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This paper compares maximum-accuracy statistical approaches that
address the effect of a confounding variable on estimated association
of class variable and attribute. An example involves modeling patient
ratings of likelihood they will recommend an Emergency Department
to others (class variable) on the basis of five aspects of physician care
behavior (attributes), as well as patient satisfaction with the amount of
time spent waiting to see the physician (confounder).

between the class variable and attribute.3,4 In
applications involving multiple confounders,
partial UniODA is conducted iteratively—with
each iteration removing surviving observations
correctly classified by the current covariate for
the current reduced sample. Known as structural
decomposition, this procedure is analogous to
principal components analysis except that the
former maximizes accuracy, and the latter
maximizes variance.2,3 In the present context,
structural decomposition is an optimal analogue
to hierarchical and “last-to-enter” multiple
regression approaches.3-5
In contrast to UniODA—for which no
distributional assumptions are required6-8, data
must meet crucial distributional assumptions
underlying GLM-based methods.1-9 Also in
contrast to UniODA, removing variability in an
attribute that is attributable to the confounder
uncommonly induces computational instability
(due to the sum-of-squares for error approaching
zero), or reduces statistical power in GLM
methods, due to inaccuracy of GLM models—
even in applications involving simple metrics

Partial UniODA is a two-step procedure
which may be used to obtain a statistical model
that maximizes classification accuracy (normed
versus chance) achieved for a sample, by using
an attribute to classify observations’ actual class
categories, and simultaneously “controlling for”
(eliminating) the effect of a confounder.1 In the
first step of partial UniODA all the observations
correctly classified by a UniODA model that
treats the confounder as an attribute are dropped
from the sample: the surviving observations in
the reduced sample weren’t correctly predicted
by the confounder. The second step of partial
UniODA assesses the non-confounded relation
between the attribute and class variable using
the reduced sample.2
Viewed conceptually, partial UniODA
is an optimal (maximum-accuracy) analogue of
general linear model (GLM) methods—partial
correlation, analysis of covariance (ANCOVA),
backward and stepwise multiple regression, and
hierarchical linear model, for example—that
remove variance attributable to a confounder
(covariate) prior to assessing the relationship
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and high R2 values.10-12 However, because
UniODA models explicitly maximize classification accuracy, associated reduction in sample
size occurring as correctly classified observations are removed rapidly reduces statistical
power.1,13 Partial UniODA is thus conservative
unless the putative confounder is statistically
benign (i.e., is unrelated to the attribute).
Viewed ecologically, partial variance
and partial accuracy methods both have limited
real-world applicability unless the covariate is
benign, or control of the covariate is possible.
The present paper resolves limitations of
partial approaches using an optimal interactive
non-linear method in which level/category of a
confounding (“moderating”) variable influences
attributes used to model corresponding sample
strata.14-23 First, an empirical example used to
facilitate clarity of exposition is introduced.

others=4, N=584) the ED to others (total N=823
patients). Satisfaction ratings of aspects of care
received from physicians—courtesy, took the
patient’s problem seriously, concern for patient
comfort, explanation of test/treatment, and
explanation of illness/ injury—are treated as the
attributes (possible predictors).
Prior research reports that waiting time
to see the physician—in part, a function of case
mix—is a moderate-to-strong predictor of both
patient satisfaction as well as recommendation
ratings.1,7,8,24-31 Because waiting time is neither
directly nor reliably subject to physician control,
the present research objective is to identify
factors under physician control that influence
patient recommendation ratings above and
beyond the effect of waiting time—which is
treated as the confounding variable.

Likelihood of a Patient Recommending the
Emergency Department (ED) to Others

Simple Bivariate Associations of Attributes
and the Confounder with Likelihood of
Recommending the ED to Others

Alternative means of obtaining nonconfounded optimal models are demonstrated
with an example involving factors predicting the
self-rated likelihood of a discharged ED patient
recommending the ED to others.24,25
The study setting was an 800-bed urban
university-based level 1 Trauma center with an
annual census of 48,000 patients.26 One week
post-discharge, patients were mailed a survey
assessing satisfaction with care they received in
the ED (survey return rate=17%). Ratings were
obtained of the likelihood of the patient recommending the ED to others, and of patient satisfaction with administrative, nurse, physician,
laboratory, and family/friend aspects of care.
Ratings were made using a five-point Likerttype scale with 1=very poor, 2=poor, 3=fair,
4=good, and 5=very good.
The dichotomous class variable being
modeled is whether a patient is ambivalent
(rating of likelihood of recommending ED to
others=3, N=239) versus likely to recommend
(rating of likelihood of recommending ED to

All simple bivariate UniODA effects
were consistent with respect to model direction
(increasing satisfaction with patient-care and
with waiting time predicts increasing likelihood
of recommending the ED) and optimal threshold
(critical rating value). For every simple effect
the UniODA model was: if patient rating on the
attribute or covariate is <3 (fair or worse) then
predict patient likelihood to recommend the ED
= 3 (ambivalent); otherwise, if patient rating on
the attribute or covariate is >3 (good or very
good) then predict patient likelihood to recommend the ED = 4 (likely to recommend ED to
others). Simple bivariate associations between
patient self-rated likelihood of recommending
the ED to others, and patient ratings of satisfaction with waiting time and physician patientcare behaviors, are summarized in the first
column of Table 1.
As seen, there was a statistically signifi2,6
cant relationship between patient satisfaction
with waiting time and likelihood of recommending the ED (exact p<0.0001). The strength of
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Table 1: Empirical Comparison of Alternative Strategies for Controlling a Confounding Variable in the ODA Paradigm

Attribute

Bivariate Association with
Self-Rated Likelihood of
Recommending ED to Others

Waiting Time to
See the Physician
(confounder)

p<0.0001
ESS=30.78, D=4.5
N3=238 (72.7, 41.8)
N4=575 (58.1, 83.7)

Physician
Courtesy

p<0.0001
ESS=20.26, D=7.9
N3=236 (26.3, 63.9)
N4=582 (94.0, 75.9)

Physician Took
Patient’s Problem
Seriously

Alternative Strategies of Controlling a Confounding Variable in ODA
(See Text for Detailed Explanation and Discussion)

Discard Observations
Correctly Predicted by the
Confounding Variable

Treat the Confounding
Variable as an Attribute in
an HO-CTA Model

Treat the Confounding
Variable as an Attribute in
an EO-CTA Model

Treat the Confounding
Variable as an Attribute in
a GO-CTA Model

p<0.46
ESS=6.73, D=27.7
N3=65 (46.2, 24.0)
N4=241 (60.6, 80.7)

p’s<0.0091
ESS=37.60, D=8.3
N3=238 (68.9, 47.7)
N4=575 (68.7, 84.2)

p’s<0.0093
ESS=39.66, D=7.6
N3=236 (72.9, 47.4)
N4=575 (66.8, 85.7)

p’s<0.0001
ESS=39.49, D=4.6
N3=236 (56.4, 57.8)
N4=575 (83.1, 82.3)

p<0.0001
ESS=24.83, D=6.1
N3=237 (31.2, 66.7)
N4=579 (93.6, 76.9)

p<0.015
ESS=16.67, D=10.0
N3=65 (24.6, 45.7)
N4=239 (92.1, 81.8)

p’s<0.0001
ESS=40.91, D=5.8
N3=238 (55.0, 61.8)
N4=573 (85.9, 82.1)

p’s<0.0001
ESS=44.33, D=3.8
N3=237 (61.6, 59.6)
N4=573 (82.7, 83.9)

EO-CTA and GO-CTA
models were identical

Physician Concern p<0.0001
For Patient’s
ESS=22.62, D=6.8
Comfort
N3=236 (34.3, 54.4)
N4=581 (88.3, 76.8)

p<0.29
ESS=8.08, D=22.8
N3=65 (23.1, 29.4)
N4=240 (85.0, 80.3)

p’s<0.031
ESS=40.16, D=7.5
N3=238 (61.8, 54.2)
N4=574 (78.4, 83.2)

HO-CTA and EO-CTA
models were identical

p’s<0.0001
ESS=39.84, D=4.5
N3=236 (61.4, 53.9)
N4=574 (78.4, 83.2)

Physician
Explanation of
Test/Treatment

p<0.0001
ESS=28.11, D=5.1
N3=237 (41.4, 56.3)
N4=574 (86.8, 78.2)

p<0.0006
ESS=24.26, D=6.2
N3=65 (36.9, 44.4)
N4=237 (87.3, 83.5)

p’s<0.0001
ESS=43.36, D=6.5
N3=237 (66.2, 54.7)
N4=568 (77.1, 84.6)

HO-CTA and EO-CTA
models were identical

p’s<0.0001
ESS=43.36, D=3.9
N3=237 (66.2, 54.7)
N4=568 (77.1, 84.6)

Physician
Explanation of
Illness/Injury

p<0.0001
ESS=31.27, D=4.4
N3=233 (48.5, 53.6)
N4=569 (82.8, 79.7)

p<0.0028
ESS=19.83, D=8.1
N3=64 (39.1, 35.7)
N4=234 (80.8, 82.9)

p’s<0.0001
ESS=43.54, D=3.9
N3=233 (70.0, 52.2)
N4=564 (73.6, 85.6)

HO-CTA, EO-CTA, and
GO-CTA models were
identical

HO-CTA, EO-CTA, and
GO-CTA models were
identical
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the relationship is assessed using the effect
strength for sensitivity (ESS) statistic, which is
normed against chance for any design, sample,
and hypothesis: ESS=0 is the level of classification accuracy that is expected for the application
by chance, and ESS=100 is perfect, errorless
classification.2,19,32-34 By convention, ESS<25 is
considered a relatively weak effect; ESS<50 is a
moderate effect; ESS<75 is a relatively strong
effect; and ESS>75 is a strong effect.2
In the optimal data analysis (ODA) paradigm, a theoretically ideal model is defined as a
perfectly accurate, maximally parsimonious
model for a given application.35,36 For any given
application, the model that is closest to the theoretically ideal model (in accuracy-by-parsimony
space) is selected as the best, or “globally optimal” model for the specific application.34,35 The
distance, D, of an empirical model from the theoretically ideal model for any given application
is computed as a function of ESS and parsimony, and is presented for every model in Table
1.37 As seen, the UniODA model for waiting
time is second-closest to a theoretically ideal
model versus all attributes except for physician
explanation of patient illness/injury (D=4.5 and
4.4, respectively).
As described earlier, the UniODA model
for waiting time was: if satisfaction with waiting
time <3 predict likelihood to recommend ED=3;
if satisfaction with waiting time >3 predict likelihood to recommend ED=4. Figure 1 presents
an illustration of this UniODA model: circles
represent attributes; rectangles indicate model
endpoints (unique patient strata); branches show
pathways through the model; values adjacent to
branches are the optimal (maximum-accuracy)
threshold values; values inside endpoints give
the percent of class=4 observations in the strata;
and numbers beneath endpoints indicate the
number of observations (patients) predicted by
the model to fall into all strata.16
Omnibus performance of the UniODA
model for the total sample is summarized using
a confusion matrix (Table 2).

Figure 1: UniODA Model Predicting Likelihood
of Recommending ED as a Function of
Satisfaction with Waiting Time

Satisfaction
with
Waiting Time

Fair or
Worse

Good or
Very Good

p<0.0001

58.2% Likely to
Recommend the
ED to Others

83.7% Likely to
Recommend the
ED to Others

N = 414

N=399

As seen, a total of (173 + 65) = 238
patients were ambivalent, and of these a total of
173 (72.7%) were correctly predicted by the
UniODA model. And, a total of (241 + 334) =
575 patients were likely to recommend the ED
to others, and of these a total of 334 (58.1%)
were correctly predicted by the UniODA model.
The percentage of observations of a given class
category that are correctly predicted by the
model is called the sensitivity of the model for
the given class category.2 Table 1 reports the
number of observations in each class category
(N3, N4), and the corresponding sensitivities for
each class category.
Table 2: Confusion Table for the UniODA
Model Predicting Likelihood of Recommending
ED Based on Satisfaction with Waiting Time
Predicted
Recommendation

90

Actual

3

3
173

Recommendation

4

241

4
65
334
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Table 1 also reports the UniODA model
predictive value for each class category.2,34,38 As
seen in Figure 1, the UniODA model predicted
414 observations had likelihood=3 and 173
(41.8%) were correctly classified, and the model
predicted 399 observations had likelihood=4
and 334 (83.7%) were correctly classified. Note
that Table 1 reports model predictive values
after model sensitivities. Overall the UniODA
model correctly classified 3 of 4 patients who in
reality were ambivalent, and 3 of 5 patients who
in reality were likely to recommend the ED.
When the model predicted a patient was ambivalent it was correct for 2 of 5 patients, and when
it predicted a patient was likely to recommend
the ED it was correct for 7 of 8 patients.
Examination of simple bivariate models
reveals that the confounding variable (waiting
time) and the two attributes assessing physician
explanations given to the patient yielded moderate effect strength, and that the other attributes
yielded relatively weak effects. All UniODA
models obtained for physician patient-care
ratings yielded sensitivity greater than 75% for
accurate classification of patients who in reality
were likely to recommend the ED to others, and
these five models achieved a predictive value
greater than 75% for making accurate predictions regarding those patients who are likely to
recommend the ED to others. Only the UniODA
model obtained for satisfaction with waiting
time yielded a sensitivity of approximately 75%
for accurate classification of patients who in
reality were ambivalent. Considered as a whole
these results suggest that fair (or worse) waiting
times reduce the likelihood of a positive recommendation, whereas good or very good physician patient-care behaviors increase the likelihood of a positive recommendation.

UniODA, are summarized in the second column
of Table 1. All models having p<0.05 had the
same direction and optimal threshold identified
in simple bivariate analysis. Performance for the
models involving physician courtesy and
physician concern for patient comfort were not
statistically significant. Only the performance of
the model involving physician explanation of
test/treatment was statistically significant at the
experimentwise criterion (Sidak p<0.05): the
performance of the remaining models was statistically significant only at the generalized (percomparison p<0.05) criterion.2,19
Of the five attributes, the performance of
the non-confounded model for the physician’s
explanation of test/treatment was influenced the
least by the confounder, yielding 10.9% lower
sensitivity for class category 3 (ambivalent) and
0.6% greater sensitivity for class category 4
(likely to recommend the ED to others) versus
the simple bivariate model. In contrast, the performance of the non-confounded model for physician courtesy was influenced the most by the
confounder, yielding 75.7% greater sensitivity
for class category 3 (the improved sensitivity of
46.2% was nevertheless 3.8% less than expected
by chance), and 35.5% lower sensitivity for
class category 4 (for this model ESS=6.7, a very
weak effect). Non-confounded models for the
other three attributes all had marginally lower
sensitivity for class category 4, and substantially
lower sensitivity for class category 3: the values
respectively were 3.7% and 32.7% lower for the
model of physician’s concern for the patient’s
comfort; 1.6% and 19.4% lower for the model
of physician took the patient’s problem seriously; and 2.4% and 19.4% lower for the model
of physician’s explanation of illness/injury. For
the three non-confounded models with generalized p<0.05 there was a mean reduction of 1.1%
in sensitivity for patients likely to recommend
the ED, and of 17.2% in sensitivity for ambivalent patients. As stated earlier, the model for
waiting time best predicted ambivalence as a
function of dissatisfactory waiting times, and

Analysis by Partial UniODA
Associations between the likelihood of
recommending the ED to others and the five
physician patient-care evaluations—with the
effect of waiting time eliminated using partial
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when this effect was eliminated from models for
the physician ratings the effect was to reduce the
accuracy of the adjusted models for prediction
of ambivalence.
Reduction in normed accuracy occurring
for models corrected for confounding via partial
UniODA is evident in the D statistic indicating
distance of the empirical model from a theoretically ideal model.37 Compared to the simple
bivariate model, D for the corresponding nonconfounded partial UniODA model was greater
by between 21.6% (physician explanation of
test/treatment) and 250.6% (physician courtesy).
As seen in Table 1, for every attribute except for
physician explanation of test/treatment, D for
the partial UniODA model was the greatest
distance that was reported for the attribute.
In addition to reducing normed accuracy,
partial UniODA also greatly reduced the sample
size available for assessing the non-confounded
relationships. Even though the normed effect
strength (ESS) of the confounder used to predict
patient rating of likelihood to recommend the
ED to others fell into the moderate range, the
UniODA model for waiting time nevertheless
correctly classified almost two-thirds of the
observations, leaving only 37% of the original
sample available for assessing non-confounded
relationship of the patient likelihood rating and
rated dimensions of physician behavior.
Quantitative challenges to (sub)optimal
partial methods—reduction in normed accuracy
and in statistical power—represent significant
statistical engineering issues. However, the
qualitative challenge to partial methods—the
ecological utility of the findings—calls into
question the theoretical significance of these
methods. In the present context, for example,
after eliminating the effect of waiting time,
patient ratings of the physician’s explanation of
the patient’s illness/injury predict if the patient
is likely to recommend the ED (sensitivity=
82.8), but fail to predict (at a level that exceeds
the accuracy expected by chance) if the patient
is ambivalent in this respect (sensitivity=48.5).

Pragmatically, how is this laboratory finding
translated into clinical care? Real-world differences in patient satisfaction with waiting time
exist, and they cannot simply be eliminated
from consideration in the clinical setting. What
do these inter-patient differences in satisfaction
with waiting time imply for the validity of the
finding that explanation of illness/injury facilitates patient recommendations of the ED to
others? Viewed from a translational perspective,
rather than eliminating confounding or moderating factors from the analysis, an actionable
approach involves including the confounder
(moderator) in the analysis, and assessing the
manner in and extent to which it influences
patient decision-making.
Analysis by Classification Tree Analysis
Optimal (maximum-accuracy) classification tree analysis (CTA) is the quintessential
methodology for studying moderation in multiattribute applications.14-23,26,30,31 CTA chains
successive UniODA models, creating a multivariable system that explicitly maximizes ESS
for the sample, data geometry, and hypothesis
under investigation. Three modalities of optimal
CTA have been developed. The first modality is
known as hierarchically-optimal CTA (HOCTA), which enters the attribute providing the
greatest ESS in the model at every step of the
analysis.14,19,39-41 The second modality is known
as enumerated-optimal CTA (EO-CTA), which
enumerates the first three nodes of the tree
model in order to obtain the model that yields
maximum ESS.16,20,40-44 The final modality is
known as globally-optimal CTA (GO-CTA),
which identifies the CTA model that presents
the best41 combination of accuracy and parsimony for a given sample, data geometry, and
hypothesis.23-25,30,31,35-37
HO-CTA enables the operator to force
attributes into any desired location in the tree
model.16 For example, in the present context, it
is possible to force the confounding variable
(waiting time) to enter the HO-CTA at the root
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node (the first variable in the model). This is
conceptually consistent with several widelyused GLM methods, such as hierarchical linear
models or stepdown (“backwards”) multiple
regression analysis.3,4 As seen in Table 1, waiting time had a greater ESS than all ratings of
physician patient-care behaviors except for physician explanation of illness/injury. Thus, except
for the latter attribute, waiting time was the
initial variable in the HO-CTA analyses. Schematic illustrations of UniODA and CTA models
follow the same conventions and are subject to
complementary interpretations.

ambivalent about waiting time, physician courtesy is important: 2 of 5 patients ambivalent
about or dissatisfied with physician courtesy are
likely to recommend the ED, versus 7 of 10
patients rating physician courtesy as good, and 8
of 9 patients rating courtesy as very good (this
latter difference is not statistically significant at
the experimentwise criterion). Evaluated from a
quantitative perspective, the D statistic of 8.3
for this model (Table 1) is substantially superior
to the partial UniODA model (D=27.7), but the
HO-CTA model has weak efficiency (ESS /
number of strata35) of 7.52. The weak efficiency
is in part attributable to redundant endpoint performance—the percent of (dis)satisfied patients
is similar for multiple model endpoints.41 When
evaluated qualitatively the model is difficult to
translate into clinical practice: an ambivalent
satisfaction rating for waiting time is difficult to
ascertain in a clinical setting.28,29
Figure 3 presents the EO-CTA model for
this application.

Physician Courtesy
Figure 2 presents the HO-CTA model
obtained by using patient ratings of the physician’s concern for the patient’s comfort, and
satisfaction with waiting time, as attributes.
Figure 2: HO-CTA Model: Physician Courtesy

Figure 3: EO-CTA Model: Physician Courtesy

Waiting
Time
p<0.0001

p<0.0001

Courtesy

Poor or
Very Poor

Good or
Very Good

Fair

40.2%

p<0.0001

Fair or
Worse

83.7%

Good or
Very Good

Courtesy
N=169

N=399
36.1%
p<0.0001

Fair or
Worse

Good

Waiting
Time

p<0.01

N=97

Very
Good

p<0.0001

Poor or
Very Poor

42.9%

70.7%

87.1%

N=42

N=133

N=70

p<0.008

Good or
Very Good

Fair

46.6%

85.4%
Courtesy

N=133

As seen, this model uses two attributes
to identify five distinct patient strata. Waiting
time is the root variable: 2 of 5 patients who are
dissatisfied with waiting time are likely to recommend the ED to others, compared to 7 of 8
patients who are satisfied. For patients who are

N=378
p<0.01

Good

93

Very Good

70.7%

87.1%

N=133

N=70
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Quantitatively this model has a marginally smaller D statistic (7.6) than the HO-CTA
model, but it is comparably complex (five strata
are identified), has comparably weak efficiency
(7.93), two endpoints are redundant, and two of
four Type I error rates are not statistically significant at the experimentwise criterion. Qualitatively the HO-CTA and EO-CTA models are
both complex, limiting their translation into
clinical practice.
Finally, Figure 4 presents the GO-CTA
model for this application.

and two endpoints are redundant. Qualitatively
the model is promising. The primary factor
influencing the likelihood that a patient will
recommend the ED to others is the actionable
physician behavior of expressing courtesy to the
patient: interventions may be employed to
address deficiencies and to establish a baseline
level of competency in this regard.45,46 For physician-patient interactions rated as reflecting
good or very good courtesy, the secondary
factor influencing a positive recommendation is
waiting time, which can be ambivalent or better
and still motivate a positive outcome from 7 of
8 patients. Satisfaction with waiting time may
be achieved as a synergy between nurse management of patient waiting time expectations27,28
and information systems developed to help
health care workers to keep abreast of patient
actual waiting times.47

Figure 4: GO-CTA Model: Physician Courtesy

Courtesy

Fair or
Worse

p<0.0001

Good or
Very Good

Physician Takes Patient’s Problem Seriously
36.1%

Figure 5 presents the HO-CTA model
obtained by using satisfaction with waiting time,
and patient ratings of satisfaction with the
degree to which the physician approached the
patient’s problem seriously, as attributes.

Waiting
Time

N=97

p<0.0001

Poor or
Very Poor

Fair or
Better

46.6%

82.3%

N=133

N=581

Figure 5: HO-CTA Model: Physician Took
Patient’s Problem Seriously
Waiting
Time

Quantitatively the GO-CTA model has a
substantially smaller D statistic (4.6) than all
other models in this application; it is the least
complex of all CTA models (only three strata
are identified), even though the model achieved
ESS nearly as strong as achieved by the more
complex EO-CTA model); it has relatively weak
efficiency (13.16) which, nevertheless, is substantially stronger than was achieved by other
models; and both Type I error rates are statistically significant at the experimentwise criterion.
Weaknesses of the model include sensitivity for
predicting ambivalence that is only marginally
greater than expected by chance (see Table 1);

p<0.0001

Poor or
Very Poor

p<0.0001

Good or
Very Good

Fair

40.3%

83.7%

Took
Problem
Seriously

N=169

N=399

p<0.0001

Fair or
Worse

94

Good or
Very Good

30.2%

79.0%

N=43

N=200
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As seen, this model identifies four
patient strata. Waiting time is the root variable:
2 of 5 patients who are dissatisfied with waiting
time are likely to recommend the ED to others,
compared to 7 of 8 patients who are satisfied.
For patients who are ambivalent about waiting
time, the perceived degree to which the physician approached the patient’s problem is
important: 3 of 10 patients ambivalent about or
dissatisfied with physician serious problemsolving are likely to recommend the ED, versus
8 of 10 patients satisfied with their perception of
the physician’s serious problem-solving
approach (all effects were statistically significant at the experimentwise criterion). Evaluated
quantitatively, the D statistic of 5.8 for this
model (Table 1) is substantially superior to the
partial UniODA model (D=10.0), but the HOCTA model has relatively weak efficiency of
10.23. The weak efficiency is in part attributable
to redundant endpoint performance—the percent
of (dis)satisfied patients is similar for endpoints
on the left-hand side and on the right-hand side
of the model. Qualitatively the model is difficult
to translate into clinical practice because, again,
an ambivalent satisfaction rating for waiting
time is difficult to ascertain in a clinical setting.
Figure 6 gives EO-CTA and GO-CTA
models—which were identical in this application. These models have the same structure and
optimal thresholds as the GO-CTA model for
physician courtesy. The D statistic of 3.8 is the
lowest identified in this study. Little research
addresses non-serious physician treatment of a
patient’s problem. It is reported that cultural
influences and embedded cultural implications
of some diseases (e.g., sexual, mental illness,
obesity, alcoholism, drug addiction) may render
some physicians to be a poor match for some
patients.48 Poorly understood diseases, such as
fibromyalgia49 and hypermobility syndrome50,
can frustrate both patients and care-givers. The
present finding, and the paucity of research in
this area, suggests that refining this theoretical
construct and its measurement are warranted.

Figure 6: EO-CTA and GO-CTA Models:
Physician Took Patient’s Problem Seriously
Took
Problem
Seriously
p<0.0001

Fair or
Worse

33.3%

Good or
Very Good

Waiting
Time

N=111

p<0.0001

Poor or
Very Poor

Fair or
Better

46.3%

83.9%

N=134

N=565

Physician Concern for Patient’s Comfort
Figure 7 presents the HO-CTA and EOCTA models—identical in this application—
obtained using satisfaction with waiting time,
and patient ratings of satisfaction with physician
concern for patient comfort, as the attributes.
Figure 7: HO-CTA and EO-CTA Models:
Concern for Patient’s Comfort
Waiting
Time
Poor or
Very Poor

p<0.0001

p<0.0001

Good or
Very Good

Fair

40.2%
N=169

Patient
Comfort
p<0.0001

Fair or
Worse

95

Good or
Very Good

Patient
Comfort

p<0.04

Fair or
Worse

Good or
Very Good

43.6%

78.3%

68.1%

85.8%

N=55

N=189

N=47

N=352
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As seen the model identifies five patient
strata: the D statistic indicates a mediocre effect,
the efficiency of the model (8.03) is weak, some
endpoints are redundant, not all Type I error
rates are statistically significant at the experimentwise criterion, and the model is difficult to
translate into clinical practice.
The GO-CTA model obtained in this
application is presented in Figure 8.

Figure 9: HO-CTA and EO-CTA Models:
Explanation of Test/Treatment
Waiting
Time
Fair or
Worse

Explain
Test/
Treatment

Figure 8: GO-CTA Model:
Concern for Patient’s Comfort
Patient
Comfort

28.8%

45.6%
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Very Good

Poor or
Very Poor
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Fair or
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Waiting
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Good or
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65.7%
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N=70

N=326

p<0.0001

Poor or
Very Poor

Waiting
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N=149

p<0.0001

Good or
Very Good

N=104
p<0.0001

Explain
Test/
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p<0.0001

Fair or
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Fair or
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Good or
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p<0.0001

Fair or
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46.7%

83.2%

N=120

N=541

Fair

47.8%

79.7%

N=113

N=192

As seen the model uses four attributes
(the most complex model reported presently) to
identify five patient strata: the quality (D=8.67)
and efficiency (8.67) of the model are mediocre,
two endpoints are redundant, and the model is
exceedingly difficult to translate into clinical
practice.
The GO-CTA model obtained for this
application is presented in Figure 10. Consistent
with the GO-CTA model that was identified for
physician serious problem-solving orientation,
the D statistic of 3.9 is low—indicative of a
powerful model. Consistent with the GO-CTA
model that was identified for physician concern
for patient comfort, D would have been higher
were the two left-most endpoints non-redundant
and surpassed the classification accuracy that is
expected by chance. Research examining this
attribute in the context of patient recommendation of the ED has not been reported, however
physician “explanation” has been reported as
secondary to physician interpersonal skills in

This model (also) has the same structure
and optimal thresholds as the GO-CTA model
for physician courtesy. The D statistic of 4.5 is
relatively low, and it would be higher were the
two left-most endpoints non-redundant and also
greater than the level of classification accuracy
that is expected by chance. Comfort, specifically
pain management, is a well-known correlate of
patient satisfaction.51
Physician Explanation of Test/Treatment
Figure 9 presents the HO-CTA and EOCTA models—identical in this application—
obtained using satisfaction with waiting time,
and patient ratings of satisfaction with physician
explanation of the test/treatment, as attributes.
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predicting hospital recommendations of patients
being treated for stroke, diabetes mellitus,
Caesarean section, or appendectomy.52

Figure 11: HO-CTA, EO-CTA, and GO-CTA
Models: Explanation of Illness/Injury
Explain
Illness/
Injury

Figure 10: GO-CTA Model:
Explanation of Test/Treatment
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care behaviors are strongly associated, this was
not the case: while directional (confirmatory)
and non-directional (exploratory) models of
inter-rating association were statistically significant at the experimentwise criterion, the ESS
statistics ranged between 34.1 and 63.2—that is,
between moderate to relatively strong effects.2,53
Nevertheless, the GO-CTA model obtained by
using waiting time and all five of the physician
patient-care behaviors as attributes was identical
to the GO-CTA model obtained by using only
waiting time and rating of whether the physician
took the patient’s problem seriously (Figure 6).
In order to better understand patient recommendation of the ED, superior measures of the current constructs, and/or additional, presently
unmeasured attributes are needed.
Another aspect of consistency between
the five GO-CTA models is the pattern of the
findings. For each model the right-most endpoint (reflecting satisfaction with physician
behavior, and absence of dissatisfaction with
waiting time) is strongly homogeneous—at least
4 of 5 observations in the endpoint were consistent in reporting being likely to recommend
the ED to others. For each model the middle

Physician Explanation of Illness/Injury
Finally, Figure 11 presents the identical
HO-CTA, EO-CTA, and GO-CTA models that
were obtained using satisfaction with waiting
time, and patient ratings of satisfaction with
physician explanation of illness/injury, as the
attributes. Consistent with the GO-CTA model
that was identified for physician explanation of
illness/injury, the D statistic of 3.9 is low—
indicative of a powerful model, and would have
been higher were the two left-most endpoints
non-redundant and if they surpassed the classification accuracy that is expected by chance.
Discussion
The consistency of all five of the GOCTA models that were identified presently is
striking—all had identical structure, including
optimal threshold values. While this result is to
be anticipated if the ratings of physician patient97
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cross-generalizable.57,58 An androgynous
behavioral repertoire has been shown to be
related to lower reliance on technology to solve
complex and difficult decision-making tasks
among both new and also experienced
physicians.59,60 An androgynous predisposition
in physicians has also been shown to be related
to psychological empathy—reflecting cognitive
understanding of (versus sympathy—reflecting
an emotional reaction to) the condition of a
patient.61,62 Consistent with results obtained for
androgyny, an empathic orientation has been
shown to be related to lower utilization of
technology when solving complex, difficult
decision-making tasks among physicians.63
Research is warranted that compares the
satisfaction and quality-of-care of both patients
and their attending physicians, when both
members of the dyad have complementary
homeostatic preferences for instrumental and
expressive aspects of patient-care. In the event
that training physicians to detect the preference
of the patient for these independent dimensions
proves to be difficult and/or unsuccessful, it is
possible that an efficient pre-screening of new
patients will enable administrators to assign
patients and physician dyads that are primed for
optimal outcomes with respect to desired and
delivered patterns of patient-care.64

endpoint (reflecting satisfaction with physician
behavior, and dissatisfaction with waiting time)
was least homogeneous—with half of the observations reporting being likely to recommend the
ED to others. The left-most endpoint ranged
between moderately homogeneous (ratings of
physician courtesy, and of serious problemsolving orientation) to heterogeneous (ratings of
concern for patient comfort, and explanation of
test/treatment and injury/illness). In a theoretically ideal classification model, all endpoints
are perfectly homogeneous, and classification
accuracy is perfect.35 Clearly, therefore, the two
left-most endpoints identify the patient strata for
which the GO-CTA models require additional,
presently unmeasured attributes, in order to
achieve substantial improvement in their
normed accuracy—and thereby minimize D.2,54
Substantively, the two strongest GOCTA models identified—based on courtesy and
serious problem-solving orientation—are conceptually consistent with theoretical constructs
known as expressive and instrumental predispositions, respectively.55 Popularized by the study
of psychological androgyny—a “personality”
typology defined as a behavioral repertoire consisting of many instrumental (concern with getting the job done) and expressive (concern for
the well-being of others) capabilities—these
behavioral dimensions have also been identified
in research in related fields such as management
(production- and employee-centered focus,
respectively), leadership (initiating structure—
or task completion focus, and consideration—or
psychological closeness of leader and subordinate, respectively), and conflict resolution
(assertiveness—concern with one’s own needs,
and cooperation—concern with others’ needs,
respectively), among others.55 These dimensions
may be measured for physicians using brief selfrating instruments.56 Scores on instruments
assessing these dimensions have been found to
possess excellent psychometric (i.e., reliability)
properties, and some evidence suggests that
measures of these constructs are culturally
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