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This paper describes how to test a non-directional (exploratory) hypothesis
for a design relating a three-category class (“dependent”) variable and a
continuous attribute vis-a-vis the Stata package for implementing ODA.

Recent papers'?? 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?+2,
so the MegaODA .exe file must be loaded on the
computer for the oda package to work.?” To
download the oda package, at the Stata com-
mand line type: “ssc install oda” (without the
quotation marks). This paper demonstrates use
of the oda package to evaluate a two-tailed hy-
pothesis for a design involving a three-category
class variable and two continuous attributes.

Methods

Data

Melaragno, Smith, Kormann-Bortolotto and
Neto presented data on two possible correlates
of Alzheimer’s disease (AD) which are impaired
by aging: an indicator of cellular response to
DNA damage called sister chromatic exchange
(SCE), and an indicator of cell reproduction rate

called cell proliferation potential (CPP).?® Both
are ordered attributes. Data were collected for
five patients with AD (class category 3), five
older adults without AD matched for age with
the AD patients (category 2), and five younger
adults without AD (category 1).

Analytic Process

The non-directional (“exploratory”) alternative
hypothesis is that the three class categories can
be discriminated by SCE and CPP scores, and
the null hypothesis is that this is not true. Due to
the small sample and corresponding low statis-
tical power, generalized p<0.05 is used to estab-
lish statistical significance for statistical hypoth-
eses evaluated presently.

Analysis begins by evaluating SCE. For
the entire sample, oda is implemented with the
following syntax (see the help file for oda for a
complete description of syntax options):
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oda adstatus sce , pathoda(“C:\ ODA\”)
store(“C:\ ODA”) iter(25000) loo

This syntax is explained as follows:
“adstatus” is the class variable and “sce” is the
attribute; “C:\ODA\” is the directory path where
the MegaODA .exe file exists on the computer,
and where other files generated in analysis are
stored; 25,000 iterations (repetitions) are used to
obtain a permutation p-value; and LOO (leave-
one-out validity) analysis is conducted.?%3°

The oda package produces an extract of
the total output produced by the ODA software
(the complete output is stored in the specified
directory with the extension “.out”).

ODA model:

IF SCE <= 168.5 THEN ADSTATUS = 1
IF 168.5 < SCE <= 196.5 THEN ADSTATUS = 3
IF 196.5 < SCE THEN ADSTATUS = 2

summary for Class ADSTATUS Attribute SCE

performance Index Train LOO

overall Accuracy 73.33% 60.00%
PAC ADSTATUS=1 60.00% 60.00%
PAC ADSTATUS=2 80.00% 80.00%
PAC ADSTATUS=3 80.00% 40.00%
Effect Strength PAC 60.00% 40.00%
PV ADSTATUS=1 100.00% 60.00%
PV ADSTATUS=2 80.00% 80.00%
PV ADSTATUS=3 57.14% 40.00%
effect Strength PV 68.57% 40.00%
Effect Strength Total 64.29% 40.00%

Monte Carlo summary (Fisher randomization):

Iterations: 25000
Estimated p: 0.101440

Results of Teave-one-out analysis

15 observations
(P-values are computed for binary class variables only)

Effect strength for sensitivity (ESS) is
labelled in the output as “Effect Strength PAC”
(Percentage Accurate Classification). For the
exploratory hypothesis ESS is 60.0%, which
exceeds the minimum criterion (ESS>50) to be
classified as a relatively strong effect.?° Due to
the tiny sample, this result is not statistically
significant (p<0.11). LOO analysis shows the
effect is unstable, with ESS=40.0% indicating a
moderate effect?® (ODA software only computes
exact LOO p for two-category class variables).

The next analysis evaluates CPP. The
oda code is the same as listed earlier, except
that “cpp” is substituted for “sce”.

As seen, for the exploratory hypothesis
ESS is 70.0%, exceeding the minimum criterion
(ESS>75) for a strong effect.?® Even with the
tiny sample this result is statistically significant
at the “per-comparison” criterion?’ (p<0.026).
As seen, CPP values were greatest for young
adults without AD, were lowest for older adults
with AD, and were intermediate for older adults
without AD. LOO analysis shows that the effect
is unstable: ESS=60.0% indicates a relatively
strong effect.?°

ODA model:

IF CPP <= 160.5 THEN ADSTATUS = 3
IF 160.5 < CPP <= 228.0 THEN ADSTATUS = 2
IF 228.0 < CPP THEN ADSTATUS = 1

summary for Class ADSTATUS Attribute CPP

performance Index Train LOO

overall Accuracy 80.00% 73.33%
PAC ADSTATUS=1 100.00% 80.00%
PAC ADSTATUS=2 100.00% 100.00%
PAC ADSTATUS=3 40.00% 40.00%
eEffect Strength PAC 70.00% 60.00%
PV ADSTATUS=1 83.33% 80.00%
PV ADSTATUS=2 71.43% 62.50%
PV ADSTATUS=3 100.00% 100.00%
Effect Strength Pv 77.38% 71.25%
Effect Strength Total 73.69% 65.62%

Monte Carlo summary (Fisher randomization):

Iterations: 25000
Estimated p: 0.025280

Results of leave-one-out analysis

15 observations
(P-values are computed for binary class variables only)

All possible pairwise comparisons may
be conducted to determine which aspects of the
omnibus model are statistically reliable.

Groups 2 and 3 are compared using the
following oda script.?®

oda adstatus cpp if adstatus =1,
pathoda(*"C:\Users\Ariel\Desktop\ODA\")
store("C:\Users\Ariel\Desktop\ODA\")
iter(25000) loo



Optimal Data Analysis Copyright 2021 by Optimal Data Analysis, LLC
Vol. 10 (March 10, 2021), 3-9 2155-0182/10/$3.00

oA model: The comparison between categories 1
IF CPP <= 160.5 THEN ADSTATUS = 3

IF 160.5 < CPP THEN ADSTATUS = 2 and 3 was errorless in training analysis (ESS=
e o e aSTATUS Atcribute cop 100), and statistically significant (p<0.0064).
------ vl st Classification degraded in LOO analysis (ESS=

Performance Index Train 100 60, a relatively strong effect). This finding indi-
overall Accuracy 70.00%  50.00% cated that older adults with AD have lower CPP
PAC ADSTATUS=2 100.00% 60.00% .
=3 40.00% 40.00%
R 40.00%  40.00% values than younger adul_ts without AD. '
=2 62.50% 50.00%
géfﬁggﬁ;ggﬁ h (82.50%50.00% The final comparison between categories
62.50%  0.00%
e et rtal 62.50%  0.00% 1 and 2 was conducted via the following code.
Monte Carlo summary (Fisher randomization): Oda adstatus Cpp |f adstatus !:3’
Lrerations: 25000 80 pathoEIa( C:\Users\ArleI\Desktop\OD"A\ )
store(""C:\Users\Ariel\Desktop\ODA\")
Results of leave-one-out analysis |ter(25000) IOO
10 observations
Fisher's exact test (directional) classification table p = .738095
ODA model:

IF CPP <= 228.0 THEN ADSTATUS = 2

The comparison between categories 2 IF 228.0 < CPP THEN ADSTATUS = 1
and 3 was moderately strong in training analysis .
but was not statistically reliable (p<0.87). In summary_for Class ADSTATUS Attribute PP

LOO analysis a degenerate solution emerged performance Index Train  L0o
classifying all observations as being category 2 overall accuracy 100.00% 90.00%
. . PAC ADSTATUS= .00% . o
(ESS=0).2° The comparison between categories PAC hOSTATUS=2 100 0% 100.00%
- - ecC ren . o . o
1 and 3 was conducted via the following code. PV ADSTATUS-1 100.00% 100.00%
PV ADSTATUS=2 100.00% 83.33%
Effect Strength Pv 100.00% 83.33%
Oda adStatUS Cpp |f adStatUS |_2 Effect Strength Total 100.00% 81.67%
pathOda("C\USE‘I‘S\Arle|\Deskt0p\ODA\") Monte Carlo summary (Fisher randomization):

store(""C:\Users\Ariel\Desktop\ODA\") Iterations: 25000

Estimated p: 0.007520

iter(25000) loo

Results of leave-one-out analysis

ODA model: 10 observations

IF CPP <= 230.5 THEN ADSTATUS = 3 Fisher's exact test (directional) classification table p = .023810
IF 230.5 < CPP THEN ADSTATUS = 1

summary for Class ADSTATUS Attribute CPP The Comparison between Categories 1
and 2 was also errorless (p<0.0069) and

Perf Ind Trai LOO - - -
6?5-?15?‘?;5?--1?5 10000/ e remained strong effect in LOO analysis (ESS=
vera Cccuracy . 0 . 0 - - - - - -

PAC ADSTATUS=1 100.00%  80.00% 81.7). This finding indicates older adults with-
PAC ADSTATUS=3 100.00% 80.00%

Effect Strength PAC 100.00%  60.00% out AD have lower CPP values than younger
PV ADSTATUS=1 100.00% 80.00% .

PV ADSTATUS=3 100.00% 80.00% adults without AD.

effect Strength pv 100.00% 60.00% . .
Effect Strength Total 100.00% 60.00% Taken together the results of pairwise

. R analysis reveal there is a relatively strong, statis-
Monte Carlo summary (Fisher randomization): . )
Srerations: pRogp. T tlc_ally reliable effe(_:t whereby younger adults
Estimated p: 0.008600 without AD have higher CPP values than older
Results of leave-one-out analysis adults regardles_s of_ th_elr AD status. However,
10 Shmapent i T CPP does not discriminate between adults who

29
Fisher's exact test (directional) classification table p = .103175 do VsS. do nOt have AD
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We believe ODA should be considered
the preferred statistical approach over other
methods because it avoids statistical assump-
tions required of conventional models, is insen-
sitive to skewed data or outliers, and has the
ability to handle any variable metric including
categorical, Likert-type integer, and real number
measurement scales.?® In contrast to alternative
methods, only ODA can identify the optimal
(maximum-accuracy) assignments (categorical
attributes) or cutpoints (ordered attributes) that
exist for the attribute, which in turn facilitates
the use of measures of predictive accuracy.

Furthermore, ODA can evaluate model
reproducibility by multiple methods, allowing
assessment of potential cross-generalizability of
the model applied to classify an independent
random sample.?®

For these reasons we recommend that
researchers employ ODA and CTA frameworks
to evaluate the statistical hypotheses which are
explored in their laboratory and field research
endeavors.30-%
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