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The application of ODA to maximize the predictive accuracy achieved 

by a linear model that was developed using multiple regression analysis 

(MRA) was previously considered.
1-5

 The present paper illustrates the 

maximum-accuracy alternative to MRA.

 
 

 

Applying the partitioning algorithm (PA) used 

here to a time-ordered series involves creating a 

set of dummy codes indicating if each data point 

in the series was recorded after (1), versus at or 

prior to (0), every sequential step in the series. 

Applying PA to a value-ordered series involves 

creating a set of dummy codes indicating if each 

data point in the sample had a score greater than 

(1), or equal to/less than (0), every sequential 

value in the measurement scale used to assess 

the class variable.
5-10

 In either case each dummy 

class variable is used to model the attribute in a 

novometric analysis, and the model emerging 

with largest ESS (if competing models have the 

same number of strata), or smallest D statistic
5
 

(normed index of distance separating empirical 

and ideal models for a given application), is the 

globally-optimal (GO) model of the relationship 

between the class variable and attribute for the 

sample.
11

 This is illustrated for a sample
12

 of 

1,473 PCP pneumonia survivors: if, which and 

in what manner eight clinical variables (Table 1) 

predict patient age at study intake is assessed via 

MRA and novometric analysis. 

Table 1: Descriptive Summary, Study Variables 

Variable N Mean   SD  CV (%) 

Age 1,460 38.01 7.92 20.85 

Diastolic 1,469 106.62 14.86 13.93 

Systolic  1,468 63.68 12.14 19.07 

Albumin 1,252 3.00 0.68 22.72 

WBC  1,456 6.08 3.26 53.61 

Creatinine 1,433 1.12 1.12 99.83 

CD4 1,089 46.52 24.72 53.15 

AAO2 1,459 33.59 6.36 18.95 

HCT   694 230.59 371.23 160.99 

Modeling Patient Age: MRA 

A main-effects MRA model was used to 

model age (the dependent measure) as a linear 

function of the set of eight clinical variables (the 

independent measures).
13

 Due to missing values 

only 471 patients (32.0% of the total sample) 

were included in the analysis. The MRA model 

explained 2.66% of the variation in patient age: 
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F(8,462) =1.58, p<0.13. This finding suggests 

that there is no linear relationship between age 

and the set of eight clinical variables measured 

at the onset of the study. 

Modeling Patient Age: Novometric Analysis 

 It was first necessary to establish the 

minimum acceptable sample size for all strata 

identified in statistical analysis. Power analysis 

indicated N>32 observations for model end-

points (each representing a unique stratum) 

yields 90% power to detect a moderate effect 

with p<0.05: models were therefore constrained 

to have >32 observations in all model strata.
5
 A 

total of 24 observations were <24 years old, and 

41 were <25 years old, so 25 years was selected 

as the minimum age for PA. A total of 27 obser-

vations were >57 years old, 40 were >56 years 

old, so the maximum age for PA was 56 years. 

Since all of the age categories 25 to 56 inclusive 

were populated by data, PA created 32 dummy 

age class variables. 

Novometric analysis was conducted sep-

arately for each dummy class variable: unre-

stricted CTA was initially used to predict the 

dummy class variable treating all eight clinical 

variables as potential attributes, and then the 

minimum denominator search algorithm was 

employed to identify the descendant family of 

optimal models underlying the application. The 

distance (D) between empirical and theoretically 

ideal models was computed for all solutions.
5
 

The lowest D for two-, three-, and four- 

strata models all emerged for a cut-point of 56 

years: the associated descendant family is sum-

marized in Table 2 (strata is number of model 

endpoints; MinD is minimum endpoint sample 

size). All other models for all other dummy 

class variable descendant families had D>6. 

The GO (lowest D) model is illustrated 

in Figure 1. As seen, compared to patients <56 

years, older patients have higher systolic blood 

pressure, or have a comparable (lower) systolic 

blood pressure but higher serum creatinine. 

 

Table 2: Descendant Family of Optimal Models: 

Dummy Class Variable for 56 Years of Age 

Model Strata ESS D MinD 

1 4 49.12 4.14   85 

2 3 43.07 3.96 175 

3 4 44.57 4.98 228 

4 3 39.18 4.66 240 

5 2 30.81 4.49 724 

Figure 1: GO Model 

Systolic Blood

Pressure

Serum Creatinine

5.40% are

> 56 Years

0.91% are

> 56 Years

5.71% are

> 56 Years

> 119.5< 119.5

p < 0.013

p < 0.002

> 1.25< 1.25

N = 986 N = 175

N = 278

 

Table 3 presents the confusion matrix for 

this model applied to the data: for 1,439 patients 

(97.7% of the total sample) the GO-CTA model 

accurately predicted 7 of 10 patients who were 

56 years or younger, and 3 of 4 patients older 

than 56 years. The ESS of 43.07 indicates this 

effect is of moderate strength
5,6

 (Table  2). 

Table 3: Confusion Matrix for GO-CTA Model: 

Age Cut-Point <56 Years 

  Predicted Age 

                                       <56        >56 

             Actual      <56   977         428     69.54% 

               Age        >56       9           25     73.53% 
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 Yet another example is contributed to 

the literature in which a wildly-popular legacy 

method—MRA—finds nothing, while novo-

metric analysis finds a parsimonious model 

yielding an effect of moderate strength.
5
 In the 

ODA laboratory such findings ignite curiosity 

regarding the number and nature of discoveries 

that have been lost to posterity, buried by the 

debris of obsolete analytic methodologies. 

The example used presently to illustrate 

these methods involved only ordered attributes. 

Attributes may also all be categorical—a design 

traditionally analyzed using ANOVA. Thus the 

present methodology replaces the reverse CTA 

procedure used with such designs to identify 

hierarchically (but not enumerated or globally) 

optimal models.
5, 14-16

 Designs involving a mix 

of ordered and categorical measures are of 

course equivalently straightforward.
5
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