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This paper illustrates testing directional hypotheses for test-retest Likert
ratings of positive and negative emotional states and personality traits for
males and females, using the Stata package for implementing ODA.

Recent papers!2 introduce the new Stata pack-
age called oda?’ for implementing ODA from
within the Stata environment. This package is a
wrapper for the MegaODA software system?-%,
so the MegaODA .exe file must be loaded on the
computer for oda to work.®* To download the
oda package, at the Stata command line type:
“ssc install oda” (without the quotation marks).
Using test-retest methodology to assess
temporal reliability requires a minimum of two
administrations of a single test, survey, or other
measurement methodology. In the absence of
test-specific learning a person (or any object of
assessment) completing the same test twice is
hypothesized to obtain identical scores on both
administrations.>% Discussion concerning the
advantages and challenges associated with this
popular methodology is presented elsewhere.*
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This paper demonstrates using oda to
evaluate directional hypothesis for a design as-
sessing test-retest reliability of state (transitory)
vs. trait (enduring) phenomena, measured using
Likert scales, for combined and separate sam-
ples of male and female undergraduates.?

Methods
Data

Bryant and Yarnold obtained data assessing
two-week temporal stability of the emotional
experience for 160 undergraduates. Affect was
measured using single-word descriptors of their
current state of mind, which were rated using 5-
point Likert items (0O=not at all accurate; 4=very
accurate).3* The four items used in this example
were peeved, lonely, cheerful, and friendly. The
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first and second items assess negative affect,
and the third and fourth items assess positive
affect. The first and third items measure tem-
porary, rapidly changing affect (emotional
states), whereas the second and fourth items
reflect stable, slowly changing affect (person-
ality traits).

Each observation in the sample received
two scores for each of the four affects: for each
the first assessment was indicated by placing the
numeral “1” after the name of the affect (e.g.,
peevedl, friendlyl), and the second assessment
was indicated by placing the numeral “2” after
the name of the affect (e.g., peeved2, friendly2).
Each observation’s gender was also recorded:
male=1, female=0.

Analytic Process

We separately evaluate test-retest reliability of
all four affective measures, beginning with the
total sample. We test the directional (“confirm-
atory”) alternative hypothesis that a person’s
affect (i.e., Likert score) at the first testing (class
variable) is identical to the corresponding affect
at the second testing (attribute). The null hy-
pothesis is this is not true. Of course, if theoreti-
cally salient, the second rating could be treated
as the class variable, and the first rating as the
attribute (a recommended exercise for those
learning the ODA paradigm).323

The first analysis was run for “peeved”
(hypothesized to reflect a transitory state) via
the following oda syntax (see the oda help file
for a complete description of syntax options):

oda peevedl peeved2, pathoda("C:\ODA\")
store("C:\ODA\") iter(10000)
direction(< 0 1 2 3 4) sidak(4)

This syntax is explained as follows:
peevedl is the class variable; peeved? is 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 are
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stored is "C:\ODA\output"; the number of itera-
tions (repetitions) for computing a permutation
P-value is 10,000; the directional command
specifies the hypothesis that responses to the
class variable and attribute should be directly
consistent; and the hypothesis is evaluated using
the Sidak Type I error rate®? (p value corrected
for four hypothesis tests, one for each of the
four variables analyzed in this example).

No solution was found for this problem,
so the a priori hypothesis was not supported.
Failure to identify a solution implies that at least
one class category level was empty (i.e., that no
observation used one or more of the category
levels for this variable), or the hypothesized
directional structure is untenable given the actu-
al responses of the observations. Since none of
the class categories is empty, it is concluded that
the directional hypothesis is untenable given the
structure underlying observations’ responses).

The possibility that a nonlinear rela-
tionship underlies the temporal mapping from
peevedl to peeved2 may be tested, however
exposition of this methodology lies outside the
scope of this article.3236-41

Similarly, no solution was identified for
the other state affect, cheerful (the oda syntax is
identical to the syntax for peeved, except that
“cheerful” is substituted for “peeved”). Thus,
emotional states examined in this study did not
demonstrate two-week test-retest reliability
when combining data for males and females.

It is possible that combining data for
males and females induced Simpson’s paradox,
whereby the result obtained for the total sample
differed from the result obtained for the separate
groups.323842 This possibility is easily checked
by adding the following command to the Stata
oda program to use only the data for males:

if gender==1,
or

if gender==0,
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to use only the data for females. In both cases,
as for the combined data, no solution was identi-
fied: no evidence of paradoxical confounding
emerged in analysis of emotional states.

Analysis next evaluated the test-retest
reliability of putatively stable personality traits:
lonely (indicated as lonelyl and lonely2); and
friendly (friendlyl, friendly2). As before, the
first analysis considered data for the total
sample combining data for males and females.

Considering first the results for lonely,
the oda package produces the following 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 LONELY1l <= 0.5 THEN LONELY2 = 0

IF 0.5 < LONELY1l <= 1.5 THEN LONELY2 = 1
IF 1.5 < LONELY1l <= 2.5 THEN LONELY2 = 2
IF 2.5 < LONELY1l <= 3.5 THEN LONELY2 = 3
IF 3.5 < LONELY1l THEN LONELY2 = 4

summary for Class LONELY2 Attribute LONELY1l

Performance Index Train

overall Accuracy 59.38%
PAC LONELY2=0 77.11%
PAC LONELY2=1 42 .86%
PAC LONELY2=2 35.00%
PAC LONELY2=3 27.27%
PAC LONELY2=4 75.00%
Effect Strength PAC 39.31%
PV LONELY2=0 77.11%
PV LONELY2=1 40.91%
PV LONELY2=2 36.84%
PV LONELY2=3 30.00%
PV LONELY2=4 75.00%
Effect Strength pv 39.96%
Effect Strength Total 39.64%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.000000
Sidak Adjusted (4) p: 0

As seen, classification performance of
the ODA model corresponds to a statistically
significant (conventionally reported as per-
comparison p<0.0001) effect. Effect strength for
sensitivity*® (ESS) is labelled in the output as
“Effect Strength PAC” (Percentage Accurate
Classification). For the confirmatory hypothesis
ESS is 39.31%, which meets the criterion
(25<ESS<50) for classification as a moderate
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effect.3? An exact discrete confidence interval
(C1) for this result, as well as for chance, may be
computed.*445

Here, PAC is “percentage accuracy in
classification,” also called model sensitivity.
Since there are five class categories, sensitivity
of 100%/5 = 20% is expected by chance for
each of the five categories.*® Best performance
was achieved for class 0 (not at all accurate),
and for class 4 (very accurate). Exact discrete
confidence intervals for sensitivity may be
obtained for each class category, to ascertain
which (if any) correspond to “guessing” (i.e.,
overlap the 95% CI for chance).***

Results obtained conducting the same
analysis separately for males indicates a
moderate ESS of 41.27%

ODA modeT:

LYl <= 0.5 THEN LONELY2 = 0
< LONELY1l <= 1.5 THEN LONELY2
< LONELY1l <= 2.5 THEN LONELY2
<
<

o
WN R

LONELY1l <= 3.5 THEN LONELY2
LONELY1 THEN LONELY2 = 4

Ssummary for Class LONELY2 Attribute LONELY1l

Performance Index Train

overall Accuracy 58.62%
PAC LONELY2=0 82.22%
PAC LONELY2=1 40.00%
PAC LONELY2=2 28.57%
PAC LONELY2=3 14.29%
PAC LONELY2=4 100.00%
Effect Strength PAC 41.27%
PV LONELY2=0 77.08%
PV LONELY2=1 38.10%
PV LONELY2=2 36.36%
PV LONELY2=3 20.00%
PV LONELY2=4 50.00%
Effect Strength pPv 30.39%
Effect Strength Total 35.83%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.000000
Sidak Adjusted (4) p: 0

Conducting this analysis separately for
females indicates moderate ESS of 45.79%.

Since the ESS obtained for the separate
groups both exceed the ESS obtained for the
combined sample, there is evidence of
paradoxical confounding: thus, data should not
be combined.*?
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ODA model :

IF LONELY1l <= 0.5 THEN LONELY2 = 0

IF 0.5 < LONELY1l <= 1.5 THEN LONELY2 = 1
IF 1.5 < LONELY1l <= 2.5 THEN LONELY2 = 2
IF 2.5 < LONELY1l <= 3.5 THEN LONELY2 = 3
IF 3.5 < LONELY1l THEN LONELY2 = 4

summary for Class LONELY2 Attribute LONELY1l

performance Index Train

overall Accuracy 60.27%
PAC LONELY2=0 71.05%
PAC LONELY2=1 45.45%
PAC LONELY2=2 50.00%
PAC LONELY2=3 50.00%
PAC LONELY2=4 66.67%
Effect Strength PAC 45.79%
PV LONELY2=0 77.14%
PV LONELY2=1 43.48%
PV LONELY2=2 37.50%
PV LONELY2=3 40.00%
PV LONELY2=4 100.00%
Effect Strength Pv 49.53%
Effect Strength Total 47 .66%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.000000
Sidak Adjusted (4) p: 0

Unlike emotional states which failed to
demonstrate stability, the personality trait
“lonely” is moderately consistent across time.

A different finding emerged in analysis
of the test-retest stability of the trait “friendly.”
For the combined sample of males and females,
moderate ESS=29.88.

ODA model:

IF FRIEND1 <= 0.5 THEN FRIEND2 = O

IF 0.5 < FRIEND1 <= 1.5 THEN FRIEND2 = 1
IF 1.5 < FRIEND1 <= 2.5 THEN FRIEND2 = 2
IF 2.5 < FRIEND1l <= 3.5 THEN FRIEND2 = 3
IF 3.5 < FRIEND1 THEN FRIEND2 = 4

summary for Class FRIEND2 Attribute FRIEND1

Performance Index Train

overall Accuracy 40.00%
PAC FRIEND2=0 45.16%
PAC FRIEND2=1 35.14%
PAC FRIEND2=2 36.84%
PAC FRIEND2=3 35.71%
PAC FRIEND2=4 66.67%
Effect Strength PAC 29.88%
PV FRIEND2=0 50.00%
PV FRIEND2=1 38.24%
PV FRIEND2=2 31.82%
PV FRIEND2=3 50.00%
PV FRIEND2=4 33.33%
Effect Strength PV 25.85%
Effect Strength Total 27.86%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.000000
Sidak Adjusted (4) p: 0
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Separate analysis of the trait of friendly
yielded ESS=36.24 for males.

ODA model:

IF FRIEND1 <= 0.5 THEN FRIEND2 = 0
IF 0.5 < FRIEND1 <= 1.5 THEN FRIEND2
IF 1.5 < FRIEND1 <= 2.5 THEN FRIEND2
IF 2.5 < FRIEND1 <= 3.5 THEN FRIEND2
IF 3.5 < FRIEND1 THEN FRIEND2 = 4

o
wWN R

FRIEND1

overall Accuracy
PAC FRIEND2=0

PAC FRIEND2=1

PAC FRIEND2=2

PAC FRIEND2=3

PAC FRIEND2=4
Effect Strength PAC
PV FRIEND2=0

PV FRIEND2=1

PV FRIEND2=2

PV FRIEND2=3

PV FRIEND2=4

Effect Strength PV
Effect Strength Total

53.85%
31.25%
30.15%
33.20%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.000000
Sidak Adjusted (4) p:

In contrast, separate analysis of the trait
of friendly for females yielded ESS=19.91 (a

weak effect®?).

ODA model:

A

FRIEND1 <= 1.5 THEN FRIEND2
< FRIEND1 <= 2.5 THEN FRIEND2
< FRIEND1 <= 3.5 THEN FRIEND2
< FRIEND1 THEN FRIEND2 = 4

I nu
WN R

summary for Class FRIEND2 Attribute FRIEND1

overall Accuracy
PAC FRIEND2=0

PAC FRIEND2=1

PAC FRIEND2=2

PAC FRIEND2=3

PAC FRIEND2=4
Effect Strength PAC
PV FRIEND2=0

PV FRIEND2=1

PV FRIEND2=2

PV FRIEND2=3

PV FRIEND2=4

Effect Strength pv
Effect Strength Total

37.50%
18.28%
19.10%

Monte Carlo summary (Fisher randomization):

Iterations: 10000
Estimated p: 0.002600
Sidak Adjusted (4) p:

.01035951



Optimal Data Analysis
Vol. 10 (March 31, 2021), 42-49

Copyright 2021 by Optimal Data Analysis, LLC
2155-0182/10/$3.00

These findings indicate that males and
females have approximately comparably stable
traits of loneliness, however the two-week
stability of the personality trait of friendliness is
substantially greater for males than for females
among the college undergraduates studied.

We believe ODA should be considered
the preferred statistical approach vs. alternative
methods since it avoids statistical assumptions
required of conventional models, is insensitive
to skewed data or outliers, and has the ability to
handle any variable metric including categori-
cal, Likert-type integer, and real number meas-
urement scales.3 Compared to other methods,
only ODA can identify the optimal (maximum-
accuracy) assignments (categorical attributes) or
cutpoints (ordered attributes) which exist for the
attribute, that in turn facilitates use of measures
of predictive accuracy. ODA can evaluate
model reproducibility using multiple methods,
allowing assessment of potential cross-general-
izability of the model when applied to classify
independent random samples.®> We therefore
recommend that researchers employ the ODA
framework to evaluate the statistical hypotheses
which are explored in their laboratory and field
research endeavors.*6-%4
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