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Abstract

Aims—Difficulty identifying effective pharmacotherapies for cocaine dependence has led to 

suggestions that subgroup differences may account for some of the heterogeneity in treatment 

response. Well-attested methodological difficulties associated with these analyses recommend the 

use of Bayesian statistical reasoning for evaluation of salient interaction effects.
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Methods—A secondary data analysis of a previously published, double-blind, randomized 

controlled trial examines the interaction of decision-making, as measured by the Iowa Gambling 

Task, and citalopram in increasing longest sustained abstinence from cocaine use.

Results—Bayesian analysis indicated that there was a 99% chance that improved decision-

making enhances response to citalopram. Given the strong positive nature of this finding, a formal, 

quantitative Bayesian approach to evaluate the result from the perspective of a skeptic was 

applied.

Conclusions—Bayesian statistical reasoning provides a formal means of weighing evidence for 

the presence of an interaction in scenarios where conventional, Frequentist analyses may be less 

informative.
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INTRODUCTION

The search for pharmacotherapies for cocaine dependence has not yet produced any 

medications approved by the FDA (1). This may be partially attributable to heterogeneity 

among cocaine dependent patients (2–6). Proposed sources of variability include gender, 

ethnicity, employment status/SES, severity of dependence, route of administration, primary 

drug dependence diagnosis, drug and alcohol comorbidities, psychiatric comorbities, 

readiness to change, and differences in dopaminergic tone (3–5). Recommendations for 

characterizing this heterogeneity include the exploratory evaluation of possible subgroups 

(4, 6) which might inform the design and analysis of clinical trials (1, 3, 5, 6).

Subgroup Analyses: Methodological Issues

Subgroup analysis for exploring heterogeneity in clinical trials is controversial (7–10). 

Design and sample size determination for clinical trials characteristically focus on 

evaluating the main effects of treatment. Methodological concerns regarding subgroup 

analyses include difficulties in the definition of subgroups, as well as the inflation of Type I 

and Type II error rates (11–15).

Since study-wise Type I error increases with the number of statistical tests, multiple 

comparisons arising through subgroup analysis (i.e., Number of statistical tests = Number of 

subgroups × Number of outcomes) are problematic. Since Type II errors arise from small 

sample sizes and small effects, diminished sample sizes in subgroups increase the risk of 

these errors as well. Given an optimistic scenario in which an interaction effect is equal in 

magnitude to the treatment effect, a sample providing 80% power to detect the treatment 

effect yields 29% power to detect the interaction (15) with 20% and 71% Type II error rates, 

respectively. In this context, achieving 80% power for the interaction term requires 

approximately quadrupling the sample size (15). Since interaction effects are typically a 

fraction of the magnitude of the treatment effect, even more extreme Type II error rates may 

result (15). Conducting subgroup analyses by examining treatment effects within each 

subgroup exacerbates these problems: Increasing the number of statistical tests while 
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partitioning the sample into even smaller sub-samples results in larger Type I and Type II 

error rates. This approach also fails to test the hypothesis that the sub-groups differ from 

each other, instead evaluating only whether the simple effect of treatment, in each group, 

differs from zero. The current paper agrees with the general consensus that subgroup 

analyses should eschew analysis of within-groups analyses in favor of tests of interaction, 

with the caveat that follow-up examination of simple effects often helps characterize 

interactions.

Interest in exploring heterogeneity in treatment response and concomitant methodological 

problems have resulted in various guidelines for the appropriate conduct of subgroup 

analyses, (12, 14, 16, 17). While these recommendations constitute an attempt at mitigating 

the methodological difficulties of subgroup analysis, the problem of elevated Type I and II 

error rates persists. Refining methods for understanding heterogeneity in treatment response 

has resulted in the application of Bayesian approaches to subgroup analyses (18–22). 

Bayesian analysis permits conclusions regarding the probability that a subgroup effect of a 

specified magnitude exists compared to the forced dichotomy of statistical hypothesis 

testing. Bayesian statistical methods more effectively evaluate the weight of the existing 

evidence, a function that is not well-served by the conventional Fisher/Neyman-Pearson 

(Frequentist) approach to statistical testing (23, 24).

STATISTICAL APPROACH

Bayesian Statistical Reasoning

Two divergent approaches to modeling uncertainty currently dominate statistical practice 

(25). Frequentist reasoning frames the preponderance of statistical teaching and practice. 

Bayesian reasoning, though historically older, is less familiar to the data analytic 

community. Distinctions between these approaches result from different conceptions of 

probability. Frequentists interpret the probability of a repeatable event as the limit of the 

event’s relative frequency occurring in an infinite sequence of similar events. Bayesians 

interpret the probability of an event, which need not be repeatable, as a judgment or degree 

of belief that the event will occur (26).

Both Frequentists and Bayesians represent a set of observations using an abstract model, a 

random data-generating process, indexed by an unobservable parameter θ. Both sample 

observations attempting to gain information regarding θ. Frequentists assume this parameter 

is fixed and unknown: uncertainty regarding estimates of θ arises from sampling error, 

resulting, for example, in the assertion that the 95% Confidence Interval has a 0.95 

probability of capturing the true value of the parameter. Bayesian statistical reasoning, while 

acknowledging uncertainty due to sampling error, defines parameters as random: uncertainty 

regarding parameter estimates is characterized using a probability distribution. This results 

in the assertion, for instance, that there is a 0.95 probability that the true parameter value 

falls in the 95% Bayesian Credible Interval (BCI), and also permits statements regarding the 

likelihood that certain values of the parameter obtain (26). Considering both observations 

and parameters to be random with subjective probability distributions makes the full 

resources of probability theory available for Bayesian inference, in particular, Bayes’ 

Theorem:
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This non-controversial mathematical theorem describes the process for coherently 

combining a prior judgment regarding θ (i.e., p(θ)) and new data or the likelihood (i.e., 

p(data|θ)) to form a posterior judgment regarding θ(27).

Requiring a prior distribution to represent the investigator’s information regarding the 

parameter of interest has troubled Frequentists: an investigator’s prior could be 

idiosyncratic, open to inferential “chicanery” (28; p.470), or so “dogmatic” that no amount 

of data could alter it. The role of the prior is to summarize all relevant evidence regarding 

the parameter of interest so that the data from the current study supplements that information 

(29). Submission of priors to scientific scrutiny forces investigators to make beliefs explicit 

regarding the phenomenon under investigation (30). Several considerations affect the choice 

of a prior (25). With critical appraisal, results of previous studies can be incorporated into 

the prior. Previous Bayesian analyses are particularly suitable because their posterior 

distributions, adjusted for adequacy and relevance (27), can form priors for the current 

study. Finally, specification of priors should favor parameters that demonstrate causal or 

theoretical plausibility.

Prior distributions are normative representations of an investigator’s degree of belief (28). 

An investigator may temper a prior to more reasonably represent degrees of belief in the 

scientific community (31). Prior distributions can be made diffuse or vague indicating 

minimal pre-existing information. Further, multiple priors, such as “skeptical,” 

“indifference,” and “enthusiastic” priors, can be separately constructed to reflect variation in 

scientific opinion (27). Skeptical priors would be located over a region indicating a 

treatment has minimal or even harmful effects. Indifference priors would be located over a 

region indicating equipoise; roughly equal probability of benefit or harm from the treatment. 

Enthusiastic priors would be located over a region representing the prior belief that the 

treatment will be beneficial. Assessing the data under each of these priors will generate 

separate posterior distributions thus indicating the degree to which empirical findings would 

alter respective prior judgments. Accrual of more information should result in the 

convergence of these separate posteriors towards a common posterior distribution. Thus 

prior distributions, far from contaminating the data, promote transparency and objectivity in 

the scientific process; creating a more realistic logic of scientific reasoning.

Following a Bayesian analysis, all the information from the likelihood and the prior are 

contained in the posterior distribution for which point estimates (e.g., the posterior 

expectation and variance) and interval estimates (i.e., credible intervals) provide summaries.

Summarizing, parameters controlling a data-generation process are conceptualized 

differently in Frequentist and Bayesian approaches. Frequentist approaches regard the 

parameter as fixed but unknown; uncertainty is associated with an estimator of a parameter 

over possible observable samples. Bayesian approaches regard the parameter as random, 

assessing the uncertainty of parameter over the possible parameter values. Frequentist 

estimators attempt to “capture” parameters with confidence intervals at some level of 
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frequency. Bayesian estimators directly assess the probability of the parameter reasoning 

that observations, once observed, are no longer random but fixed. This feature of the 

Bayesian statistical method makes it more informative in evaluating evidence for parameter 

values.

Bayesian Subgroup Analysis

Simon (22) provides a clear explanation of Bayesian subgroup analysis. Given two 

predictors and their interaction, the key parameter is the b-weight associated with the 

interaction term. Estimating the posterior distribution of this parameter relies critically on 

the specification of the prior distribution. Simon argues that the paucity of true interactions 

in most research, suggests using skeptical, informative, prior distributions: priors centered 

on the null hypothesis of no effect with a low chance of a clinically meaningful effect 

occurring. This constrains the variance of the prior and requires strong evidence from the 

data to revise the posterior in favor of concluding that an interaction is likely. The variance 

for this skeptical prior is calculated as follows (22; p. 2911, Equation (1)):

Where δ is a clinically meaningful effect size and π the probability of such an effect 

occurring. Φ is the cumulative normal distribution function. Given investigator-specified 

values for δ and π, Φ permits calculation of di: the variance of the skeptical prior 

distribution. Indifferent, diffuse priors are specified for the other model parameters: 

centering priors at the null hypothesis (i.e., no effect) with large variances indicating relative 

ignorance regarding possible values for these parameters. Specification of diffuse priors 

results in estimates very close to Frequentist analyses. The current authors, likely as a 

function of subject area, diverge from Simon’s view that interactions are relatively rare. 

Since the current analyses are hypothesis generating and are neither being used to set policy, 

nor to argue for changes in clinical practice we will posit indifferent, diffuse priors for all 

parameters estimated in the statistical models. The authors acknowledge the potential 

criticism that an exploratory analysis, with diffuse priors may capitalize on chance 

variability in the data. As such, an additional analysis using skeptical priors derived via 

Simon’s (22) approach will permit evaluation of the credibility of results based on diffuse 

priors.

ANALYTIC EXAMPLE

Hypothesis

In a secondary data analysis of a trial of citalopram for treating cocaine dependence (32), the 

current paper implements a Bayesian subgroup analysis to evaluate treatment response as a 

function of a baseline performance measure of decision-making. Specifically, how does 

decision-making, as measured by performance on the Iowa Gambling Task (IGT), moderate 

the effect of citalopram in reducing longest sustained abstinence measured by consecutive, 

cocaine-negative urines?

Green et al. Page 5

Am J Drug Alcohol Abuse. Author manuscript; available in PMC 2015 May 13.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Rationale for the Subgroup Analysis

Impaired decision-making is a correlate of substance abuse in general and specifically of 

cocaine dependence (33, 34). Decision-making as measured by the IGT involves disregard 

for long-term consequences, which is related to the nonplanning aspects of the broader 

construct of impulsivity (35). Impulsivity is a predictor of treatment retention, an indicator 

of treatment effectiveness (36, 37). Impulsivity is associated with serotonergic (5HT) 

function. Moreover, 5HT polymorphisms are associated with differential vulnerability to 

cocaine contingent reward (38–45). Serotonergic 5-HT2A antagonists and/or 5-HT2C 

agonists are promising agents for addressing impulsivity with possible resulting effects on 

cocaine use among cocaine dependent participants (31). Given its role in impulsivity, which 

is implicated in substance use, and its potential responsiveness to serotonergic medications, 

baseline level of decision-making may moderate the effect of citalopram on cocaine use.

METHODS

Sample

Details of the trial design and sample composition may be found elsewhere (31). The trial 

(N = 76) was powered to detect a treatment effect due to citalopram on cognitive function 

and cocaine-free urines. While the original choice of citalopram was guided primarily by its 

relatively selective effects on receptor systems associated with impulsivity, the trial was not 

powered to detect an interaction between behavioral laboratory measures associated with 

impulsivity (e.g., the IGT) and citalopram. This is consequently a post hoc analysis of the 

interaction between impulsivity and citalopram.

Measures

Outcome—Longest sustained abstinence from cocaine-use was modeled as the longest 

consecutive number of cocaine-free urines (i.e., benzoylcgonine < 300 ng/ml), measured 

twice weekly. Following Kampman et al. (46) intermittent missing data were recoded as 

cocaine-positive, data missing due to dropout were left as missing.

Decision-Making

Iowa Gambling Task (47)—This computerized version of the original gambling task 

requires subjects to choose between four decks of 60 cards each with different theoretical 

monetary reward rates. Scoring is based on the total number of cards selected from the 

advantageous minus the disadvantageous decks across five blocks of 20 cards each. The net 

score of cards selected in each of the five blocks was used as a behavioral index of decision-

making.

Statistical Analyses

All Bayesian statistical analyses utilized PROC BGENMOD (SAS v. 9.1.3) for the analysis 

of generalized linear models. Longest consecutive number of cocaine-free urines was 

modeled as a Poisson outcome. Violations of dispersion were addressed via a Pearson 

scaling coefficient. Based on desirable distributional properties all priors were specified on 

the log scale: priors specified for the log of the b-weights approximate a normal distribution 
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(27). Evidence for an interaction is examined from two perspectives: one in which the prior 

assumes very little regarding the likelihood of the interaction (diffuse prior), and one in 

which a meaningful interaction is assumed to have a low likelihood of occurring (skeptical 

prior).

Diffuse Priors

Log-scale, diffuse prior distributions were centered at zero, with a variance of 1 × 106, 

indicating an initial assumption of no effect, with a 95% chance that the true log (parameter) 

falls within a broad range (i.e.,  or −1960 to 1960).

Skeptical Priors

Following Simon (22), all parameters except for the interaction term are specified as ~N (0, 

1 × 106). Calculation of the prior variance for the skeptical prior assumes that a clinically 

meaningful effect would be a 1% improvement in longest consecutive abstinence in the 

citalopram condition for every one-point increment in performance on the IGT (i.e., a risk-

ratio = 1.01). Working in the log-scale, this effect takes the value δ = log (1.01) = 0.00995. 

Assuming that this effect is unlikely to occur we set π = 0.025. Centering the skeptical prior 

at the null hypothesis (i.e., log (risk-ratio) = 0) and utilizing the cumulative normal 

distribution function yields a variance of di = 2.577 × 10−5. Thus the skeptical prior has the 

form ~N (0, 2.577 × 10−5) indicating equipoise regarding the presence of an interaction, but 

that a clinically meaningful effect is unlikely.

RESULTS

For all analyses, estimation of the posterior distributions via Monte-Carlo Markov chain 

(MCMC) demonstrated adequate graphical (Trace Plot, Autocorrelation Plot) and 

quantitative (Geweke Diagnostics, Gelman-Rubin Diagnostics, and Heidelberger-Welsh 

Diagnostics) evidence of convergence. Explanations of these diagnostics may be found in 

the SAS documentation for the Bayesian procedures (48).

Figures 1(a) and 1(b) depict the prior and posterior distributions for the diffuse and skeptical 

analyses, respectively. Figure 1(c) shows three posterior distributions, indicating the 

likelihood of an interaction based on a diffuse prior, and two posterior distributions for the 

simple effects of IGT net score in the Citalopram and Placebo conditions, respectively. 

While subgroup analyses should rely on the evaluation of the interaction term, posterior 

distributions for the within group effects are provided to elucidate the nature of the subgroup 

differences.

Table 1 provides a quantitative summary of the posterior distributions, parameter estimates 

and 95% BCI’s in exponentiated form to facilitate interpretation. Unless otherwise indicated 

all Bayesian parameter estimates derive from the model using diffuse priors. Controlling for 

the main effects of treatment and IGT performance, individuals in the Citalopram condition 

experienced an increase in longest sustained abstinence by a factor of 1.03 (or 3%) for every 

one-point increment in IGT net score (Figure 2). The 95% BCI does not include 1.00 

suggesting that the effect is reliably different from this value. Table 1 shows that maximum 
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likelihood estimates from the Frequentist analysis are in approximate agreement with 

Bayesian values derived using diffuse priors, however, Bayesian estimates permit a more 

nuanced interpretation of the data.

Additional information, resides in the posterior distribution for the interaction term (Figure 

1a), permitting evaluation of the strength of the evidence for an interaction effect of some 

specified size. A substantial proportion of the area under the curve (i.e., 0.998) lies to the 

right of a log(risk-ratio) = 0 indicating a 99.8% chance that a beneficial subgroup effect 

obtains. Table 2 shows the probability of various, potentially “meaningful” effect sizes, 

provided in exponentiated form for interpretability. The interaction column shows 

probabilities of increasing risk ratios. For example, we find that there is an 83.7% 

probability that a risk ratio equal to or greater than 1.02 obtains. Evaluation of the simple 

effects elucidates the differences across subgroups. Again using a risk ratio of 1.02 or 

greater, there is a 98.7% chance it that this effect obtains within the Citalopram and only a 

2.6% chance it obtains in the placebo condition. Examining the posterior distribution in 

more detail (Table 2), within the Citalopram condition the probability of IGT net score being 

positively associated with an incremental increase in sustained abstinence (risk-ratio ≥ 1.0) 

is >99.9%, the likelihood of a risk-ratio ≥ 1.03 is 63%. Within the Placebo condition the 

risk-ratio associated with IGT net score is 1.00 (95% BCI 0.982–1.020). The probability of 

higher IGT net scores being associated with a positive benefit in sustained abstinence (risk-

ratio ≥ 1.0) is 54.2% while the probability of a risk-ratio ≥ 1.03 is only 0.1%.

Analyzing the same data with a skeptical prior specified for the interaction term still 

indicates that a large proportion (i.e., [0.89]) of the posterior distribution falls to the right of 

the log (risk-ratio) = 0 suggesting that a skeptic would still conclude that there is an 89% 

chance that an interaction between IGT and citalopram obtains.

Using either prior distribution there appears to be strong evidence that decision-making 

interacts with citalopram in predicting longest sustained abstinence from cocaine use. Better 

decision-making as defined by the IGT net score is associated with stronger effects of 

citalopram on sustained abstinence.

DISCUSSION

Difficulties in developing effective medications for cocaine dependence have prompted calls 

for evaluation of heterogeneity in treatment response. Attendant methodological 

complications require consideration of quantitative strategies that will maximize the 

information gleaned from the observed data in order to most effectively weigh the evidence 

for dimensions characterizing this heterogeneity. Bayesian methods offer benefits over 

current Frequentist methods due to the information included in the posterior distribution. 

Leveraging this information requires acknowledgement that long-run frequencies are not the 

only way in which we might think of probability, but that probabilities may also represent 

the strength of belief we hold about phenomena based on the evidence at our disposal (49).

The current analysis uses this approach to address the issue of subgroup effects, broadly 

defined as moderators. Bayesian reasoning permits formal specification of prior beliefs 
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regarding the likelihood that an interaction exists. Incorporating the observed data yields a 

posterior distribution, permitting probabilistic estimates that interactions do occur. 

Specification of different priors permits consideration of the empirical evidence from 

various perspectives.

Information inherent in the posterior distribution may help in effectively focusing research 

efforts. Heterogeneity detected in Bayesian subgroup analysis may be incorporated into 

future trial designs. Further, informative, empirically defensible priors may lead to smaller 

more efficient trials. Finally, the same process of systematically revising prior distributions 

into posterior distributions based on the observed data provides not only a bridge across 

studies, but also provides a mechanism for data analysis required in adaptive designs. Use of 

such designs may offer further efficiency in the search for pharmacotherapies for cocaine 

dependence.
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FIG. 1. 
(a) Non-informative prior distribution and the resulting posterior distribution for the 

interaction of IGT net score and citalopram. (b) Skeptical prior distribution and the resulting 

posterior distribution for the interaction of IGT net score and citalopram. (c) Posterior 

distributions for the interaction of IGT net score and citalopram, and the simple effects of 

IGT net score within each treatment condition.
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FIG. 2. 
Estimated values for longest number of consecutive days abstinent as a function of IGT 

score, treatment and their interaction.
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TABLE 2

Posterior probabilities for selected effect sizes for the interaction term and simple effects (using non-

informative priors)

Probability Estimates Derived from Bayesian Posterior Distributions

Risk Ratio

Probability of the Risk Ratio

Interaction IGT net score within the Citalopram Condition IGT net score within the Placebo Condition

>1.0 0.998 >0.999 0.542

≥1.01 0.971 >0.999 0.180

≥1.02 0.837 0.987 0.026

≥1.03 0.528 0.630 0.001

≥1.04 0.207 0.065 <0.001

≥1.05 0.046 <0.001 <0.001
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