?=4.76, df=5, p<0.45) without resort to a complex
three-variable interaction. It also omits the race-turnout effect which
is known to be trivial, but which would have to be included in model
34 because it is subsumed in hierarchical relation to the {ERV} term”

(p. 40). Exploratory novometric analysis

222 js used to model voter

turnout (binary class variable) as a function of race (a categorical at-
tribute), education and number of organizational memberships (both
treated as ordered attributes measured on categorical ordinal scales).

Data analyzed herein® are indicated in SAS™
code used to construct the data set required for
novometric analysis (see Appendix), yielding
the descendant family (DF) of optimal models
summarized in Table 1. Model 4 had the lowest
D statistic and thus is the globally-optimal (GO)
model in this application.>?! The two-strata GO
model was: if no organizational memberships
then predict not voted; otherwise predict voted.
The confusion matrix for the GO model
is given in Table 2 (relatively weak ESS=22.1,
p<0.001). The model accurately predicted 1 in 2
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Table 1: Descendant Family of Optimal Models
Predicting VVoter Turnout

Minimum

Step ESS Strata Efficiency D Endpoint N
1  23.87 4 5.97 12.76 41
2 2372 4 5.93 12.86 83
3 2372 3 7.91 9.65 441
4 2207 2 11.04 7.06 552

of actual non-voters (50% accuracy is expected
by chance for each class category in two-cate-
gory applications that do not involve analytic
weighting®?*?"), and 7 in 10 of actual voters.
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Table 2: Confusion Matrix for GO Model

Predicted

Non-Voter Voter
Actual Non-Voter 254 232 52.3%
Voter 298 689 69.8%

In contrast to the conclusion reached on
the basis of the original analysis, the GO model
involved only organizational membership as an
attribute. Prior to the discovery of novometric
statistical analysis, EO-CTA-based structural
decomposition analysis was used to identify
structure in data ordinarily analyzed using the
log-linear model, and the maximum-accuracy
solutions always achieved more parsimonious
and accurate models than obtained using legacy
linear multivariable methods.??**° Novometrics
now enables explicit identification of the model
representing the best combination of accuracy
and parsimony possible for any application.
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Appendix

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

data real; end; Do n=1 to 12;
infile datalines; Do n=1 to 83; put '2 2 0 1';
input race edu member put '1 2 1 0'; end;

vote; end; Do n=1 to 7;
cards; Do n=1 to 58; put '2 2 0 0';
1111 put 'l 3 0 1'; end;

; end; Do n=1 to 21;
Data example; Do n=1 to 18; put '2 2 1 1';
Do n=1 to 114; put 'l 3 0 0'; end;

put '1 1 0 1'; end; Do n=1 to 5;
end; Do n=1 to 264; put '2 2 1 0';
Do n=1 to 122; put '1 3 1 1'; end;

put '1 1 0 0'; end; Do n=1 to 3;
end; Do n=1 to 60; put '2 3 0 1';
Do n=1 to 150; put 'l 3 1 0'; end;

put '1 1 1 1°'; end; Do n=1 to 4;
end; Do n=1 to 23; put '2 3 0 0';
Do n=1 to 67; put '2 1 0 1'; end;

put 'L 1 1 0'; end; Do n=1 to 24;
end; Do n=1 to 31; put '2 3 1 1';
Do n=1 to 88; put '2 1 0 0'; end;

put 'L 2 0 1'; end; Do n=1 to 10;
end; Do n=1 to 22; put '2 31 0';
Do n=1 to 72; put '2 1 1 1'; end;

put 'L 2 0 0'; end; Output;

end; Do n=1 to 7; Run;

Do n=1 to 208; put '2 1 1 0';

put '1 2 1 1'; end;
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