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In contrast to randomized studies where individuals have no control over
their treatment assignment, participants in observational studies selfselect into the treatment arm and are therefore likely to differ in their
characteristics from those who elect not to participate. These differences
may explain part, or all, of the difference in the observed outcome. In
this paper, I describe how the new Stata package for implementing CTA
can identify patterns in the data that distinguish study participants from
non-participants, revealing potentially complex relationships among
individual characteristics that may bias the outcome analysis.

A prior paper1 introduced the new Stata package
called cta2 for implementing CTA from within
the Stata environment. This package is a wrapper for the CTA software3, thus the CTA64.exe
file must be loaded on the computer for the cta
package to work (CTA software is available at
https://odajournal.com/resources/). To download
the cta package, at the Stata command line type:
“ssc install cta” (without the quotation marks).
This paper demonstrates how the cta
package can be used in observational studies to
identify patterns in the data that distinguish
study participants from non-participants,
revealing potentially complex relationships
among individual characteristics that may bias

the outcome analysis. Arming investigators with
this information can serve two purposes. First,
from an administrative perspective, the results
of a CTA analysis as applied to study participation could help identify new candidates for
enrollment who may most benefit from the
intervention.4 Second, the resulting CTA model
identifies the sources of confounding that should
be adjusted for when evaluating treatment
effects.5-9
In cta we assess selection bias by simply
specifying the treatment assignment indicator as
the class variable and all the observed preintervention covariates as attributes.
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copd) iter(10000) loo(stable) prune(0.05)
enumerate

Methods
Data

The above syntax is explained as follows: The outcome variable “treat” is the class
variable; the 10 variables listed until the comma
are covariates specified as the attributes; the
directory path where the CTA64.exe file is
located on my computer is “C:\CTA\”; the
directory path where the output and other files
generated during the analysis should be stored is
"C:\CTA\output"; the cat() option indicates
which attributes are categorical; the number of
iterations (repetitions) for computing a permutation P-value is 10,000; leave-one-out analysis is
used and attributes are only retained if they are
stable; the tree is pruned with a P-value of 0.05
used as the cutpoint for inclusion; and an enumerated model (which enumerates the first three
nodes) is conducted. (Yarnold and Soltysik3
provide a complete description of the CTA
modeling process and interpretation of results).
The cta package produces an extract of
the total output produced by CTA software (the
complete output is stored in the specified directory with the extension “.out”). Here we include
a diagram of the pruned model, which achieved
overall ESS of 16.17 (a weak effect)—slightly
less than the enumerated model (ESS=18.35),
but more parsimonious (3 vs. 5 endpoints).

This paper uses data from a prior evaluation of a
health plan–based program intended to reduce
30‐day readmission rates for patients hospitalized with one or more chronic illnesses. The
intervention was modeled after that described in
Linden and Butterworth,10 which focused on
behavioral change to help patients actively
engage in their own health care, which in turn
was expected to reduce the likelihood of readmission.11-15 This subset of the retrospectively
collected data consists of observations for 1398
participants and 7957 nonparticipants.
Ten pre‐intervention characteristics
available for every observation included demographic variables ([Age] and [Gender]), health
services use in the 12 months prior to the index
hospitalization (office visits [Office], emergency department [ED] visits, hospitalizations
[Admits]), length of stay for the index [Index]
hospitalization, indicator variables for whether
the patient had congestive heart failure [CHF]
and/or chronic obstructive pulmonary disease
[COPD], the patient's Charlson comorbidity
index score [CCI],16 and a diagnosis‐based risk
adjustment score [Riskscore]. The outcome was
the number of days post-discharge from the
index hospitalization: patients were classified as
censored if they were lost to follow‐up prior to
30 days, or if they did not experience a readmission within 30 days.17

ED

≤ 0.5

Analytic process

P < 0.0001

> 0.5

Office

For evaluating self-selection in an observational
study, cta is implemented with the following
syntax (see the help file for cta for a complete
description of the syntax options):

≤ 0.5

Admit

> 0.5

Predict
Control
1682 / 1806
(93.13%)

cta treat age gender riskscore admits er
office index cci chf copd , pathcta("C:\
CTA\") store("C:\CTA") cat( gender chf

64

≤ 1.5

P < 0.0001

CCI

≤ 0.5

P = 0.029

> 0.5

Predict
Control

Predict
Treated

1510 / 1751
(86.24%)

25 / 117
(21.37%)

P < 0.0001

> 1.5

Predict
Treated

Predict
Control

713 / 3535
(20.17%)

1851 / 2146
(86.25%)

Optimal Data Analysis
Vol. 9 (March 12, 2020), 63-67

Copyright 2020 by Optimal Data Analysis, LLC
2155-0182/10/$3.00

In reviewing this diagram, it is evident
that those patients predicted to participate in the
intervention follow a different pathway than
those predicted to serve as controls. That is, a
patient is predicted to participate in the intervention if (1) they had less than one ED visit,
more than one office visit and a CCI level of at
least 1 in the past year, or if (2) they had at least
one ED visit and less than two hospital admissions in the prior year. While the accuracy of
these predictions is low (21.37% and 20.17%
for pathway 1 and 2, respectively), these pathways were statistically significant (P < 0.0001).
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