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In a recent series of papers, ODA has been applied to observational data
to draw causal inferences about treatment effects. In this article ODA is
applied to data from a randomized controlled trial, with a reanalysis of a
study by Linden and Butterworth [2014] that investigated the effect of a
comprehensive hospital-based intervention in reducing readmissions for
chronically ill patients. In the original analysis, negative binomial
regression was used to evaluate readmission rates and emergency
department visit rates at 30 and 90 days, and no treatment effects were
found. However, ODA is a superior analytic approach because of its
insensitivity to skewed data, model-free permutation tests to derive P
values, identification of the threshold value which best discriminates
intervention and control groups, use of a chance- and complexitycorrected indexes of classification accuracy, and cross-validation to
assess generalizability of the findings.

In a comprehensive series of papers, ODA and
CTA frameworks have been applied to
observational data to draw causal inferences
about treatment effects.1-17 In the present paper,
we turn our attention to the use of ODA for
evaluating treatment effects in randomized
controlled trials (RCT).
Young18 recently used randomization
tests to reanalyze results from 53 published
randomized studies in which regression was
originally used to evaluate effects, and found
that over 10% of the originally statistically
significant findings did not remain significant at
the same level under randomization testing, and
more than half lost their significance when
subjected to additional adjustments for multiple
testing. While randomization tests (also referred

to as permutation tests) are only one component
of ODA, these findings provide confirmation
that parametric models require strong
assumptions that may be easily violated. In
contrast, ODA is insensitive to skewed data, it
computes model-free permutation tests to derive
P values, it identifies the threshold value which
best discriminates intervention and control
groups, provides a chance- and complexitycorrected index of classification accuracy, and
performs cross-validation to assess
generalizability of the findings.
Linden and Butterworth19 conducted an
RCT to assess whether a comprehensive
hospital-based intervention could reduce
readmissions for chronically ill patients versus
regular care. In the original analysis, negative
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binomial regression was used to evaluate
readmission rates and emergency department
visit rates at 30 and 90 days and no treatment
effects were found. Presently we reanalyze the
results of this clinical trial using ODA.

predict the observation is from the CONTROL
condition. This model correctly classified 192 of
259 (74.1%) control condition patients, and 100
of 253 (39.5%) treatment condition patients
(50% accuracy is expected by chance for each
condition): this level of classification accuracy
corresponds to ESS = 13.7, a relatively weak
effect20,21. This finding was stable in LOO
validity analysis suggesting this result is crossgeneralizable: because LOO is inherently
confirmatory (one-tailed) the corresponding
exact P<0.0007 met the criterion for
experimentwise statistical significance.

Methods
Assessing Covariate Balance
ODA models were generated separately for each
preintervention characteristic (see Table 2 in
Linden and Butterworth19). The class variable
was set as the binary treatment indicator, and
preintervention characteristics were set as
attributes. Non-directional (exploratory)
analysis was conducted: 25,000 Monte Carlo
simulations were used to compute P values, and
leave-one-out (LOO) analysis was conducted to
assess generalizability.

Treatment Effects
ODA found no statistically significant effects
for any of the four outcomes, thereby
confirming the results of the original analysis
using negative binomial regression.

Evaluating Treatment Effects

Discussion

ODA models were generated for each of the
following four outcomes: the number of
readmissions at 30 and 90 days, and the number
of emergency department visits at 30 and 90
days. The class variable was set as the binary
treatment indicator and each outcome was set as
an attribute. This was a directional analysis
(one-tailed) in which we hypothesized that
outcomes would be lower in the treatment group
than in the control group: 25,000 Monte Carlo
simulations were used to compute P values, and
leave-one-out (LOO) analysis was conducted to
assess generalizability.

In this paper we have demonstrated that ODA
can perform all the necessary analyses required
in an RCT, namely assessing chance imbalances
in baseline characteristics and evaluating
treatment effects. ODA should be considered
the preferred approach over commonly-used
parametric models because ODA avoids the
assumptions required of parametric models, is
insensitive to skewed data or outliers, and has
the ability to handle any variable metric
including categorical, Likert-type integer, and
real number measurement scales21. Moreover, in
contrast to regression models, ODA also has the
distinct ability to ascertain where the optimal
(maximum-accuracy) cutpoints are on the time
series, which in turn, facilitates the use of
measures of predictive accuracy.
Finally, ODA has the capability to use
cross-validation methods such as LOO which
was employed presently, in addition to hold-out,
multiple-sample, test-retest, and bootstrap
validation methods20,21 for assessing the crossgeneralizability of the model to other states with

Results
Covariate Balance
The only training (total sample) analysis in this
study which achieved the generalized (percomparison) criterion for statistical significance
occurred for patient activation measure (PAM)
scores (P<0.006). The ODA model was: if PAM
Score < 46.3 then predict the observation is
from the TREATMENT condition; otherwise
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similar characteristics planning to implement a
similar set of initiatives.22 Again, there is no
equivalent in the regression-based framework,
failing to provide insight into the likelihood that
any observed intervention effect would crossgeneralize.
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