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Background: The extent to which clinical trials of medications for opioid use disorder (MOUD) are representative
or not is unknown. Some patient characteristics modify MOUD effectiveness; if these same characteristics differ
in distribution between the trial population and usual-care population, this could contribute to lack of general-
izability—a discrepancy between trial and usual-care effectiveness. Our objective was to identify interpretable,
multidimensional subgroups who were prescribed MOUD in substance use treatment programs in the US but who
were not represented or under-represented by clinical trial participants.

Methods: This was a secondary descriptive analysis of trial and real-world data. The trial data included twenty-
seven US opioid treatment programs in the National Drug Abuse Treatment Clinical Trials Network, N=2,199 pa-
tients. The real-world data included US substance use treatment programs that receive public funding, N=740,015
patients. We characterized real-world patient populations who were non-represented and under-represented in
the trial data in terms of sociodemographic and clinical characteristics that could modify MOUD effectiveness.

Results: We found that 10.7% of MOUD patients in TEDS-A were not represented in the three clinical trials.
As expected, pregnant MOUD patients (n=19,490) were not represented. Excluding pregnancy, education and
marital status from the characteristics, 2.6% of MOUD patients were not represented. Patients aged 65 years
and older (n=11,204), and those 50-64 years who identified as other (non-White, non-Black, and non-Hispanic)
race/ethnicity or multi-racial (n=7,281) were under-represented.

Conclusions: Quantifying and characterizing non- or under-represented subgroups in trials can provide the data
necessary to improve representation in future trials and address research-to-practice gaps.

1. Introduction Samples et al. (2018), which raises concerns about lack of generalizabil-

ity of MOUD trial outcomes to real-world populations.

Opioid use disorder (OUD) is a leading cause of US morbidity
and mortality (Degenhardt et al., 2011; Hser et al., 2017; Centers for
Disease Control and Prevention, 2020; Centers for Medicare & Med-
icaid Services, 2020), and has accelerated during the COVID-19 pan-
demic Soares III et al. (2021); Centers for Disease Control and Preven-
tion (2020). Medications for opioid use disorder (MOUD)—methadone,
buprenorphine and extended-release naltrexone—are the most effective
tools for improving outcomes and preventing overdose among persons
with OUD (Connery, 2015; Lee et al., 2018; National Academies of
Sciences, Engineering, and Medicine and others., 2019), evaluated us-
ing randomized controlled trials. However, MOUD effectiveness (e.g.,
in terms of treatment retention) is typically worse in real-world set-
tings outside of clinical trials Hser et al. (2014); Morgan et al. (2018);
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Lack of generalizability—specifically, the discrepancy between trial
evidence for MOUD efficacy and the effectiveness in real-world, usual-
care settings—may be attributable to at least two factors: 1) differences
between clinical trial populations and real-world care-seeking popula-
tions if treatment effects are modified (increased/decreased) by factors
that also relate to trial participation, and 2) differences in how treat-
ment is delivered that also modify treatment effects. We focus on the
first factor in this paper.

Those enrolled in MOUD clinical trials may not be representa-
tive of those generally seeking MOUD treatment. Lack of representa-
tion in terms sociodemographic and clinical characteristics has been
shown for substance use disorder trials, generally (including multi-
ple trials for drug- and/or alcohol-use disorder treatments grouped to-
gether and cannabis use disorder trials separately) Blanco et al. (2017);
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Okuda et al. (2010); Susukida et al. (2016), but the extent to which
MOUD trials are representative or not is unknown. There is evidence that
some patient characteristics modify MOUD effectiveness (e.g., home-
less status, cocaine use disorder, race/ethnicity, years using opioids)
Nunes Jr et al. (2021); Rudolph et al. (2021), so if these same character-
istics differ in distribution between the trial participants and real-world
population, this could contribute to the discrepancy between trial and
real-world effectiveness.

Prior studies quantifying lack of representation in trials have typ-
ically been limited to considering one individual-level characteristic
at a time Blanco et al. (2017); Susukida et al. (2016)—for example,
identifying lack of representation based only on age. However, indi-
viduals are necessarily multidimensional, and incorporating multiple
factors and relevant interactions by considering covariates jointly is
needed to provide a complete picture of who is being left out of trials
VanderWeele et al. (2019).

Our objective was to identify interpretable, multidimensional sub-
groups who were prescribed MOUD in substance use treatment pro-
grams in the US but who were not represented or were under-
represented by clinical trial participants. To do so, we used data from 1)
the Treatment Episode Data Set: Admissions (TEDS-A) for the US real-
world data set (comprising inpatient, outpatient, and residential treat-
ment at programs receiving federal funding) and 2) three harmonized
MOUD comparative effectiveness trials that were part of the NIDA Clin-
ical Trials Network (CTN).

2. Methods
2.1. Data and Sample.

We combined trial data (three MOUD trials, described further be-
low, N=2,199) and real-world population data (TEDS-A data, described
further below, N=740,015) across common covariates.

2.1.1. Trial data

We used data across three large randomized trials for OUD treat-
ment that were part of the NIDA CTN: CTN0027 Potter et al. (2013);
Saxon et al. (2013), which randomized 1,269 participants, mainly
heroin users, to either BUP-NX or methadone, conducted 2006-2010;
CTNOO051 Lee et al. (2018), which randomized 570 participants to either
XR-NTX or BUP-NX, conducted 2014-2017; and Phase 2 of CTN0030
Weiss et al. (2010), which randomized 360 participants, exclusively pre-
scription opioid users, to BUP-NX and standard medical management vs.
BUP-NX and medical management plus individual drug counseling, con-
ducted 2006-2009.

All three trials enrolled adult participants over age 18 who met DSM-
IV-TR criteria for opioid dependence or DSM-5 diagnosis of OUD. There
was no upper age limit for enrollment. Consistent with the goals of the
CTN Tai et al. (2011), the trials were broadly inclusive to treatment-
seeking OUD patients and were conducted in community-based treat-
ment programs across the US. Individuals were excluded if they had
major medical and unstable psychiatric co-morbidities or were pregnant
or planning to get pregnant. CTN0027 and CTNO0O51 included patients
currently using all types of opioids, predominantly heroin users, while
CTNO030 was restricted to those currently using prescription opioids
and not currently using heroin. CTN0027 included patients who pre-
sented for treatment at methadone clinics, CTN0030 included patients
who presented for office-based treatment, and CTN0OO051 included pa-
tients who presented for short-term inpatient treatment.

2.1.2. Population data

For the real-world population data, we used the TEDS-A data set,
2015-2017, which includes individuals who received treatment at sub-
stance use treatment programs (inpatient, outpatient, and residential
programs) that received public funding, managed by the Substance
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Abuse and Mental Health Services Administration. TEDS-A does not in-
clude data from Oregon for any of the years, Georgia for 2016-2017,
and South Carolina for 2015. We included TEDS-A patients: i) for whom
MOUD was part of their treatment plan, and ii) who either had a DSM-
IV-TR diagnosis of opioid dependence or opioid abuse or were en-
tering treatment with heroin use, non-prescription methadone use, or
other/synthetic opioid use reported at admission.

2.2. Measures.

Patient characteristics. We considered sociodemographic and clin-
ical characteristics that were measured in both the trial and TEDS-
A data and that could potentially act as modifiers of MOUD effec-
tiveness, based on theory and previous analyses Lee et al. (2018);
Nunes Jr et al. (2021): sex (male/female), age (in categories: <18,
18-34, 35-49, 50-64, >64), race/ethnicity (considered as a combined
variable: non-Hispanic/Latinx white, non-Hispanic/Latinx Black, His-
panic/Latinx, non-Hispanic/Latinx other (including multiracial)), edu-
cational attainment (<12 years of schooling, high school graduate, at
least some college), marital status (currently married, previously mar-
ried, never married), currently pregnant (yes/no), history of injection
drug use, and past 30-day drug use: amphetamines, cannabis, and ben-
zodiazepines.

2.3. Statistical analysis.

We provide a more technical and precise description of the statistical
analysis in Section A of the Supplementary Materials. We first stacked
the trial and TEDS-A data together, including an indicator of trial mem-
bership (yes/no) and a vector of baseline individual-level demographic
and clinical covariates listed in Patient Characteristics subsection.

We were interested in characterizing those who were treated with
MOUD in TEDS-A but who were not represented in any of the three
trials. We describe the largest subgroups in TEDS-A who were indicated
as treated with MOUD but were not represented in any of the trials. We
also calculated the proportion of those treated with MOUD in TEDS-A
who were not represented.

We then fit a simple classification tree Breiman et al. (1984);
Therneau et al. (2015) to summarize the non-represented subgroups in
terms of combinations of covariate values. A classification tree is well-
suited to summarize non-represented subgroups multi-dimensionally,
because each split in the tree represents an interaction between di-
chotomous variables, and these interactions represent relevant intersec-
tions of demographic and clinical characteristics. We used 10-fold cross-
validation in fitting the tree and used a threshold complexity parameter
of 0.03 to mitigate risk of over-fitting.

Nearly all of the covariates had missingness (Table Al in the Supple-
mentary Materials). We used multiple imputation by chained equations
Buuren and Groothuis-Oudshoorn (2011) to address missing data in the
covariates, resulting in 5 imputed datasets.

For each imputed dataset, we characterized the subset not rep-
resented across any of the imputations for all TEDS-A MOUD indi-
viduals. We identified this subset using all covariates listed in the
Patient Characteristics subsection. In a secondary analysis, we iden-
tified this subset excluding pregnancy, as there has been at least
one trial comparing buprenorphine to methadone treatment in preg-
nant women Jones et al. (2010), with another CTN trial ongoing
Winhusen et al. (2020). In another secondary analysis, we identified the
non-represented subset further excluding educational attainment and
marital status characteristics, due to their large amount of missing data.
We then fit the simple classification tree described above for the sub-
set identified in the primary analysis and the subset identified without
pregnancy in the secondary analysis.

R (version 4.0.4) was used for all analyses R Core Team (2020). Code
to replicate the analyses is available: https://github.com/kararudolph/
code-for-papers/blob/master/CTNunderrep.R.
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Table 1
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Largest subgroups receiving MOUD treatment in TEDS-A who are not represented in 3 MOUD trials. Abbreviations: Pop. = Population, Ethn.
= Ethnicity, Preg. = Pregnancy, Amphet. = Amphetamines, Benzo. = Benzodiazepines, NH = non-Hispanic, Multi = Multiple races, HS = high

school, Prev. = Previous.

Past 30-day use of

N of TEDS-A MOUD Pop. Sex Age Race/ Ethn. Preg. IVdrug  Amphet.  Benzo. Cannabis  Education  Married
Primary analysis with all characteristics

2917 Men 50-64 NH White No No No No No HS Never
2181 Women 18-34 NH White Yes No No No Yes HS Never
1669 Women 50-64 NH White No No No No No HS Never
1408 Women 18-34 NH White Yes No No No No HS Never
1322 Women 50-64 NH Black No No No No No HS Prev.
1271 Women 18-34 NH White Yes No No No Yes <HS Never
1052 Women 18-34 NH White Yes No No No Yes >HS Never
965 Women 18-34 NH Other or Multi ~ No No No No No HS Never
948 Women 18-34 NH White No No Yes No Yes <HS Never
904 Women 50-64 NH Black No No No No No <HS Prev.
Secondary analysis without pregnancy status

2917 Men 50-64 NH White No No No No HS Never
1673 Women 50-64 NH White No No No No HS Never
1328 Women 50-64 NH Black No No No No HS Prev
1124 Women 18-34 NH Other or Multi No No No No HS Never
1051 Women 18-34 NH White No Yes No Yes <HS Never
907 Women 50-64 NH Black No No No No <HS Prev
807 Women 50-64 NH White No No No No <HS Never
742 Men 50-64 NH White No No No No >HS Prev
614 Women 50-64 Hispanic/ Latinx No No No Yes <HS Never
590 Women 18-34 NH Black No No No Yes HS Never
Secondary analysis without pregnancy, education, and marital status

1755 Men > 65 NH Black No No No No

1573 Women 18-34 NH Black No No No Yes

1279 Women 50-64 NH Other or Multi No No No No

1062 Men > 65 NH White No No No No

906 Men > 65 Hispanic/ Latinx No No No Yes

862 Women 50-64 NH Other or Multi No No No Yes

738 Women > 65 NH Black No No No No

609 Men 50-64 Hispanic/ Latinx No No Yes No

585 Women 50-64 NH Black No No Yes No

475 Men 35-49 NH Other or Multi Yes No No Yes

3. Results

We found that 10.7% of individuals who were treated with MOUD
in substance use treatment programs in the US were not represented
in the three comparative effectiveness trials we considered (not repre-
sented across any of the imputed datasets). In Table 1 we show the 10
most common non-represented subgroups and the number of TEDS-A
individuals in each subgroup. In the top portion of Table 1 we show the
subgroups characterized in terms of all characteristics.

In the middle portion of Table 1, we exclude pregnancy sta-
tus from the characteristics, because trials have been and are cur-
rently being conducted among pregnant women Jones et al. (2010);
Winhusen et al. (2020). Excluding pregnancy, non-represented sub-
groups comprised 8.3% of individuals treated with MOUD in substance
use treatment programs in the US.

In the bottom portion of Table 1, we further exclude educational at-
tainment and marital status from the characteristics (in addition to preg-
nancy), because these variables had a large amount of missing data. If
we exclude these variables, then the smaller set of non-represented sub-
groups comprised 2.6% of individuals treated with MOUD in substance
use treatment programs in the US.

Table 1 describes subgroups in TEDS-A where there are no trial
participants. However, if there is just one trial participant or a few
trial participants for a given subgroup, that subgroup may not be well-
represented enough for the purposes of later generalizing estimates from
the trial to the target population. We discuss this further in the Discus-
sion section. We therefore repeat our analyses and include results of
under-represented groups where there are <5 participants representing
that subgroup in the trials, shown in Table 2.

Excluding pregnancy, under-represented subgroups comprise 44%
of the TEDS-A treatment population (including pregnancy, under-
represented subgroups comprise 45%). Further excluding educational
attainment and marital status, under-represented subgroups comprise
9% of the TEDS-A treatment population. Comparing Table 2 with
Table 1, the number of individuals in the treatment population who fall
into under-represented subgroups is much higher than those in strictly
non-represented subgroups. In addition, even when pregnancy is in-
cluded, none of the largest under-represented subgroups include preg-
nant individuals. Under-represented subgroups are dominated by non-
Hispanic Black individuals who are older, never married, have lower-
levels of education, and report no past-30 day use of amphetamines,
benzodiazapines, nor cannabis.

We used a classification tree to summarize commonalities across sub-
groups in TEDS-A who were not represented in the clinical trials. We fit a
tree for each imputed data set. We show the tree from the third imputed
dataset in Fig. 1. Trees of all other imputed datasets were subsets of this
tree. As expected, all pregnant MOUD patients in TEDS-A (n=19,490)
were not represented in any of the clinical trials. In addition, patients
aged 65 years and older were under-represented (n=11,204), as well as
those aged 50-64 years who identified as Other (non-White, non-Black,
and non-Hispanic) race/ethnicity or multi-racial (n=7,281). The clas-
sification tree excluding pregnancy included the same splits with the
exception of top split of pregnancy status (Fig. Al in the Supplementary
Materials).

Although our primary goal was to identify multi-dimensional sub-
groups in the TEDS-A data who were non-represented or under-
represented in the trials, this subgroup identification does not read-
ily translate to a summary measure of how similar the trial data are



K.E. Rudolph, M. Russell, S.X. Luo et al.

Table 2
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Largest subgroups receiving MOUD treatment in TEDS-A who are under-represented in 3 MOUD trials (i.e., <5 trial participants representing
the subgroup). Abbreviations: Pop. = Population, Ethn. = Ethnicity, Preg. = Pregnancy, Amphet. = Amphetamines, Benzo. = Benzodiazepines,

NH = non-Hi

spanic, Multi =

Multiple races, HS = high school, Prev. = Previous.

Past 30-day use of

N of TEDS-A MOUD Pop.  Sex Age Race/ Ethn. Preg. IVdrug  Amphet.  Benzo. Cannabis ~ Education ~ Married
Primary analysis with all characteristics

6230 Men 50-64 NH Black No No No No No HS Never
4678 Men 50-64 NH Black No No No No No <HS Never
4647 Women 50-64  NH Black No No No No No HS Never
4044 Men 35-49 NH Black No No No No No <HS Never
3795 Women 35-49 NH Black No No No No No HS Never
3627 Women 50-64 NH Black No No No No No <HS Never
3589 Women 35-49 NH Black No No No No No <HS Never
3555 Men 18-34 Hispanic/ Latinx No No No No No HS Never
3318 Men 35-49 NH White No No No No No <HS Never
3234 Women 35-49 NH White No Yes No No No <HS Never
Secondary analysis without pregnancy status

6230 Men 50-64 NH Black No No No No HS Never
4678 Men 50-64 NH Black No No No No <HS Never
4664 Women 50-64 NH Black No No No No HS Never
4044 Men 35-49 NH Black No No No No <HS Never
3864 Women 35-49 NH Black No No No No HS Never
3661 Women 35-49 NH Black No No No No <HS Never
3649 Women 50-64 NH Black No No No No <HS Never
3555 Men 18-34 Hispanic/ Latinx No No No No HS Never
3327 Women 35-49 NH White Yes No No No <HS Never
3318 Men 35-49 NH White No No No No <HS Never
Secondary analysis without pregnancy, education, and marital status

4167 Women 18-34 NH Black No No No No

2322 Men 35-49 NH Other or Multi No No No No

2220 Men 50-64 NH Other or Multi No No No No

2079 Women 50-64 Hispanic/ Latinx No No No No

1769 Men 18-34 Hispanic/ Latinx Yes Yes No No

1759 Men > 65 NH Black Yes No No No

1755 Men > 65 NH Black No No No No

1573 Women 18-34 NH Black Yes No No No

1396 Men > 65 NH White Yes No No No

1279 Women 50-64 NH Other or Multi No No No No

[ represented
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/

no B0+years o5

Pregnant

N
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Fig. 1. Classification tree of patients receiving MOUD treatment in
TEDS-A who are not represented in MOUD trials. Numbers at the end
of each branch indicate the number of TEDS-A patients in the rep-
resented subgroup (pink) or non-represented subgroup (green). For
example, reading from the top, pregnant TEDS-A patients ("Preg-
nant, yes”) were not represented (n=19,490). Patients who were
not pregnant ("Pregnant, no”) and > 65 years (”50 +years, yes” and
765 + years, yes”) were also not represented (n=11,204). Lastly, pa-
tients who were not pregnant ("Pregnant, no”) and were 50-64 years
old (”50+years, yes” and ”65+ years, no”) and Other/Multi-race
(”Other/multi-race, yes”) were also not represented (n=7,281).
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to the population data. One recommended summary measure involves
comparing the distributions of the estimated sample propensity score
Tipton (2014) between the trials and TEDS-A population. In this case,
the sample propensity score would be the predicted probability of be-
ing in the trials vs. TEDS-A population given covariates. The degree to
which those distributions differ represents a summary of the degree of
dissimilarity between the trials and population. We include these dis-
tributions in Fig. A2 of the Supplementary Materials, using the first
imputed dataset and not including pregnancy status, and see generally
similar distributions Tipton (2014). proposed a single-number general-
izability index that essentially summarizes the difference between these
two distributions, and ranges from a value of 0, meaning the trial and
population are distinct, to 1, meaning the trial is a random sample of
the population. The generalizability index for these data, using the first
imputed dataset and not including pregnancy status, was calculated to
be 0.85, indicating the trial sample is highly similar to the TEDS-A pop-
ulation.

4. Discussion

We quantified the number and proportion of patients treated with
MOUD at substance use treatment centers across the US 2015-2017 who
were not represented in three large comparative effectiveness trials for
MOUD, conducted 2006-2017. We estimated that 10.7% of all MOUD
patients were not represented by trials based on intersections of 10 pa-
tient characteristics, translating to 79,182 patients being treated who
were not represented. Pregnant women were excluded from trials, but
over 19,000 were treated with MOUD in a 3 year period, representing
the largest non-represented subgroup.

Aside from pregnant women, we found that older adults (> 65 years)
and middle-to-older-aged adults (50-64 years) were under-represented
in the MOUD trials. Unlike pregnancy, older age was not a reason for
exclusion in any of the three trials. Older MOUD patients are an in-
creasingly relevant subpopulation, as the number of older adults enter-
ing MOUD treatment tripled 2007-2017, and the number of older adults
with opioid-related emergency department visits quadrupled over this
same period Carter et al. (2019); Lynch et al. (2021). This subgroup is
more likely to have multiple comorbidities (e.g., cardiovascular disease,
dementia) Rosen et al. (2008); Zullo et al. (2020), take medications that
may interact with treatment, and metabolize treatment differently than
younger patients Le Couteur et al. (2012).

We also found that MOUD patients who identified as “other”
race/ethnicity or multiracial and were middle-to-older-aged were also
under-represented in the trial population. MOUD patients in TEDS-
A who identified as a single, listed race other than white or Black,
were most likely to identify as American Indian, Alaska Native, or Na-
tive Hawaiian (AI/AN/NH, 70%). Patients identifying as AI/AN/NH
are often not included in MOUD research Lillie et al. (2021), despite
having very high overdose mortality rates—second only to white pa-
tients—and these already-high rates are likely substantially underesti-
mated Joshi et al. (2018); Scholl et al. (2019); Wilson et al. (2020).
Although the included trials were conducted by CTN nodes that had
coverage in Alaska, Hawaii, Arizona, New Mexico, and the Dakotas, we
do not know how many of the participants identifying as “Other race”
would have identified as AI/AN/NH.

Although not included in Fig. 1, many of the non-represented
subgroups identified in Table 1 were women. Women comprised a
majority of non-represented subgroups even when pregnancy sta-
tus was excluded. This is perhaps not surprising, as women have
been historically underrepresented in clinical trials across disciplines
Samaei et al. (2022). MOUD patients who are women may present with
several unique challenges that influence their treatment experience and
probability of having a successful treatment Huhn and Dunn (2020).
For example, many women (25-60%) enter MOUD treatment with
a history of physical or sexual interpersonal violence (IPV), includ-
ing during childhood—3-5 times the rate in the general community
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Brewer et al. (1998); Caetano et al. (2001); Chermack et al. (2000);
De Dios et al. (2014); El-Bassel et al. (2000, 2005); Evans et al. (2020);
Santo Jr et al. (2021); Straus and Gelles (2017); Tjaden and
Thoennes (1998). In fact, evidence suggests that a history of IPV in-
creases a woman’s risk of misusing opioids Williams et al. (2021), pos-
sibly in part to cope with stress Back et al. (2011). Women entering
MOUD treatment are also more likely than men to have co-morbid
depression, anxiety, and/or suicidal behaviors Campbell et al. (2018);
Rhee et al. (2020); Vigna-Taglianti et al. (2016), as well as co-morbid
pain conditions Koons et al. (2018). Lastly, mothers entering treatment
face a particularly acute form of stigma and fear of losing custody of
their children Sanmartin et al. (2019, 2020); Scott et al. (2019). These
challenges may present barriers to treatment initiation as well as to
clinical trial participation. Recognition of these challenges can help
providers facilitate delivery of comprehensive treatment that includes
treatment of co-occurring psychiatric disorders, and gender-specific,
trauma sensitive treatment that takes into account relationships with
children and partners Barbosa-Leiker et al. (2021).

Although our primary analysis identified non-represented sub-
groups, it is also important to identify under-represented subgroups. To
our knowledge, there is currently no proposed guideline or approach for
quantifying how many units are “enough” to constitute representation,
although a related topic has been discussed in the propensity score lit-
erature, seeking to quantify how many units are necessary to provide
support for a contrast of interest Stiirmer et al. (2010). This issue is
related to practical violations of the positivity assumption in observa-
tional studies Petersen et al. (2010), and we discuss its implications and
ramifications next. Future work could further examine these issues to
identify best practices for identifying subgroups with poor support and
mitigating estimator sensitivity and instability.

Generally, representation in clinical trials matters when there exists
treatment effect heterogeneity by certain patient characteristics, mean-
ing that the degree to which a treatment is effective, or the degree to
which one treatment is more or less effective than another, differs across
values of a particular patient characteristic. If treatment effects differ by
certain patient characteristics and if patients with those characteristics
are not well-represented in trials, then the external validity/ generaliz-
ability of the trial(s) will be threatened in at least two ways. First, treat-
ment effectiveness of non-represented subgroups will be unknown and
unable to be learned, as trial data for such patients will not exist. This
means that providers treating these individuals will need to assume that
treatment will function similarly for excluded patients as for included
patients. Second, overall treatment effectiveness estimated from the tri-
als (e.g., the population average effect) may not generalize to overall
effectiveness in the real-world population, even after accounting for dif-
ferences in the distribution of patient characteristics between trials and
the usual-care population. This is because such generalization from the
trial to population would rely on extrapolation for under-represented or
non-represented subgroups. If the model used for extrapolation is incor-
rect, the resulting generalized estimates could be biased.

To our knowledge, this study is the first to quantify and char-
acterize who is under-represented in MOUD clinical trials. Others
have quantified under-representation in other types of clinical trials,
but generally in terms of one patient characteristic at a time (e.g.,
age, race). For example, older adults are commonly under-represented
in trials, including trials for cancer treatments, and even COVD-
19 vaccines (where <10% of participants are > 65 years, and <1%
are > 85 years), despite older adults being disproportionately more
likely receive such vaccines and treatments Hutchins et al. (1999);
van Marum (2020); Veronese et al. (2021); White et al. (2019).
Racial/ethnic minorities are also frequently under-represented in clin-
ical trials Betancourt and King (2003); Cavazzoni et al. (2021);
FDA (2020); Sedano et al. (2022), including trials for treatment of
diseases that disproportionately affect racial/ethnic minorities, like lu-
pus Rivers et al. (2013); Williams et al. (2022). Although we know of
no research assessing under-representation of MOUD trials specifically,
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others have identified patient characteristics (though not considered
jointly) that are under-represented in substance use disorder trials in
general. These include under-representation of individuals with lower
educational attainment Blanco et al. (2017); Susukida et al. (2016),
less than full-time employment Susukida et al. (2016), non-white race
Blanco et al. (2017), who are currently married Blanco et al. (2017),
with more prior treatments Susukida et al. (2016), and fewer comor-
bid drug use disorders Blanco et al. (2017). We also found that some
racial/ethnic subgroups were under-represented in combination with
some age subgroups, and also found under-representation of those with
lower educational attainment, but did not find evidence of under-
representation of the other previously identified characteristics.

We caution that our findings should not be interpreted as definitive
in terms of MOUD trial representation. We only included three MOUD
trials that were part of the NIDA CTN. MOUD treatment effectiveness
is based on the results of dozens of trials Mattick et al. (2009, 2014).
However, the three trials we did include represent three of the largest
MOUD trials conducted recently in the US, and form the basis for cur-
rent clinical decision-making. In the future, it would be of interest to
harmonize additional trials, particularly those targeting previously ex-
cluded groups, like pregnant women, as in the ongoing trial CTNO080
Winhusen et al. (2020).

In addition, the TEDS-A population we included—those for whom
MOUD was part of their treatment plan and who had either 1) a diag-
nosis of opioid dependence or abuse or 2) reported current illicit opioid
use at admission to the treatment program—is an imperfect approxima-
tion of the US MOUD population. For example, it is possible that those
included in our TEDS-A population did not actually receive MOUD, de-
spite it being part of their treatment plan. Also, those receiving MOUD
treatment from an entity that receives no public funding would not be
included.

We used the TEDS-A population data from years 2015 to 2017, which
aligns with one of the trials (CTN0051) but not with the other two,
which were conducted 2006-2010. If a less diverse population presented
for MOUD 2006-2010, it is possible that the trials would have appeared
more representative. That said, these older trials continue to inform cur-
rent clinical decision-making for MOUD, so the degree to which they
represent the contemporary population of those being treated for MOUD
remains relevant.

As discussed above, lack of representation in clinical trials is of con-
sequence only in cases where the non- or under-represented character-
istics are also modifiers of treatment effectiveness. In terms of MOUD
effectiveness and comparative effectiveness, there is evidence of treat-
ment effect heterogeneity by the following patient characteristics: age,
sex, race/ethnicity, co-morbid substance use disorders, homeless status,
previous treatment, and duration of opioid use Nunes Jr et al. (2021);
Olfson et al. (2020); Rudolph et al. (2021); Samples et al. (2018).
Thus, it is plausible that the non-represented and under-represented sub-
groups we identified here are relevant in terms of limiting generalizabil-
ity/external validity. However, we lacked information (from TEDS-A,
the trials, or both) on several of the patient characteristics previously de-
termined to be MOUD effect modifiers, including co-morbid substance
use disorders, homeless status, previous treatment, and duration of opi-
oid use. Consequently, we could not assess representation in terms of
these potentially relevant characteristics, possibly resulting in an “op-
timistic” overestimate of the extent to which the trials represented the
TEDS-A MOUD population.

Broadly, understanding who is and is not represented in clinical
trials is fundamental for optimizing the generalizability and practical
relevance of future clinical trials, including those for OUD treatment.
By characterizing subgroups of individuals who initiate treatment with
MOUD but who are not represented or are under-represented in MOUD
trials, we hope to support better accountability for representation and
inform targeting for future MOUD trial recruitment. Ultimately, quanti-
fying and characterizing non- or under-represented subgroups in trials
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can provide the data necessary to improve equity and address research-
to-practice gaps.
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