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Maximizing the discriminatory accuracy of a diagnostic or screening test
is paramount to ensuring that individuals with or without the disease (or
disease marker) are correctly identified as such. In this paper, I describe
how the new Stata package for implementing ODA can be used to
determine the optimal cut-point along the continuum of test values that
maximally discriminates between those with and without the disease.

Prior papers1-7 introduced the new Stata package
called oda8 for implementing ODA from within
the Stata environment. This package is a wrapper for the MegaODA software9, and therefore
the MegaODA.exe file must be loaded on the
computer for the oda package to work
(MegaODA software is available at
https://odajournal.com/resources/). To download
the oda package, at the Stata command line
type: “ssc install oda” (without the quotation
marks).
This paper demonstrates how the oda
package can be used for identifying the optimal
cut-point on a diagnostic test to maximally
discriminate between those with and without the
disease (or marker) under study.
Maximizing the discriminatory accuracy
of a diagnostic or screening test is paramount to
ensuring that individuals with or without the

disease are correctly identified as such. An
individual is classified as disease positive if
their test value surpasses a pre-established cutpoint, and is classified as disease negative if
their test value falls below that cut-point.10
Model sensitivity is the proportion of true
disease positives (individuals correctly predicted
by the test as having the disease), and model
specificity is the proportion of true disease
negatives (individuals correctly predicted as not
having the disease).11
Receiver Operating Characteristic or
ROC analysis is a popular approach for
assessing and displaying the overall discriminatory accuracy of diagnostic tests, which
involves plotting sensitivity vs. 1-specificity
across the full range of values for the sample.
Area under the curve (AUC) is then computed
to assess the test’s overall discriminatory ability.
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A test with perfect discriminatory ability has
AUC=1.0, and a test unable to distinguish
between individuals with vs. without disease has
AUC=0.50.11
Using values computed in ROC analysis,
several approaches have been developed to find
the “optimal” cut-point on a diagnostic test at
which individuals are “best” classified. The
“nearest to (0,1) method” finds the cut-point on
the ROC curve closest to the upper left-hand
corner (i.e., the point with perfect sensitivity and
specificity).12 The “concordance probability
method” by Liu13 defines the optimal cut-point
as the point maximizing the product of sensitivity and specificity. And the “Youden index (𝐽)
method” defines the optimal cut-point as the
point maximizing the difference between the
true positive rate and false positive rate over all
possible cut-point values.14
In oda we identify the optimal cutpoint
for a diagnostic test by simply specifying the
reference variable (indicating the true state of
the observation, such as diseased and nondiseased or normal and abnormal) as the class
variable and the rating (or score) of the
diagnostic test (or index) is specified as the
attribute.

(see the help file for oda for a complete
description of the syntax options):
oda event prascore , pathoda("C:\ODA\")
store("C:\ ODA\output") iter(25000) loo
The above syntax is explained as follows: The outcome variable “event” is the class
variable; the PRA score predicting hospitalization is specified as the attribute; the directory
path where the MegaODA.exe file is located on
my computer is “C:\ODA\”; the directory path
where the output and other files generated
during the analysis should be stored is
"C:\ODA\output"; the number of iterations
(repetitions) for computing a permutation Pvalue is 25,000; and leave-one-out analysis is
used to assess cross-generalizability.
The oda package produces an extract of
the total output produced by oda software (the
complete output is stored in the specified directory with the extension “.out”)
ODA model:
---------IF PRASCORE <= 0.2895 THEN EVENT = 0
IF 0.2895 < PRASCORE THEN EVENT = 1
Summary for Class EVENT Attribute PRASCORE
------------------------------------------Performance Index
----------------Overall Accuracy
PAC EVENT=0
PAC EVENT=1
Effect Strength PAC
PV EVENT=0
PV EVENT=1
Effect Strength PV
Effect Strength Total

Methods
Data
For this example, we will re-examine previously
evaluated data15 from 13,667 newly enrolled
HMO Medicare members who completed a
health risk assessment called the PRA test16
where the results classified them as being either
at low or high risk of hospitalization (using a
cut-point of .50 on a 0-1.0 scale) over the course
of the following 25-month period. At the end of
25 months, 2,920 members had been
hospitalized.

Train
LOO
------ -----68.74% 68.73%
74.66% 74.66%
46.95% 46.92%
21.61% 21.58%
83.82% 83.81%
33.49% 33.47%
17.31% 17.28%
19.46% 19.43%

Monte Carlo summary (Fisher randomization):
------------------------------------------Iterations: 25000
Estimated p: 0.000000
Results of leave-one-out analysis
--------------------------------13667 observations
Fisher's exact test (directional) classification table

p = .454E-0106

As shown in the oda output, the ODA
model can be interpreted as follows: “if PRA
score <= 0.2895, then predict that event is 0 (no
hospitalization). If PRA score is > 0.2895, then
predict that the event is 1 (hospitalization).” The
effect strength for sensitivity (ESS) is labelled
in the output as “Effect Strength PAC”. The
ESS is 21.61% (a relatively weak effect)17 in the

Analytic process
To identify the optimal cut-point in this study,
oda is implemented with the following syntax
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training analysis and in LOO. The sensitivity is
46.95% and the specificity is 74.66% (with
identical results for LOO). The permutation Pvalues for both training sample and LOO are
statistically significant P < 0.0001. In summary,
ODA was able to discriminate between the
(non)hospitalized patient groups on the basis of
their score on the PRA test.
The ROC graph below shows a comparison of the ODA results to that of the three other
methods.12-14 ODA and Youden derived identical estimates, and Liu and the nearest [0,1]
approach derived identical estimates. The latter
methods derived a cut-point of 0.2435, sensitivity at the cut-point of 0.5842, and specificity at
the cut-point of 0.6316.

ascertain where the optimal (i.e., maximumaccuracy) cutpoints are on the outcome variable,
which in turn, facilitates the use of measures of
predictive accuracy. Moreover, ODA can perform cross-validation using LOO which allows
for assessing the cross-generalizability of the
model to potentially new study participants or
non-participants.18
Finally, the findings continue to support
our recommendation to employ the ODA and
CTA frameworks to evaluate the efficacy of
health-improvement interventions and policy
initiatives.19-39
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