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Prior research
1
 used the log-linear model to explain shifts in political 

party identification (democrat=1; independent=2; republican=3) of 

202 Catholic voters who reported party identification in the 1956 and 

1960 presidential elections. The results showed: “When the symmetry 

model is fitted to the six off-diagonal cells…L
2
=20.99, with df=3, 

which means we must reject the hypothesis that shifts in each direc-

tion tended to cancel each other. …Since 
2
=15.7 for df=1, we con-

clude that there is a significant tendency for net change to occur pre-

dominantly in one direction. Inspection of the table shows that to be 

in a Democratic direction. …For the quasi-symmetry hypothesis…L
2 

=0.12 and df=1. Thus we conclude that the panel data approach sym-

metry, given unequal marginals in the two years. …The difference in 

L
2
 between symmetry and quasi-symmetry models is 20.87 and the 

difference in df is 2. It is, therefore, reasonable to conclude that the 

marginal distribution of Catholic voter party identification differs sig-

nificantly between 1956 and 1960” (pp. 51-54). Exploratory novo-

metric analysis
2-26

 is used to model party identification in 1960 (mul-

ticategorical class variable) using party identification in 1956 (multi-

categorical attribute). Next ODA is used to evaluate temporal stability 

(confirmatory hypothesis) and to identify statistically reliable insta-

bility (exploratory hypothesis) underlying party identification as-

sessed across time.
2,27-31

 

 

Data analyzed herein
1
 are indicated in SAS 

code used to construct the data set required for 

novometric analysis (see Appendix), yielding a 

descendant family (DF) consisting of a single 

two-strata globally-optimal (GO) model: if party 

membership in 1956=democrat, predict vote= 
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democrat; otherwise predict vote=republican. 

Table 1 is the confusion matrix for this model in 

training (total sample) and leave-one-out (jack-

knife) analysis: relatively strong ESS= 69.98, 

p<0.001. The model accurately predicted 3 in 4 

of the democrats (accuracy of 50% is expected 

by chance for each class category in two-cate-

gory applications that do not involve analytic 

weighting
2,33-36

), and more than 9 in 10 of the 

independents and republicans in 1960. 

Table 1: Confusion Matrix, GO Model 

                                     Predicted Party 

                                                   Independent and 

                                    Democrat    Republican 

Actual       Democrat      100            30      76.9% 

Party       Indep/Repub           5            67      93.1% 

Another optimal methodology that may 

be used with this design is the ODA algorithm: 

specifically, a combination of an initial a priori 

test of the hypothesis that the distributions are 

consistent (stable) across year, followed by an 

exploratory structural decomposition analysis 

(SDA) used to assess statistical reliability (p) 

and cross-generalizability (LOO) of the off-

diagonal (change or unstable) data.
2,27-31  

 The first ODA analysis evaluated the a 

priori hypothesis that data fell in the major 

diagonal of the 1956 (attribute) x 1960 (class 

variable) crosstabulation. Table 2 presents the 

confusion matrix for this model in both training 

(total sample) and leave-one-out (jackknife) 

analysis: relatively strong ESS=61.28, p<0.001. 

Table 2: Confusion Matrix, ODA 

Confirmatory Stability Model 

                                     Predicted Party 

                               Demo   Indep   Repub 

Actual     Demo      100       19       11       76.9% 

Party          Indep            4      30         9       69.8% 

               Repub          1        6       22       75.9% 

 As seen, the model accurately predicted 

7 in 9 of the democrats (accuracy of 33.3% is 

expected by chance for each class category in 

three-category applications without analytic 

weighting
2,33-36

); 7 in 10 of the independents; 

and 3 in 4 of the independents in 1960. 

Next, all on-diagonal elements were set 

to zero and an exploratory ODA analysis was 

conducted using the same class variable and 

attribute that was used in the prior confirmatory 

analysis. The model that emerged was: if 1956 

party affiliation=democrat predict 1960 affilia-

tion=republican (4/5=80% sensitivity); if 1956 

party affiliation=independent predict 1960 affil-

iation=democrat (6/25=24% sensitivity; 33.3% 

is expected by chance); and if 1956 party affil-

iation=republican predict 1960 affiliation=inde-

pendent (11/20=55% sensitivity): moderate 

ESS=29.50, p<0.044. However, in LOO cross-

generalizability analysis the model returned a 

relatively weak effect (ESS=17.50, ns), with the 

sensitivity for actual independents falling to 0%. 

The unstable exploratory model is not statisti-

cally reliable in validity analysis and therefore 

fails the fifth axiom of the novometric theorem
2
) 

is omitted from further consideration. 

Here, for the novometric model D=0.87, 

and for the confirmatory ODA model D=1.90. 

Thus, the ODA model is 117.9% further away 

from its corresponding theoretically ideal model 

for this application, compared to the novometric 

solution.
2,22
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Appendix 

SAS Code used to Construct (Reproduce
1
) the Data File for Analysis by ODA Software

2,32

data real; 

infile datalines; 

input row column; 

cards; 

1 1 

; 

Data example; 

Do n=1 to 100; 

put '1 1'; 
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end; 

Do n=1 to 4; 

put '1 2'; 

end; 

Do n=1 to 1; 

put '1 3'; 

end; 

Do n=1 to 19; 

put '2 1'; 

end; 

Do n=1 to 30; 

put '2 2'; 

end; 

Do n=1 to 6; 

put '2 3'; 

end; 

Do n=1 to 11; 

put '3 1'; 

end; 

Do n=1 to 9; 

put '3 2'; 

end; 

Do n=1 to 22; 

put '3 3'; 

end; 

Output; 

Run;
 

 

 


