
Optimal Data Analysis     Copyright 2017 by Optimal Data Analysis, LLC 

Vol. 6 (January 4, 2017), 13-17  2155-0182/10/$3.00 

 

 

 

13 
 

Novometric Comparison of Patient 

Satisfaction with Nurse Responsiveness 

Over Successive Quarters 
 

Paul R. Yarnold, Ph.D. 
Optimal Data Analysis, LLC 

 

A segmentation printout or “banner pass” constitutes a consolidated 

crosstabulation of user/customer responses to specific prompts, for 

desired reporting periods and/or organizational units. In this study a 

total of 6,005 hospital patients rated their satisfaction with time for a 

nurse to respond to the call button (1=very dissatisfied; 2=somewhat 

dissatisfied; 3=neutral; 4=somewhat satisfied; 5=very satisfied).
1
 

Responses were consolidated into successive fiscal quarters (1=3
rd

 

Quarter, 1989; 2=4
th

 Quarter, 1989; 3=1
st
 Quarter, 1990; 4=2

nd
 Quar-

ter, 1990). Novometric analysis
2-11

 is used to evaluate the statistical 

and ecological significance of satisfaction gains observed over time. 

 

Data (N for every rating level and fiscal quarter) 

analyzed herein are presented in Table 1.  

Table 1: Patient Satisfaction with Nurse 

Response Time to Call Button
1
 

                                      Fiscal Quarter 

Satisfaction 

Rating 

3
rd 

(1989) 

4
th

 

(1989) 

1
st
 

(1990) 

2
nd

 

(1990) 

5 596 586 626 716 

4 357 480 412 557 

3 432 345 313 287 

2   60   75   57   32 

1   45   15   14     0 

For novometric analysis patient satisfac-

tion rating was treated as the ordered attribute, 

and fiscal quarter as the class variable.
2
  

Consistent Quarterly Increase 

The first analysis used optimal data 

analysis (ODA)
2,12-18

 to test the confirmatory 

hypothesis that satisfaction increased consist-

ently across all four quarters in the study time 

span: that is, satisfaction was lowest in the 3
rd

 

quarter of 1989, next-to-lowest in the 4
th

 quarter 

of 1989, next-to-highest in the 1
st
 quarter of 

1990, and highest in the 2
nd

 quarter of 1990 

(using the coding scheme the command specify-

ing this test in UniODA
12

 or MegaODA
19-21

 

software was: DIR < 1 2 3 4;). The resulting 

ODA model was not statistically reliable (p< 

0.99), and it yielded training predictive accuracy 

lower than expected by chance (ESS= -1.33).
2,12

 

The confirmatory hypothesis that satisfaction 

rating increased consistently across all four 

quarters was therefore clearly unsupported. 
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Consistent Quarter-to-Quarter Increases 

 This analysis evaluated the confirmatory 

hypothesis that satisfaction increased consist-

ently quarter-to-quarter over the study.
2,12,15

 

Three quarter-to-quarter comparisons were 

evaluated: (a) 3
rd

 vs. 4
th

 quarter of 1989; (b) 4
th

 

quarter of 1989 vs. 1
st
 quarter of 1990; and (c) 

1
st
 vs. 2

nd
 quarter of 1990. Each binary class 

variable was modeled using exploratory-optimal 

classification tree analysis (EO-CTA).
2-7,22-27

 

The first (a) quarter-to-quarter comparison was 

not statistically reliable (p<0.49) and yielded 

very weak normed predictive accuracy (ESS= 

0.96); the second (b) comparison was not statis-

tically reliable (p<0.88) and yielded accuracy 

comparable to chance (ESS= -0.01); and the 

third (c) comparison was not statistically relia-

ble (p<0.99) and yielded accuracy marginally 

worse than chance (ESS= -0.95). Therefore, the 

confirmatory hypothesis that satisfaction rating 

increased consistently in quarter-to-quarter 

comparisons was clearly not supported. 

Increased Satisfaction over Quarters 

 Testing the confirmatory hypothesis that 

patient satisfaction increased at some point (to 

be identified by the novometric algorithm) over 

the study time span requires modeling quarter as 

an ordered class variable. This is accomplished 

using the partitioning algorithm
5-7

 (PA) to create 

all possible binary parses of the class variable, 

and then conducting recursive EO-CTA using 

the novometric algorithm for each parse.
28

 In 

this application the PA constructed three binary 

parses: (a) 3
rd

 quarter of 1989=class 0, other 

quarters=class 1; (b) 3
rd

 and 4
th

 quarters of 1989 

=class 0, other quarters= class 1; and (c) 3
rd

 and 

4
th

 quarters of 1989, and 1
st
 quarter of 1990= 

class 0, 2
nd

 quarter of 1990=class 1. 

Novometric theory asserts that—for a 

given application (the intersection of hypothesis, 

measures, and sample), statistical analysis may 

(a) fail to identify a reliable model (which has 

been the case thus far, presently); (b) identify 

one reliable model; or (c) identify two or more 

reliable models. The descendant family (DF) 

consists of all (one or more) optimal models 

identified for the application.
2,29

 Models in the 

DF differ with respect to predictive accuracy 

normed vs. chance by the ESS statistic (0=the 

predictive accuracy expected by chance; 100= 

errorless prediction), and complexity defined as 

the number of sample strata (endpoints) in the 

model. Novometric analysis identifies the glob-

ally optimal (GO) model in the DF representing 

the “best” combination of predictive accuracy 

and parsimony (the antithesis of complexity, 

defined as ESS divided by the number of model 

strata). The distance of an empirical model from 

a theoretically ideal model (that achieves perfect 

accuracy with maximum possible parsimony for 

the application) is computed using the D statis-

tic: normed over accuracy and parsimony, D 

facilitates direct comparison of model quality by 

evaluating every model relative to its corre-

sponding theoretical ideal.
2,8

 

In novometric theory, for a given appli-

cation, in addition to point estimates of model 

ESS and D, exact discrete 95% confidence in-

tervals (CIs) are developed for the model as well 

as for chance (vis-à-vis bootstrap and Monte 

Carlo simulation, respectively): if the 95% CIs 

for model and for chance overlap, then the 

model is judged to be statistically unreliable.
2,30

 

The final Axiom of novometric theory 

stipulates that while the training analysis drives 

model development, estimated reproducibility 

of model performance is based on validity anal-

ysis (e.g., jackknife, K-fold, holdout) so as to 

inhibit bias attributable to overfitting.
2,28

 

In the present application EO-CTA 

identified a single optimal model for each of the 

three constructed parses, and all of these models 

had identical accuracy in training and leave-one-

out jackknife analysis.
2,15

 

The first parse compared satisfaction in 

the 3
rd

 Quarter of 1989 vs. the subsequent three 

Quarters. The optimal model was: if Satisfaction 

Score<2 (somewhat dissatisfied) then predict 
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the 3
rd

 Quarter of 1989, otherwise predict sub-

sequent Quarters (p< 0.0001). This model indi-

cates that satisfaction was lower in the initial 

Quarter than in (combined) subsequent Quar-

ters. Table 2 is the confusion matrix for this 

model in training and jackknife analysis (Sens= 

model sensitivity). As seen, the model correctly 

predicted actual class status of 1 of 14 observa-

tions in the 3
rd

 Quarter of 1989, and of 19 of 20 

observations in the subsequent three Quarters. 

The model yielded very weak ESS=2.77 (for 

10,000 bootstrap iterations, exact discrete 95% 

CI for model ESS=1.08-4.50; for 10,000 Monte 

Carlo experiments, exact discrete 95% CI for 

chance ESS=0.01-1.26): because the 95% CIs 

for model and chance ESS overlap, this model is 

judged to be statistically unreliable. For this 

model D=70.2 (exact discrete 95% CI=42.4-

183.2). 
8
 

Table 2: Confusion Matrix for EO-CTA Model: 

First Parse of Four-Quarter Series 

                                    Predicted Quarter 

                                     Q3-1989    Later    Sens 

Actual       Q3-1989           105       1385       7.1 

Quarter     Later                 193       4322     95.7 

The second parse compared satisfaction 

in the 3
rd

 and 4
th

 Quarters of 1989 vs. the subse-

quent two Quarters. The optimal model was: if 

Satisfaction Score<4 (somewhat satisfied) then 

predict the 3
rd

 or 4
th

 Quarter of 1989, otherwise 

predict subsequent Quarters (p<0.0001). This 

model indicates that satisfaction was lower in 

the initial two Quarters than in (combined) sub-

sequent Quarters. Table 3 gives the confusion 

matrix for this model in training and jackknife 

analysis. The model correctly predicted actual 

class status of 3 of 5 observations in the 3
rd

 and 

4
th

 Quarters of 1989, and of 4 of 9 observations 

in the subsequent two Quarters (for a binary 

parse, 50% sensitivity is expected by chance for 

both class variable categories). The model had 

very weak ESS=5.01 (for 10,000 bootstrap iter-

ations, exact discrete 95% CI for model ESS= 

2.02-7.98; for 10,000 Monte Carlo experiments, 

exact discrete 95% CI for chance ESS=0.01-

2.52): because 95% CIs for model and chance 

ESS overlap, this model is not statistically relia-

ble. For this model D=37.9 (exact discrete 95% 

CI=23.1-97.0). Computed using point estimates, 

compared to the GO model for the first parse (D 

=70.2), the GO model for the second parse (D= 

37.9) is [(70.2/37.9)-1]x100% =85.2% closer to 

its corresponding theoretically ideal counterpart. 

Table 3: Confusion Matrix for EO-CTA Model: 

Second Parse of Four-Quarter Series 

                                    Predicted Quarter 

                                     Q3-4/89     Later    Sens 

Actual       Q3-4/89          1809       1182     60.5 

Quarter     Later               1672       1342     44.5 

The third (final) parse compared satis-

faction in the 3
rd

 and 4
th

 Quarters of 1989, and 

1
st
 Quarter of 1990, vs. the 2nd Quarter in 1990. 

The optimal model was: if Satisfaction Score<3 

(neutral) predict initial three Quarters, otherwise 

predict 2
nd

 Quarter of 1990 (p<0.0001). This 

model indicates satisfaction was lower in the 

initial three Quarters than in the final Quarter of 

the study. Table 4 is the confusion matrix for 

this model in training and jackknife analysis. 

The model correctly predicted actual class status 

of 2 of 5 observations in the first three Quarters 

studied, and 4 of 5 observations in the final 

Quarter of the study. The model had relatively 

weak ESS=20.0 (for 10,000 bootstrap iterations, 

exact discrete 95% CI for model ESS=17.1-

22.9; for 10,000 Monte Carlo experiments, 

exact discrete 95% CI for chance ESS=0.06-

2.71): because the 95% CIs for model and 

chance ESS do not overlap, this model is judged 

as statistically reliable. For this model D=7.99 

(exact discrete 95% CI= 6.75-9.69). Computed 

using point estimates, the GO model for the 
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third parse is 778.6% closer to its corresponding 

theoretically ideal counterpart vs. the first parse, 

374.3% closer vs. the second parse. 

Table 4: Confusion Matrix for EO-CTA Model: 

Third Parse of Four-Quarter Series 

                                    Predicted Quarter 

                                     Earlier    Q2-1990    Sens 

Actual       Earlier           1768         2645       40.1 

Quarter     Q2-1990          319         1273       80.0 

Novometric analysis unambiguously 

identified the effect: over the time span of the 

study, patient satisfaction with nurse respon-

siveness showed a statistically significant, rela-

tively weak increase only in the final Quarter. 

That is, the 95% CIs for ESS and D overlapped 

for GO models identified for the first and sec-

ond parses, and these CIs lay outside the 95% 

CI for the GO model identified for the third 

parse. For the first and second parses the 95% 

CIs for chance and model overlapped—and thus 

the models were judged to be statistically unre-

liable, however for the third parse the 95% CIs 

for chance and model did not overlap—and the 

model was therefore judged to be statistically 

reliable. In contrast, the 95% CIs for chance 

overlapped for all three parses. 
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