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Abstract

Aims—To compare randomized controlled trial (RCT) sample treatment effects with the
population effects of substance use disorder (SUD) treatment.

Design—Statistical weighting was used to re-compute the effects from ten RCTs such that the
participants in the trials had characteristics that resembled those of patients in the target
populations.

Settings—Multi-site RCTs and usual SUD treatment settings in the USA.

Participants—A total of 3,592 patients in ten RCTs and 1,602,226 patients from usual SUD
treatment settings between 2001 and 2009.

Measurements—Three outcomes of SUD treatment were examined: retention, urine toxicology,
and abstinence. We weighted the RCT sample treatment effects using propensity scores
representing the conditional probability of participating in RCTs.
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Findings—Weighting the samples changed the significance of estimated sample treatment
effects. Most commonly, positive effects of trials became statistically non-significant after
weighting (three trials for retention and urine toxicology, and one trial for abstinence); but also,
non-significant effects became significantly positive (one trial for abstinence), and significantly
negative effects became non-significant (two trials for abstinence). There was suggestive evidence
of treatment effect heterogeneity in subgroups that are under- or over-represented in the trials,
some of which were consistent with the differences in average treatment effects between weighted
and unweighted results.

Conclusions—The findings of randomized controlled trials (RCTs) for substance use disorder
treatment do not appear to be directly generalizable to target populations when the RCT samples
do not adequately reflect the target populations and there is treatment effect heterogeneity across
patient subgroups.

Introduction

There is growing concern that the results from randomized controlled trials (RCTs) may not
generalize to real world settings (1-6). Perhaps due to this, many interventions with strong
efficacy evidence either cannot be replicated or produce smaller effects in different settings
(7,8). Limitations in generalizability of the findings from RCTs are pose major clinical and
policy concerns because RCTs are considered the most accepted study design for choosing
evidence-based practices. The randomized study design does not necessarily ensure external
validity, which means that the findings of an RCT may not be applicable to all individuals
for whom treatment or intervention is intended. Individuals who volunteer to participate in
RCTs are typically different from those who refuse to participate. Furthermore, strict
eligibility criteria are likely to make the findings less applicable to subgroups who are
excluded from trials.

Particularly in the context of RCTs of treatments for substance use disorders (SUD), there is
a growing body of research indicating that the samples recruited to the RCTs are
substantially different from target populations (2,9-11). It is also known that women,
especially pregnant women, African-Americans, low-income individuals, and individuals
with more severe alcohol, drug, and psychiatric problems are disproportionately under-
represented in SUD treatment RCTs (11,12). Furthermore, commonly used eligibility
criteria in SUD treatment RCTs exclude substantial portions of the target population.
However, the prevalence of such exclusions varies across studies. For example, Humphreys
et al. (12) found that 20% to 33% of patients with alcohol use disorders would be excluded
by the eligibility criteria commonly used in RCTs of alcohol use disorders, whereas, Okuda
et al. (2) found that as many as 80% of patients with cannabis dependence would be
excluded by the commonly used eligibility criteria for cannabis treatment RCTs. A recent
review study by Moberg and Humphreys (13) estimated that commonly used exclusion
criteria in SUD trials would exclude between 64% and 95% of potential participants.

A study by Susukida et al. (14) compared the characteristics of participants in ten RCTs
from the National Institute of Drug Abuse Clinical Trials Network and the intended target
populations and found substantial differences in sociodemographic characteristics. The
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proportion of individuals with more than 12 years of education and those who had full-time
jobs were significantly higher among the RCT samples than among target populations (11).

While improving the representativeness of RCTs participants may be a reasonable solution
to this problem, logistical considerations including concerns about safety, non-adherence
with treatment, and drop-out from the study often limit investigators’ ability to expand
eligibility criteria. There is some evidence that the exclusion criteria of SUD treatment trials
have become increasingly more restrictive over the years (15). Government-funded SUD
treatment trials are particularly likely to use such restrictive exclusion criteria (15).
Assessing how well the study samples represent potential target populations with regard to
various sociodemographic and clinical characteristics, and how deviations from
representativeness may have impacted the results of the study are important to examine the
real-world relevance of RCTs (16). While previous studies have examined how well RCT
samples represent target populations (2,11,12,14), few studies have assessed how
representativeness of the RCT sample may affect the findings of the RCTs when generalized
to a target population (17). Furthermore, there is little understanding of how heterogeneity of
treatment effects among various subgroups that are differentially represented in RCTs may
explain the generalizability of results. Generalizability of the findings for the RCTs is
compromised when there are treatment effect modifiers that differ between the RCT samples
and the target populations. If treatment effects among under- or over-represented subgroups
in RCTs are heterogeneous, the findings from the RCT may not directly carry over to a
population of interest (18).

The main aims of this study were (1) to estimate sample treatment effects and the population
effects of RCTs of SUD treatment, and (2) to examine the treatment effect heterogeneity by
subgroups that are under- or over-represented in the trials. To weight the results to a target
population, we applied a weighting-based approach, which weights the RCT samples to
resemble the target populations (17,19), and is similar to inverse probability weighting for
non-experimental studies (20). This method was used by Stuart et al. (18) to examine the
generalizability of the results of a randomized behavioral intervention trial in schools. This
current study extends the analysis by Susukida et al. (14), which compared differences in
characteristics of individuals who participated in ten SUD RCTs with individuals from target
populations for whom these treatments are intended. We hypothesized that the estimated
effects could be different in the RCT samples and the target populations of interest, which
would be partially explained by differences in treatment effect by subgroups of individuals
recruited into the RCTSs.

Methods

Data source

The RCTs used in this study were the same RCTs used in our prior analyses (14). Briefly, a
total of 3,592 individuals from ten RCTs from the National Institute of Drug Abuse (NIDA)
Clinical Trials Network (CTN) and 1,602,226 individuals from the Treatment Episodes Data
Set-Admissions (TEDS-A) between 2001 and 2009 were included. The NIDA CTN studies
are multisite RCTs conducted in various settings in the United States to assess the
effectiveness of treatments for SUD (21). For each RCT sample, we drew a separate

Addiction. Author manuscript; available in PMC 2018 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Susukida et al.

Measures

Page 4

corresponding target sample from TEDS-A. The TEDS-A includes data on approximately
1.5 million patients (= 12 years old) admitted every year to SUD treatment facilities
nationally. Every state that receives public funding for SUD treatment programs is mandated
to provide records of all patients to the TEDS-A. Although the TEDS-A is one of the largest
data set that covers patients with SUD in the US, some states limit the data to individuals
whose treatment is covered by the state substance use agency funds (such as Federal Block
Grant funds) (22). Treatment facilities that are managed by private agencies and hospitals
are usually excluded from the TEDS-A unless they are licensed by the state substance abuse
treatment agency.

The main criteria for defining target populations were the SUD that each RCT targeted,
inclusion age criteria of RCT, treatment settings (outpatient vs. inpatient), and the years
when the RCT was conducted. For example, the target population for CTN0O001, an RCT of
Buprenorphine/Naloxone Detoxification for individuals aged 18 years or older seeking
treatment for opioid dependence in inpatient treatment settings, enrolled into the study
between February 2001 and August 2002, was drawn from the population of patients in
TEDS-A between 2001-2002 who were 18 years or older who received treatment for opioid
dependence in inpatient treatment settings. For an RCT that targeted a more specific
population such as pregnant women, we used the additional criteria to identify the target
population. At the time of this study, target populations could be identified for a total of ten
CTN studies included in the NIDA CTN database. eTable 1 (online supplement) in Susukida
et al. (14) describes the definitions of the target populations for each RCT.

Table 1 describes characteristics of each CTN trial. Five trials (CTN0001(23),
CTNO0002(23), CTN0003(24), CTN0010(25), CTN0030(26)) examined the effectiveness of
Buprenorphine/Naloxone detoxification (Bup/Nx-Detox) for opioid dependence. Three trials
(CTNO0004(27), CTN0005(28), CTN0013(29)) examined the effectiveness of motivational
enhancement/interviewing (MEI) on SUD, and two trials (CTN0006(30), CTN0007(31))
examined the effectiveness of motivational incentives (Incentives) for cocaine,
methamphetamine or amphetamine use.

There were nine comparable variables between the CTN and TEDS-A datasets: sex, race-
ethnicity, age, educational attainment, employment status, marital status, admission through
criminal justice, intravenous drug use, and the number of prior treatments for SUD. These
nine variables were used to model the probabilities of trial participation, which were then
used as weights to generalize the outcomes from the RCTs.

The following three outcomes from RCTs were generalized to the target populations:
successful retention in the study, submission of a substance-free urine sample, and days of
abstinence in the past 30 days. Remaining in the study until the end of the trial was
considered successful retention in the study. Similarly, submitting a substance-free urine
sample at the end of the trial was considered an indicator of successful detoxification. Study
participants reported the number of days of use of the target substances in the past 30 days.
Number of days abstinent was defined by the self-reported number of days free from the
target substance in the past 30 days.
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Statistical Analysis

This study used a weighting-based approach to estimate the treatment effects in the target
populations. This approach is similar to inverse probability weighting for non-experimental
studies, where researchers estimate the causal effect by making the exposed and unexposed
samples in an observational studiy similar with respect to observed characteristics (20). In
this study, we weighed both arms of the RCT samples to resemble the target populations
(17,19). Unweighted and weighted analyses were conducted for all three outcomes. Thus,
while the unweighted analyses estimate the effects in the trial samples, the weighted
analyses estimate the population effects. The models used for the analyses were logistic
regression for the binary outcomes of retention and urine toxicology, and linear regression
models for days of abstinence in the past 30 days. Assuming that randomization was
successful in each trial, we did not adjust for baseline variables within the trial samples.

To account for missing data, we performed multiple imputation with the STATA Jice
command (version 13) to generate 50 imputed data sets. eTable 2 in Susukida et al. (14)
described the detailed patterns of missing data in each CTN sample and the corresponding
target population, and the detailed procedures of multiple imputation.

Trial participation weights for each trial were calculated as (1= p)/p, where P was the mean
propensity score across the 50 imputed data sets, defined as the probability of a patient
participating in the RCT conditional on the nine variables described above. A non-
parametric random forest, using the “randomForest”(32) package in R(33), was used to
calculate the propensity scores for each patient (34,35). Weighted analyses with the weights
for each trial, (1 — »)/P, were conducted by using the STATA pweights command (version
13). In addition to comparing the statistical significance of the treatment effects from
unweighted and weighted models, we statistically compared the treatment effect sizes of
unweighted and weighted models, using the STATA suest (seemingly unrelated estimation)
command (36).

We conducted subgroup analyses to examine the treatment effect heterogeneity by
subgroups of RCT participants to help explain the differences between weighted and
unweighted models. For example, if the statistical significance of the treatment effect of the
RCT were different before and after weighting, and our analyses indicated that the RCT had
enrolled a significantly larger proportion of patients with higher education, we examined
heterogeneity of treatment effects between the low and high education subgroups in the
RCT. We stratified RCT samples by subgroups based on variables used to model the
probability of trial participation and performed chi-squared'tests for binary outcomes and &
tests for continuous outcomes to explore treatment effects in different subgroups. We
conducted subgroup analyses for the CTN studies that produced statistically significant
results when weighted, but not when unweighted or vice versa. Furthermore, we only
focused on the characteristics that significantly differed between RCT samples and the
corresponding target populations. Our rationale for these further analyses was to identify the
contribution of treatment effect heterogeneity to the biases in outcome produced as a result
of the differences in the characteristics of the RCT samples and the target populations.
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Role of the funding source

The funding organizations had no role in the design and conduct of the study; collection,
management, analysis, and interpretation of the data; preparation, review, or approval of the
manuscript; or decision to submit the manuscript for publication.

Results

Comparison of unweighted outcomes and outcomes weighted by propensity scores

Table 2 presents the results of the analyses for the effect of treatment on trial retention. Odds
ratios (ORs) from both unweighted and weighted logistic regression models for all 10 trials
are presented with the 95% confidence intervals. The unweighted models estimated the
effects in the RCT samples while the weighted models estimated the effects that would be
expected if the RCT sample had the same characteristics as the target populations. In
unweighted analyses, treatment was associated with significantly greater odds of retention in
5 trials (CTN0001, CTN0002, CTN0003, CTN0006, and CTN0010). A significantly positive
effect on retention in CTN0006, CTNO0003, and in CTNO0010 became statistically non-
significant after weighting. Furthermore, there was a significant difference in estimated
effects between unweighted and weighted models for CTN0002.

Table 3 presents comparisons of unweighted and weighted results of the studies for urine
toxicology. Odds ratios (ORs) from both unweighted and weighted logistic regression
models for all 10 trials are presented. In unweighted analyses, treatment was associated with
significantly greater odds of drug-free urine samples in 5 trials (CTN0001, CTN00O02,
CTNO0003, CTN0006, and CTNO0010). Significantly positive effects on urine toxicology in
CTNO0006, CTN0003, and in CTN0010 became statistically non-significant after weighting.
In all 10 trials, however, there was no statistically significant difference between unweighted
and weighted models with regard to the estimated effects from the unweighted and weighted
models.

Table 4 presents comparisons of unweighted and weighted linear regression results for the
effect of treatment on days of abstinence in the past 30 days. Results from both unweighted
and weighted linear regression models for all 10 trials are presented. In unweighted
analyses, treatment was associated with significantly higher number of days of abstinence in
one trial (CTN0001) and a significantly smaller number in 2 trials (CTNO004 and
CTNO0030). The significant positive effect in CTN0001 became non-significant after
weighting. Similarly, the significant negative effects in CTN0004 and CTNO0030 became
statistically non-significant after weighting. Furthermore, the statistically non-significant
positive effect in CTN0O002 became statistically significant after weighting and, a
statistically non-significant negative effect in CTN0010 became significant after weighting.
There was a significant difference between unweighted and weighted effect estimates for
CTNO0002 but not for any of the other trials.

Subgroup analysis for treatment effect heterogeneity

As the results of our prior analyses (14) indicated, the composition of the CTN samples
deviated significantly from the composition of the target populations with regard to the
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socio-demographic characteristics on which these samples were compared. Appendix eTable
1 presents the results of comparisons of the characteristics of RCT samples and target
populations. To simplify the interpretation of the results, we presented the comparison using
dichotomized variables in this study.

The proportion of those with 12 years or higher education was significantly larger among
patients who participated in RCTs than among the target populations in seven of the ten
trials (CTN0001, CTN0002, CTN0003, CTN0004, CTNO005, CTN0010, and CTNO0030).
The proportion of those with full-time jobs was also significantly larger among patients who
participated in RCTs than among patients in target populations in all nine trials in which
information on employment status was collected (CTN0001, CTN0002, CTN00Q3,
CTNO0004, CTN0005, CTN0006, CTN0007, CTNO0013, and CTNO0030). Furthermore, each
RCT and its target population differed in terms of other characteristics although the patterns
varied across trials. There were statistically significant differences in the proportions of
female patients, certain race-ethnicity groups, age groups, married patients, patients who
were admitted through the criminal justice system, patients with IV drug use, and patients
with more than 5 prior treatments, between individual RCTs and the corresponding target
populations.

We conducted subgroup analyses for outcomes of RCTs that showed a difference between
the sample treatment effects and the population treatment effects subsequent to weighting.
To limit the number of tests, these analyses were restricted to subgroups that met criteria for
a statistically significantly difference in composition between the RCT samples and the
corresponding target populations. Thus, we conducted 76 subgroup analyses (see eTable 2).

Results of subgroup analysis of treatment effects are presented in eTable 3. There were some
consistent patterns in the directions of change in outcomes from weighting and examination
of treatment effect heterogeneity by subgroups. As an example, in the case of CTNO00O6,
some subgroups that were overrepresented in the RCT samples (e.g, females, married
patients, those with full time jobs, and those not using IV drugs) also showed evidence of
larger treatment effects on retention as compared with underrepresented subgroups. As
another example, in the case of CTN0003, some subgroups that were overrepresented in the
RCT samples (e.g, White patients, those with =12 years of education, those with full time
jobs, and patients not admitted through criminal justice) also showed evidence of larger
treatment effects on retention as compared with underrepresented subgroups. Weighting this
RCT sample to be more similar in composition to the target sample increased the weights for
subsamples with smaller effect sizes, leading to statistically non-significant estimates of the
population effects.

Discussion

This study demonstrated that the observed outcomes of some RCTs may not carry over
directly to potential target populations. In most cases, statistically significant results seen in
the RCT samples became non-significant when weighted to the target population. These
differences in effect estimates between the RCT samples and the target populations could be
partially explained by the patterns in treatment effect heterogeneity across subgroups.
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A recent study by Stuart et al. (18) that applied the same weighting-based method to
generalize the results of a behavioral intervention trial in school settings found that the
weighted effect of intervention was just slightly attenuated compared to the effect seen in the
trial. To our knowledge, the present study is the first to use this weighting approach to
estimate target population effects using the results of SUD RCTSs. Previous studies showing
substantial differences between SUD RCT samples and target populations implied that the
difference might affect generalizability of the results from RCTs (2,11,12,14); however,
those studies did not attempt to estimates the population effects from trial results.

Our study findings have implications for the external validity of results from SUD RCTSs.
Susukida et al. (14) showed substantial variability in the likelihood of being in RCT samples
across patient subgroups and indicated that poor representation of target populations might
impact the generalizability of findings from RCTs. The results of the present study confirm
this prediction by revealing differences in the statistical significance between the sample
treatment effects and the population treatment effects. The present study also found
suggestive evidence that treatment effect heterogeneity among under- or over-represented
subgroups of patients in the RCTs could partially explain why the population treatment
effects estimated by weighting the RCT samples differed from the sample effects.

The results of this study should be interpreted in light of several limitations. First, the
number of characteristics measured in both the RCT samples and the target populations was
limited. Therefore, it is likely that weights calculated in this study could not take into
account other characteristics that may differ between the RCT samples and target
populations and moderate treatment effects. Second, due to the significant differences
between the RCT samples and their target populations, the weighting-based method may not
have adequately made the RCT samples resemble the target populations to estimate the
population treatment effects. In Susukida et al. (14), for all ten RCT studies, the difference in
mean propensity scores between the RCT sample and its target population was much larger
than the cut-off proposed by Stuart (37). Weighting the RCT samples to estimate the
population treatment effects is more reliable when the RCT samples and the target
populations are more similar to start with. Third, difference between the sample treatment
effect and the population effect could be due to difficulties in equating the trial sample and
population with respect to the covariates. For example, for the urine toxicology outcome in
CTNO0010, where a significant effect became non-significant after weighting, the
distributions of educational attainment as well as marital status were significantly different
between the RCT sample and its target population even after weighting. Furthermore, we did
not find consistent patterns of the treatment effect heterogeneity of study participants by
educational attainment and marital status. Fourth, the primary goal of the ten CTN studies
was not to assess treatment effect heterogeneity. Hence, the subgroup analyses conducted for
this study were not adequately powered and the findings only provide suggestive evidence of
treatment effect heterogeneity across subgroups of patients. Fifth, TEDS-A data miss some
groups of patients. Therefore, the population treatment effects estimated by this study may
not represent treatment effects among all recipients of SUD treatment in the US.
Furthermore, patients in TEDS-A represent treatment-seeking individuals and do not
necessarily represent the whole population of individuals who need treatment and are
potential recipients of such treatments (34). Results may differ if future studies use broader
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definition of target populations, including non-treatment-seeking individuals. Finally, our
estimates of the RCT results do not necessarily correspond to the published reports by
primary investigators. The primary investigators of the CTN RCTs operationalized outcomes
differently (23-31). For example, some original outcome studies published by primary
investigators reported treatment effects by trial sites (28); whereas, the site identifiers were
not provided in the publically available NIDA data. Therefore, we were not able to replicate
these site-specific results. In order to compare how weighting affects the findings across the
studies, we chose to use the same measures across the studies based on the raw RCT data
provided in the NIDA CTN repository. It should also be noted that the unweighted sample
treatment effects were not always significantly positive. This may have been possibly due to
receipt of standard care among patients in control arm.

Acknowledging these limitations, results from this study provide a first insight into whether
and how deviations in RCT sample representativeness from target populations influence the
observed outcomes of SUD RCTs. It is critical for future CTN studies to place greater
emphasis on external validity of RCTs, particularly because a primary goal of the NIDA
CTN was to provide data on SUD treatments that can be disseminated in usual care settings.
As interest in comparative effectiveness research in real-world treatment settings increases,
RCTs for mental health treatments increasingly use less stringent eligibility criteria for
participation, which may improve generalizability of the findings of RCTs (38). However,
relaxing eligibility criteria may not be feasible for all RCTs, especially when there are safety
concerns for patients such as allergic reactions to certain medications. In such cases, the
weighting-based method that this study employed might be useful to examine to what extent
the findings of RCTs are applicable to target populations. As attention to large-scale
dissemination and implementation of evidence-based treatments and interventions increases
(39), it becomes increasingly important to understand the applicability of the findings of
RCTs in different populations with varying characteristics, contexts, and locations. It is also
important to consider the change in the nature of target populations especially in the context
of the United States, where more people are eligible for health insurance as a part of
Affordable Care Act legislation (40), which may affect profiles of patient groups who seek
and access treatments.
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Refer to Web version on PubMed Central for supplementary material.
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