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An integer attribute (dependent) variable is compared between four 

categories of a class (independent) variable using ANOVA with one 

between-groups factor, as well as novometric analogues to ANOVA   

(to predict class status) and to multiple regression (to predict score). 

 

 

 

Described elsewhere
1
, data used herein were: 

“…72 numerical pieces of data [integers from   

1 to 14], each obtained from a different subject, 

arranged in four groups…” (p. 52). Prior analy-

sis of these data by omnibus (all four groups) 

one-factor between-groups ANOVA revealed 

F(3,68)=2.69, p<0.0531 (p. 59). Follow-up 

analyses required to disentangle an omnibus 

effect, strength (“ecological significance”) of 

the effect, and potential cross-generalizability of 

the finding were not discussed.
2
  

Using ODA the four-category between-

subjects factor is treated as a multicategorical 

class variable which is to be discriminated, and 

the “numerical data” is treated as an ordered 

attribute to be used to discriminate (i.e., to be 

compared between) class categories.
3,4

 Novo-

metric analysis requires the identification of all 

of the statistically viable models which exist for 

the sample.
4,5

 Table 1 outlines the analyses 

which are needed to identify the globally-

optimal model in this application.

 

Table 1 

Non-Directional Comparisons of Four Nominal Class Categories (1, 2, 3, 4) 

Three Inequalities Two Inequalities One Inequality 

1  2  3  4 (1 = 2)  3  4 (1 = 2)  (3 = 4) 

 (1 = 3)  2  4 (1 = 3)  (2 = 4) 

 (1 = 4)  2  3 (1 = 4)  (2 = 3) 

 (2 = 3)  1  4 1  (2 = 3 = 4) 

 (2 = 4)  1  3 2  (1 = 3 = 4) 

 (3 = 4)  1  2 3  (1 = 2 = 4) 

  4  (1 = 2 = 3) 
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                     Table 2: Performance Statistics for ODA Models Described in Table 1 

                                  Training                LOO 

Model ESS p <  ESS p < 

1  2  3  4 20.4 0.422  --- --- 

(1 = 2)  3  4 22.2 0.257  --- --- 

(1 = 3)  2  4 19.4 0.418  --- --- 

(1 = 4)  2  3 11.1 0.983  --- --- 

(2 = 3)  1  4 23.6 0.177  --- --- 

(2 = 4)  1  3 19.4 0.437  --- --- 

(3 = 4)  1  2 20.8 0.329  --- --- 

(1 = 2)  (3 = 4) 25.0 0.119  --- --- 

(1 = 3)  (2 = 4) 22.2 0.209  --- --- 

(1 = 4)  (2 = 3) 11.1 0.878  --- --- 

1  (2 = 3 = 4) 24.1 0.201  --- --- 

2  (1 = 3 = 4) 9.3 0.963  --- --- 

3  (1 = 2 = 4) 7.4 0.999  --- --- 

4  (1 = 2 = 3) 29.6 0.091  29.6 0.019 

 

Table 2 gives ODA model performance 

statistics for each analysis indicated in Table 1. 

Except for the final entry in Table 2, all models 

evaluated had relatively weak ESS (defined
3,4

 as 

ESS<25), and were statistically insignificant 

(i.e., p>0.10) so LOO analysis was not con-

ducted. For the final model in Table 2, which 

contrasted group 4 vs. the other three groups 

combined, the ODA model was: 

     If Score<6.5 then predict Group=4; 

     If Score>6.5 then predict Group=1, 2, or 3. 

Based on 1,000,000 Monte Carlo experi-

ments, estimated p<0.09721, confidence for p< 

0.10=100%. Table 3 presents the confusion 

matrix for this model, which correctly classified 

50% of Group 4 observations (exactly what is 

expected by chance
3
) and 79.6% of others. This 

level of accuracy reflects moderate ESS=29.6. 

The model yielded identical performance in 

LOO analysis (p<0.019), suggesting findings 

may cross-generalize to other groups involving 

different subjects. 

 

Table 3: Confusion Matrix for ODA Model 

                           Predicted Group 4 

       or Groups 1-3 

                                    1-3      4     Sensitivity 

Actual Group    1-3      43     11          79.6 

  Membership       4       9       9           50.0 

Predictive Value         82.7  45.0 

Novometric Regression Analogue 

Respecting tradition
2
, the novometric ANOVA 

analogue discussed above discriminates group 

membership status (class category) on the basis 

of score (ordered attribute). In this approach the 

objective is to accurately model the group to 

which individual observations belong. 

The mirror image of this approach is the 

novometric multiple regression analogue, which 

discriminates score (class category) on the basis 

of group membership status (multicategorical 

attribute).
4-8

 In this approach the objective is to 

accurately model individual’s scores. 
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Table 4: Findings of Novometric Multiple Regression Analogue Analysis 

                                                                                                Training            LOO 

Model ESS p< ESS p< 

Predict Score<4 if Group=4 34.9 0.176 --- --- 

Predict Score<5 if Group=3 or 4 29.5 0.224 --- --- 

Predict Score<6 if Group=2 or 4 27.7 0.206 --- --- 

Predict Score<7 if Group=3 or 4 26.0 0.163 --- --- 

Predict Score<8 if Group=3 or 4 16.9 0.587 --- --- 

Predict Score<9 if Group=3 or 4 13.1 0.828 --- --- 

Predict Score<10 if Group=4 14.7 0.740 --- --- 

Predict Score<11 if Group=2, 3, or 4 35.6 0.340 --- --- 

Predict Score<12 if Group=2, 3, or 4 79.4 0.012 79.4 0.003 

 

Table 5: Confusion Matrix for ODA Model 

                               Predicted Score 

                                   <12     >12     Sensitivity 

            Actual     <12    54        14          79.4 

             Score     >12      0          4        100.0 

Predictive Value        100.0    22.2 

 

In the present sample scores greater than 

12 occur in 4/(4+68) or 5.6% of the sample, but 

the final model in Table 4 has a positive predic-

tive value of 22.2% when it predicts that an in-

dividual’s score will be greater than 12. If the 

weight (cost or return) of extremely high scores 

(i.e., scores>12 represent the upper 5.6% of the 

distribution presently) were important in this 

application, then this model may have merit. 
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