
Optimal Data Analysis     Copyright 2020 by Optimal Data Analysis, LLC 

Vol. 9 (April 10, 2020), 89-93  2155-0182/10/$3.00 

 

 

 

89 
 

Implementing CTA from Within Stata: 

Minimizing Imbalances on Patient 

Characteristics Between 

Treatment Groups in Randomized Trials 

(Invited) 
 

Ariel Linden, Dr.P.H.
 

Linden Consulting Group, LLC

 

Randomization ensures that treatment groups do not differ systematically 

in their characteristics, thereby reducing threats to validity that may 

otherwise explain differences in outcomes. Large observed imbalances in 

patient characteristics may indicate that selection bias is being 

introduced into the treatment allocation process. In this paper, I describe 

how the new Stata package for implementing CTA can be used for 

identifying potential imbalances in characteristics and their interactions 

when provisionally assigning each new participant to one or the other 

treatment group. The participant is then permanently assigned to the 

treatment group that elicits either no or less imbalance than if assigned to 

the alternate group.  

 

 

Prior papers
1-5

 introduced the new Stata package 

called cta
6
 for implementing CTA from within 

the Stata environment. This package is a wrap-

per for the CTA software
7
, 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 to ensure that study groups 

are balanced on pre-intervention characteristics 

when randomly assigning new subjects to 

groups in a clinical trial.
8
  

 In cta, this imbalance minimization 

technique is performed by specifying the treat-

ment indicator as the class variable and all the 

covariates as attributes. The analysis is limited 

to all patients already assigned to study groups 

and the next patient in line to be assigned. If a 

CTA model can be produced (indicating an im-

balance exists on the variables and interactions 

in the model between study groups) then the 

https://odajournal.com/resources/
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patient is assigned to the alternate study group 

than what was originally intended.  

 

Methods 

Data 

This example uses data from a parallel-group, 

stratified, clinical trial that examined whether a 

comprehensive, hospital-based, transitional care 

intervention reduces readmissions for partici-

pants with congestive heart failure (CHF) and 

chronic obstructive pulmonary disease 

(COPD).
9
 The intervention involved nurses 

implementing motivational interviewing-based 

health coaching to improve patients’ health 

behaviors, which in turn was expected to 

empower patients to better manage their own 

health care and reduce unplanned readmis-

sions.
10-14

 This example limits the data to only 

the CHF cohort, which includes 129 treated 

patients and 128 controls. 

Analytic process 

For this example, we perform CTA on the 171st 

patient. Up until this point, CTA was conducted 

iteratively through each prospective assignee 

starting at patient #7. If no CTA model could be 

generated (i.e., indicating that no imbalances 

were found across any variable or interactions 

between subsets of variables), then the partici-

pant was assigned to the treatment group as was 

originally intended. However, if a CTA model 

could be generated, then the participant was 

provisionally given the alternate treatment 

assignment and a CTA model was again sought. 

If no CTA model could be generated under this 

provisional assignment, then the participant was 

permanently allocated to this treatment arm. In 

the case where a CTA model could be generated 

for both provisional treatment assignments, then 

the participant was permanently allocated to the 

arm that elicited the CTA model having the 

lowest ESS value (indicating that this treatment 

assignment was less biased than the alternate 

assignment). This process was repeated sequen-

tially for all remaining individuals in the study. 

See Linden and Yarnold
8
 for a comprehensive 

discussion. 

 The following syntax is used to generate 

a minimization model using cta (see the help 

file for cta for a complete description of the 

syntax options): 

 

cta treat female age insure livecond pam 

admit er indexlos chfadmit chfdays copd 

cevd pain diabetes ami renal obesity if 

inrange(id,1,171), pathcta("C:\ CTA\")  

store("C:\ CTA\output") cat(female 

insure livecond copd cevd pain diabetes 

ami renal obesity) iter(5000)  prune(0.05) 

enumerate  

 The above syntax is explained as fol-

lows: The outcome variable “treat” (original 

assignment) is specified as the class variable; 

the 17 variables listed until the comma are 

covariates specified as the attributes and the 

analysis is limited to IDs between 1 and 171; 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 permuta-

tion P-value is 5,000; the tree is pruned with a 

P-value of 0.05; and we specify that an enumer-

ated model (which retains only the top three 

maximally accurate attributes) is conducted. 

(Yarnold and Soltysik
7
 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 direc-

tory with the extension “.out”). Here I include a 

diagram of the enumerated model, which 

achieved an overall ESS of 24.26 (on the cusp 

of being a moderate effect). 
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 In reviewing the diagram, it is evident 

that CTA can find interactions and nonlinear 

effects among variables that are unlikely to be 

identified manually. As a result, CTA ensures 

that balance is achieved not only in main effects 

but also in all possible nonlinear and interactive 

effects––which could also serve to limit statisti-

cal conclusion validity. Here, the imbalance 

involves an interaction between hospital days 

for CHF in the prior year and the length of stay 

for the index hospitalization (in which the 

patient was recruited to the study). In this case 

the original assignment to the treatment group 

was replaced with assignment to the control 

group. CTA was performed again to ensure that 

balance was achieved (indicated by no tree 

being generated). This process continues itera-

tively until all the prospective participants are 

assigned. 

Discussion 

This paper demonstrates how CTA can be used 

to minimize imbalances prospectively between 

study groups in a clinical trial using the new 

Stata package cta. CTA provides accurate, 

parsimonious decision rules that are easy to 

visually display and interpret, while reporting P 

values derived via permutation tests at every 

node, in addition to corresponding partial ESS 

statistics. CTA is also insensitive to skewed data 

or outliers, and has the ability to handle any 

variable metric including categorical, Likert-

type integer, and real number measurement 

scales. Moreover, CTA also has the distinct 

ability to ascertain where optimal (maximum-

accuracy) cutpoints are on each variable, which 

in turn, facilitates the use of measures of pre-

dictive accuracy. Moreover, CTA can perform 

cross-validation using LOO which allows for 

assessing the cross-generalizability of the model 

to potentially new study participants or non-

participants.
15

 

 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.
16-33
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