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Abstract

This study examines the impact of workforce diversity, particularly the presence
of Black/African American staff, on client retention in opioid use disorder
(OUD) treatment, recognizing the historically low retention rates among Black
and Hispanic populations in such programs. Using a novel machine learning
technique called “causal forest,” we explored the heterogeneous treatment
effects of staff diversity on client retention, aiming to identify strategies that
enhance client retention and improve treatment outcomes. Analyzing data from
four waves of the National Drug Abuse Treatment System Survey spanning the
years 2000, 2005, 2014, and 2017 (n = 627), we focus on the relationship between
workforce diversity and retention. The findings revealed diversity-related
variations in retention across 61 out of 627 OUD treatment programs (<10%),
with potential beneficial effects attenuated by other program characteristics.
These characteristics include programs that are more likely to be private-for-
profit, have lower percentages of Black and Latino clients, lower staff-to-client
ratios, higher proportions of staff with graduate degrees, and lower percentages
of unemployed clients. Our results suggest that workforce diversity alone is
insufficient for improving retention. Programs with characteristics linked to
greater retention are better positioned to leverage a diverse workforce to
enhance retention, offering important implications for policy and program
design to better support Black clients with OUDs.

Keywords: Workforce diversity; Opioid use disorder; Treatment retention; Causal forest;
Heterogeneous treatment effect
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1. Introduction

The opioid epidemic continues to adversely impact the
public health system of the United States. The Centers
for Disease Control and Prevention estimates that there
were over 81,000 opioid-related overdose deaths in 2023.!
Increased opioid use disorder (OUD) treatment retention
can improve treatment outcomes, including reduced rates
of mortality and of relapse.* Concurrently, retention rates
in OUD treatment are highly variable between programs
and demographic groups, with 6-month retention rates
commonly dropping below 50% for some groups.*¢ Several
studies measuring retention in OUD programs have found
lower retention rates among minoritized individuals
who identify as Black/African American and as Latino/
Hispanic (Black and Latinos, hereafter).”® Other studies
have identified subgroup differences between Black, Latino,
and White clients, including variations in predictors of
retention and the treatment outcomes associated with
retention.'®! It is therefore important to consider unique
differences, particularly of minoritized patients like Black
clients, when exploring strategies to boost retention rates
in OUD programs.

Past research on the effect of culturally responsive
practices on the retention of Black OUD clients has identified
promising culturally responsive organizational factors,
including offering bilingual language services; developing
specific policies and procedures designed to serve minority
clients; and having managers who believe in the importance of
cultural sensitivity.'*'® Workforce diversity, defined as having
a higher percentages of Black staff members, is thought to
improve Black OUD clients’ treatment outcomes by fostering
a culturally responsive treatment environment.'>7-*
However, previous studies on the impacts of workforce
diversity on OUD client retention have looked for simple
associations and have included only a few basic modifying
variables, leading to variable retention outcomes.'**!

The heterogeneous nature of these results indicates
that workforce diversity may have differential impacts
on retention rates in OUD programs with different
organizational characteristics. We build on prior studies
that have suggested that workforce diversity in the
absence of other factors, such as high levels of training
and education among staff members, may be insufficient
to improve treatment outcomes.””'® Unpacking the
heterogeneity in associations between workforce diversity
and treatment retention can help healthcare policymakers,
leaders of OUD treatment programs, and researchers to
understand which programs would benefit most from the
expansion of workforce diversity, and importantly, the
additional conditions necessary to optimize the benefits of
workforce diversity.

In this study, we applied heterogeneous treatment effect
(HTE) estimation methods to understand which workforce
diversity characteristics facilitate positive retention effects.
HTE estimation is a machine learning method which was
originally designed to study variations in the effects of
clinical interventions and has been generalized to other
applications such as public policy and marketing.***
Heterogeneous treatment effect (HTE) estimation
methods, including causal forests, have been effectively
applied in fields such as personalized medicine, public
policy, and marketing.?** In personalized medicine, HTE
helps tailor treatments to individual patients, improving
outcomes by accounting for diverse responses. In public
policy, it identifies how different populations are impacted
by interventions, guiding more equitable policymaking. In
marketing, HTE enables businesses to optimize strategies
by understanding how various customer segments respond
to different campaigns. The strength of HTE methods lies
in their ability to handle complex interactions and high-
dimensional data, offering deeper insights than traditional
regression models.

In this work, we adopted a state-of-the-art HTE
estimation method called “causal forest,” to examine the
heterogeneous impact of workforce diversity on OUD
treatment retention.®* Causal forest is a machine learning
method that extends the random forest framework to
estimate the varying effects of a treatment across different
subgroups within a population. This method involves
constructing an ensemble of decision trees, where each
tree is specifically designed to identify splits in the data
that reveal differences in treatment effects between
subpopulations. To ensure accurate and unbiased estimates,
causal forest uses a technique known as “honesty;” where
the data used to determine the optimal splits in the trees
is separate from the data used to estimate the treatment
effects. This approach allows for a detailed exploration of
how the impact of a treatment may differ across various
segments of the data.

There are several advantages of this method over
traditional regression models. First, due to potential high
collinearity and a high false discovery rate, only a limited
number of interactions can be included in traditional
regression models. Second, causal forest provides variance
for individually-estimated treatment effects, that is, one
can calculate the asymptotic p-values for the statistical
significance of treatment effects for each observation.

By examining HTE, we can untangle the various factors
that may influence how workforce diversity impacts OUD
client retention. The benefit of this study to the field of
healthcare, and disparities within this field in particular,
includes informing healthcare policies, and practices, on
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which program characteristics can be adjusted to maximize
the benefits of workforce diversity for OUD client retention.
This study is also of relevance to the field of computational
science, using machine learning to showcase an application
of a novel approach to understanding heterogeneity.

2. Methods

We relied on nationally representative data from
the National Drug Abuse Treatment System Survey
(NDATSS), a dataset containing eight waves of survey data
from outpatient substance use treatment programs (OTPs)
from 1988 to 2017.°**' Each wave incorporated a large
percentage of programs from the previous wave, except
programs excluded due to closure. More details on the
NDATSS dataset can be found elsewhere.?! In this paper,
we looked at the last four waves of the NDATSS (110 OTPs
in 2000, 142 in 2005, 184 in 2014, and 190 in 2017).

2.1. Dependent variable

We used an established measure of retention, the
percentage of clients in treatment for more than 3 months
in a treatment program, as the dependent variable. This
measure has been used in other studies.*?"

2.2.Independent variables

The key independent variable is workforce diversity, which
we define as the percentage of staff self-identified as Black
or African American. This measure has been used in other
studies.''#2132 To apply the existing estimation method
for HTE, we dichotomized the treatment variable. Thus,
we consider programs with more than 20% Black staft
as having high workforce diversity. This threshold was
chosen because more than 50% of the programs in our
sample had less than 20% Black staff. The other relevant
independent variables that define the heterogeneity of the
treatment effect on client retention rates include program
and client characteristics such as percentage of Black
clients, percentage of Latino clients, accreditation by The
Joint Commission (TJC), ownership status, program type
(private-for-profit, private-not-for-profit, public), staft-
to-client ratio, proportion of staff who have graduate
degrees, percentage of unemployed clients, and whether
the program is located in a state that expanded Medicaid
coverage.

2.3. Statistical analysis

We conducted a comprehensive comparative analysis
of all variables across the four-year period to assess
any significant differences or associations. Categorical
variables were examined using the Chi-square tests to
determine if there were statistically significant associations
between variables over time. For continuous variables,

we utilized analysis of variance (ANOVA) to compare
mean differences across the four years. This approach
allowed us to identify patterns, trends, and variations
in the data, providing a detailed understanding of how
each variable evolved over the study period. To examine
the heterogeneity of the association between workforce
diversity and retention in OUD treatment, we used the
causal forest method in which weights were incorporated
to make the data nationally representative.”*

The dataset used in our study was organized at the
program level, meaning that each record corresponds to
a single program. Therefore, when we refer to percentages
of specific client demographics, we are indicating the
proportion of those clients relative to the total number of
clients within each program.

Causal forest is particularly well-suited for this analysis
as it estimates the client and program-specific treatment
effects of workforce diversity on retention. By doing so, it
highlights how the presence of a diverse workforce might
influence retention rates in different programs. In addition,
the causal forest method generates variance estimates,
which allow us to assess whether the observed treatment
effects are statistically significant and different from zero.
This approach not only quantifies the impact of workforce
diversity but also provides a measure of the confidence we
can have in these effects, revealing the conditions under
which workforce diversity plays a crucial role in enhancing
OUD treatment retention.

3. Results

We found significant differences among variables across
the four different years that we examined. Table 1 presents
the comparative analysis by year. The percentages of clients
in treatment for more than 3 months were significantly
different across years (P < 0.001). The percentages of
Black clients were also significantly different across years
(P < 0.001), with the percentages of Black clients being
lower in the last two waves (2014 and 2017). More programs
were from states that expanded Medicaid coverage in 2017
compared with 2014 (P < 0.001). There was an increasing
trend of program age across years (P < 0.001). The results
also showed that fewer programs were owned by another
organization in the last two waves (P < 0.001). The staft-
to-client ratio was significantly different across years
(p = 0.024). The results also showed that the percentages
of unemployed clients were higher in the last two waves
(P <0.001).

Results from the causal forest method (Table 2)
showed that 61 OTPs had statistically significant positive
treatment effects for workforce diversity. This means that
these 61 OTPs would significantly benefit from having

Volume 2 Issue 1 (2025)

107

doi: 10.36922/aih.3750


https://dx.doi.org/10.36922/aih.3750

ArtifiCial Intelligence in Health ML approach for client and program effects in OUD retention

Table 1. Comparative analysis of Opioid Treatment Programs in NDATSS data

2000 2005 2014 2017
n=110 n=142 n=184 n=190
Percentage of clients in treatment more than 3 months*** 84.3 (16.5) 87.9(13.2) 75.2 (30.5) 79.0 (27.7)
More than 20% of Black staff 61 (55.5%) 70 (49.3%) 78 (42.4%) 93 (48.9%)
Client characteristics
Percentage of Black clients*** 29.4 (28.1) 25.5(26.4) 18.7 (24.1) 20.8 (23.0)
Program characteristics
Medicaid expansion*** - - 116 (63%) 140 (73.7%)
TJC accreditation 27 (24.5%) 52 (36.6%) 60 (32.6%) 55 (28.9%)
Program age*** 17.8 (11.6) 20.8 (12.0) 23.7 (14.1) 27.0 (15.1)
Owned by another organization*** 78 (70.9%) 103 (72.5%) 43 (23.4%) 59 (31.1%)
Type of programs
Private for-profit 40 (36.4%) 53 (37.3%) 63 (34.2%) 64 (33.7%)
Private not-for-profit 45 (40.9%) 64 (45.1%) 101 (54.9%) 99 (52.1%)
Public 25 (22.7%) 25 (17.6%) 20 (10.9%) 27 (14.2%)
Staff-to-client ratio in percentage* 4.3 (4.1) 3.9(2.7) 4.2 (4.4) 6.1 (10.6)
Proportion of graduate staff 0.3(0.2) 0.4 (0.2) 0.3 (0.2) 0.3 (0.2)
Percentage of unemployed clients*** 44.6 (23.0) 43.6 (24.7) 54.7 (26.4) 52.1(25.8)

Notes: The values inside the parentheses in the table that do not have a “%” sign are the corresponding standard deviations. *P<0.05, **P<0.01,
% P<0.001.
Abbreviations: NDATSS: National Drug Abuse Treatment System Survey; TJC: The Joint Commission.

Table 2. Comparative analysis of programs with no or significant benefit from workforce diversity

No benefit from diversity (n=565) Benefit from diversity (n=61) p-value

Medicaid expansion 233 (41.2%) 23 (37.7%) 0.69188
Year 0.34624

2000 104 (18.4%) 6 (9.8%)

2005 129 (22.8%) 13 (21.3%)

2014 163 (28.8%) 21 (34.4%)

2017 169 (29.9%) 21 (34.4%)
Percentage of Black clients 24.9 (25.7) 2.6 (2.9) 2.12E-66
TJC accreditation 182 (32.2%) 12 (19.7%) 0.06199
Owned by another organization 261 (46.2%) 22 (36.1%) 0.16922
Type of programs 2.22E-10

Private for-profit 175 (31%) 45 (73.8%)

Private not-for-profit 298 (52.7%) 11 (18%)

Public 92 (16.3%) 5 (8.2%)
Staff-to-client ratio in percentage 5.0 (7.0) 2.0(1.1) 2.38E-19
Proportion of graduate staff 0.3(0.2) 0.5(0.2) 2.43E-05
Percentage of unemployed clients 52.0 (25.2) 27.1(17.8) 4.31E-16
Program age 23.9 (13.9) 14.5 (10.8) 1.51E-08

Note: The values inside the parentheses in the table that do not have a “%” sign are the corresponding standard deviations.
Abbreviation: TJC: The Joint Commission.

a high percentage of Black staff in terms of increasing the 3 months (retention). Among the remaining 565 OTPs, 562
percentage of clients who stay in treatment longer than did not have statistically significant treatment effects, while
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four had statistically significantly negative treatment effects.
Itis important to note that these four programs with negative
treatment effects may potentially represent false discoveries.

The comparison of characteristics of these 61 OTPs
with the other 565 OTPs is presented in Table 2. The 61
OTPs that would benefit the most from workforce diversity
had significantly lower percentages of Black clients (P <
0.001), were more likely to be private-for-profit (P < 0.001),
had lower staft-to-client ratio (P < 0.001), much higher
proportion of staff who had graduate degrees (P < 0.001),
much lower percentage of unemployed clients (P < 0.001),
and were more likely to be newer programs (P < 0.001).
The box plots of the percentage of clients in treatment for
more than 3 months, categorized based on the presence
of high and low percentage of Black staff, in these 61
OTPs and the other 565 OTPs are presented in Figure 1.
Higher percentages of Black staff were associated with the
increased percentage of clients in treatment to more than
3 months in these 61 OTPs.

4, Discussion

To study the role of the variation of workforce diversity
in improving OUD treatment retention, we explored the
heterogeneous treatment effect with a novel machine-
learning method called causal forest. Our analytical
method aimed to advance understanding of the variation
in the association between workforce diversity, that is,
percentage of Black staff in an OUD treatment program,
and OUD treatment retention (percentage of clients in
treatment for more than 3 months).

The 61 effective programs

_
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We found that only a small proportion of the sample,
that is, 61 out of 627 OTPs (<10%), would statistically
significantly benefit from workforce diversity when it comes
to retaining clients. This means that, notwithstanding
the level of workforce diversity, characteristics of these
programs, other than workforce diversity, would cause
them to benefit more from diversity. The characteristics that
amplified the impact of workforce diversity on retention
included: lower percentages of Black clients, lower staft-to-
client ratio, higher proportion of staff who had graduate
degrees, and lower percentage of unemployed clients. In
addition, those OTPs were more likely to be private for-
profit and newer.

The characteristics of these 61 OTPs suggest that the
impact of workforce diversity is context-dependent, and
its effectiveness is shaped by a combination of program-
specific factors. For instance, programs with lower
percentages of Black clients might benefit more from
diversity because the presence of Black staft could provide
critical cultural insights and connections that are otherwise
lacking. Similarly, a lower staft-to-client ratio and higher
staff education levels could facilitate more personalized
and culturally competent care, which is particularly
beneficial in diverse workforce environments. These
findings imply that workforce diversity alone is insufficient
for improving retention across all settings; rather, it is the
synergy between diversity and other favorable program
characteristics that drives positive outcomes.

Moreover, the observation that private for-profit
programs were more likely to benefit from diversity could

The other programs
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Figure 1. Box plots illustrating the heterogeneous effects of workforce diversity on treatment retention. (Left) Box plots of the percentage of clients in
treatment for more than 3 months, categorized based on the presence of high and low percentage of Black staff, in the 61 effective programs. (Right) Box
plots of the percentage of clients in treatment for more than three months, categorized based on the presence of high and low percentages of Black staff,
in the other 565 ineffective programs.

Abbreviations TX: Texas.
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reflect the greater operational flexibility and resource
availability in these settings, allowing for more effective
implementation of diversity initiatives. This raises
important considerations for public and not-for-profit
programs, which may need additional support to create
environments where workforce diversity can flourish.
These programs might require targeted investments in
staff training, educational opportunities, and resource
allocation to replicate the conditions under which diversity
positively impacts retention in private for-profit settings.

The characteristics of these 61 OTPs indicate that
workforce diversity is most likely to improve client
retention when implemented in less constrained programs,
that is, those with attributes often reported in the existing
literature to be associated with positive outcomes.**? This
may explain why we did not see a significant association
between the percentage of Black staff and the percentage
of clients in treatment for more than 3 months when
considering the full sample of 627 OTPs.

Few studies have examined the general association
between Black workforce diversity and treatment retention
among Black clients.'>*' These studies identified significant
associations that may have been driven by a small subgroup
or population. In ddition, organizational characteristics
may alter the impact of workforce diversity in a different
direction. Findings in this paper inform rigorous analytical
approaches to understand relationships of individual and
program features with client outcomes. The benefit of this
approach is to help public health policymakers identify
OTPs that might benefit from workforce diversity, or
alternatively, OTPs with high workforce diversity that
could benefit from greater resources.

Our study is also aligned with the national call to
diversify the workforce in addiction health services and
thus informs how and when diversity could most benefit
client-centered outcomes. However, it is also important
to recognize that the relationship between workforce
diversity and client retention is complex and influenced
by multiple factors beyond the demographic composition
of the staff. The findings from this study highlight the
need for a more nuanced understanding of how diversity
interacts with program-specific characteristics to influence
outcomes. Future research should continue to explore
these interactions, with a particular focus on identifying
the conditions under which workforce diversity is most
likely to enhance retention, and how these conditions can
be fostered across different types of treatment programs.

Policymakers should recognize that while workforce
diversity is important, it is not a standalone solution for
improving client retention in OUD treatment programs.
Policies solely focused on increasing diversity may not yield

desired outcomes unless other factors are addressed. This
study highlights program characteristics associated with
a positive impact of workforce diversity on retention. As
such, policymakers may want to allocate resources related to
program characteristics that enhance the benefits of a diverse
workforce. It is also crucial to strike a balance between
resource allocation and diversity goals, as less constrained
programs, often linked to positive outcomes, maximize
the benefits of diversity. Policies should support adequate
resource allocation, including staffing and educational
opportunities, while fostering diversity. In addition,
targeted strategies should prioritize retention rates among
Black clients, addressing their unique challenges through
tailored interventions, culturally competent care, and efforts
to reduce disparities in access and quality of treatment.
Moreover, as the landscape of opioid treatment continues
to evolve, it will be essential for policymakers to remain
flexible and responsive to new evidence on the factors that
influence retention. This includes being open to revising
policies and practices as more is learned about the role of
workforce diversity in different contexts and the needs of
client populations change over time. Overall, policies should
consider program characteristics, resource allocation,
and diversity goals to improve retention rates, particularly
among Black clients, in OUD treatment programs.

Several limitations of this study should be acknowledged.
Most existing methods can only estimate the heterogeneous
treatment effects for binary variables. Thus, we had to
dichotomize the percentage of Black staft to obtain a binary
treatment variable. We chose the cutoff of 20% because
48.2% (i.e., about one half) of programs had more than 20%
Black staft. Ideally, we would explore the heterogeneity with
the original continuous variable, that is, percentage of Black
staft. The identified 61 OTPs would have a greater impact
on retention given their diverse workforce. However, there
may be other heterogeneity among these 61 OTPs in the
association between workforce diversity and retention. We
did not examine such heterogeneity in this paper because the
higher treatment effects on these 61 OTPs were composite
effects of several variables. In fact, we cannot observe
significant treatment effects by altering the value of just
one variable, while keeping the others constant. Moreover,
our finding that a lower percentage of Black clients being
associated with lower constraints, and therefore greater
retention, should be further examined. Future studies should
scrutinize this finding to better understand the mechanisms
that drive this association and suggest concrete approaches
to improve outcomes equally and equitably.

5. Conclusion

Our findings contribute to a deeper understanding of how
workforce diversity, particularly in the form of higher
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percentages of Black staff, can positively impact retention
rates among Black clients in opioid treatment programs
(OTPs). This underscores the importance of employing
advanced statistical methods to identify and quantify when
and how diversity enhances treatment outcomes, especially
for minority clients. By doing so, we can better address
the unique needs of these clients and optimize program
resources to serve minority communities effectively.

As federal and state authorities prepare to allocate
substantial financial resources from various sources
- including pharmaceutical settlements and new tax
revenues — to improve access to opioid treatment,**** it
is imperative to understand how these investments can
best support OTPs in enhancing overall patient outcomes.
This is particularly vital for improving outcomes among
minority populations, who often face additional barriers
to accessing quality care. A diverse workforce not only
reflects the communities these programs serve but also
has the potential to foster a more inclusive and supportive
treatment environment that can significantly impact
retention and recovery. Therefore, fully leveraging the
benefits of workforce diversity will be crucial in shaping
policies and interventions that maximize the effectiveness
of opioid treatment programs, especially in underserved
and minority communities.
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