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Abstract

Introduction.—Youth involved in the justice system have high rates of alcohol and other
drug use, but limited treatment engagement. JJ-TRIALS tested implementation activities with
community supervision (CS) and behavioral health (BH) agencies to improve screening,
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identification of substance use service need, referral, and treatment initiation and engagement,
guided by the BH Services Cascade and EPIS frameworks. This paper summarizes intervention
impacts on referrals to treatment among youth on CS.

Methods.—This multisite cluster-randomized trial involved 18 matched pairs of sites in 36
counties in seven states randomly assigned to core or enhanced conditions after implementing

the core intervention at all sites for six months. Enhanced sites received external facilitation for
local change team activities to reduce unmet treatment needs; Core sites were encouraged to

form interagency workgroups. The dependent variable was percentage referred to treatment among
youth in need (N=14,012). Two-level Bayesian regression assessed factors predicting referral
across all sites and time periods. Generalized linear mixed models using logit transformation
tested two hypotheses: (H1) referrals will increase from baseline to the experimental period, (H2)
referral increases will be larger in enhanced sites than in core sites.

Results.—Although the intervention significantly increased referral, condition did not
significantly predict referral across all time periods. Youth who tested drug positive, had an
alcohol/other drug-related or felony charge, were placed in secure detention or assigned more
intensive supervision, or who were White were more likely to be referred. H1 (p < .05) and H2 (p
<.0001) were both significant in the hypothesized direction. Interaction analyses comparing site
pair differences showed that findings were not consistent across sites.

Conclusions.—The percentage of youth referred to treatment increased compared with baseline
overall, and enhanced sites showed larger increases in referrals over time. However, variations

in effects suggest that site-level differences were important. Researchers should carry out mixed
methods studies to further understand reasons for the inconsistent findings within randomized

site pairs, and how to further improve treatment referrals across CS and BH systems. Findings
also highlight that even when CS agencies work collaboratively with BH providers to improve
referrals, most justice-involved youth who need SU services are not referred.

Keywords

Juvenile justice; Services cascade; Implementation science; Treatment referral

Introduction

Youth involved in the justice system have substantially higher rates of alcohol, marijuana,
and cocaine use compared with youth in the general population (Miech et al., 2018;
Mieczkowski et al., 1998; Mulvey et al., 2010). Likewise, the prevalence of substance

use disorders (SUD) is substantially higher among justice-involved youth: 25%-50% of
justice-involved youth (McClelland et al., 2004; Teplin et al., 2002; Wasserman et al., 2010;
White et al., 2019) report SUD compared to 4.3% of adolescents in the community aged
12-17 (SAMHSA, 2017).

Among justice-involved youth, untreated behavioral health (BH) disorders increase the
likelihood of continued contact with both juvenile and adult justice systems (Cuellar et
al., 2006; Hoeve, McReynolds & Wasserman, 2013), as well as the escalating severity of
offenses (Hoeve, McReynolds, McMillan & Wasserman, 2013). Yet research shows that
these youth often do not access treatment, even after identification of need. Across a range
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of justice settings (community supervision, detention, and incarceration) only 50% to 84%
of those with BH needs access services (Aalsma et al., 2012; Abram et al., 2008; Chapman
et al., 2006; Colins et al., 2010; Fazel et al., 2008; Sedlak & Bruce, 2010; Teplin et al., 2005;
Wasserman et al., 2021; White et al., 2016); access rates for substance use-related services
are even lower than for mental health services (White et al., 2019).

We know less about the BH service needs of the subpopulation of youth in the juvenile
justice system (JJS) who are on community supervision (CS; e.g., probation). But data from
CS agencies showed that 70% of youths were screened, more than half were in need of
treatment, but only about a fifth of those in need were referred to treatment (Wasserman

et al., 2021). These findings are cause for alarm because 75% of justice-involved youth

are supervised in the community (Hockenberry & Puzzanchera, 2019). The field, thus,
needs effective strategies for improving substance use (SU) identification and linkage to
treatment services that can inform efforts to more efficiently and effectively address the
SUD needs of justice-involved youth (Belenko et al., 2017). The current paper reports key
findings from the Juvenile Justice-Translational Research on Interventions for Adolescents
in the Legal System (JJ-TRIALS) multisite project, which tested the impacts of a structured
implementation intervention on unmet substance use service needs among adolescents under
CS (Knight et al., 2016; Wiley et al., 2015); see project description below.

1.1. The Behavioral Health Services Cascade as a framework for system change

The Behavioral Health Services Cascade (hereinafter the Cascade) provides a guiding
framework to facilitate research and practice about how best to identify and address SU
treatment need within and across agencies, and to document progress toward increasing
referral and subsequent service receipt (Belenko et al., 2017; Dennis et al., 2019). The
Cascade comprises six distinct interrelated activities that are essential for identifying
SU problems and linking youth to clinical services. These activities include screening
and assessment, identification of need, referral to treatment, initiation, engagement, and
continuing care. As in a typical cascading service system, receipt of services in later
steps is typically contingent on receipt of prior steps (e.g., only those in need should

be referred). In this way, the Cascade also provides a measurement framework to assess
whether interventions are able to reduce unmet service needs (Dennis et al., 2019; Knight et
al., 2016).

The idea that as youth transition across service sectors (from identification of need and
referral in the JJS to initiation in the treatment system), coordination is required between the
justice system and treatment providers is implicit in the Cascade (Welsh et al., 2021). Also
implicit is that interventions can be developed and tested that seek to increase the proportion
of youth moving through the Cascade. At each step of the Cascade, a clear need exists

for rethinking how agencies approach the identification and management of justice-involved
youth’s SU needs, alone and in collaboration with their local partners (Belenko et al., 2017;
Wasserman et al., 2021), particularly across service systems.
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1.2 How youth under community supervision move through the Cascade

Individual juvenile probation officers (PO) are typically responsible for ensuring compliance
with court recommendations for youth placed on CS, functioning as gatekeepers (Stiffman
et al., 2004), and determine how and where treatment recommendations will be carried out
(unless an agency has a specific drug and alcohol unit or caseloads). CS agencies utilize
written documents or state-mandated policy to guide these decisions, or rely mostly on

PO discretion (Bowser et al., 2018), resulting in broad individual and agency variation in
Cascade-related practices (Belenko et al., 2018; Knight et al., 2019). Unfortunately, POs

are often insufficiently trained on identification and management of SUDs and have limited
knowledge about local adolescent treatment programs.

A complex interplay of organizational, staff, and youth factors is associated with Cascade
activities (Davis et al., 2016; Fagan et al., 2015; Godley et al., 2005; Karriker-Jaffe,

2011; Wasserman et al., 2021). For example, most POs do not routinely use evidence-
based active treatment referral strategies (e.g., making the initial appointment, providing
transportation; Knight et al., 2019), but are more likely to do so in organizations that value
innovation and flexibility (Knight et al., 2019). Other Cascade activities are differentially
influenced by staff training and knowledge/attitudes as well as youth-specific factors (e.g.,
age, supervision status) and community systems (e.g., availability of adolescent treatment,
insurance, resources; Belenko et al., 2017; Taxman & Belenko, 2012; Wasserman et al.,
2021).

Training CS staff in best practices on SU and treatment is a necessary but not sufficient
strategy. Compared with those who are trained, untrained POs are less likely to recommend
services for youth charged with alcohol- or drug-related offenses (Hoeve et al., 2014),

who have prior offenses (Wasserman et al., 2008), or with high risk for recidivism

(White, 2019). Lack of training reduces effective juvenile probation case management and
appropriate provision of services for targeting criminogenic needs (Haganee et al., 2015).
Agencies participating in a systems-level intervention, including evidence-based screening,
BH training, inter-agency agreements, and materials to facilitate referrals, increased referrals
and referred youth were almost three times as likely to access services than before the
intervention (Wasserman et al., 2009). When POs were trained to interpret and report on
results of clinical assessments, almost half the youth on their caseloads received treatment
referrals; among substance use disordered youth, those referred to services were 66% less
likely to recidivate than those not referred (Hoeve et al,. 2014). These studies suggest that
training on appropriate identification and linkage strategies, coupled with agency support for
such policies, can improve service receipt among youth on CS.

1.3. Multilevel factors are likely to affect Cascade outcomes

Analyses of Cascade outcomes using baseline data from the period prior to initiation of

the JJ-TRIALS study found that both youth- and site-level factors were related to these
outcomes (Wasserman et al., 2021). Multivariate multilevel regression analyses found that
male, older, and white youth were more likely to be in need of treatment, as were those
under stricter JJ supervision. Referral was predicted mainly by being under a higher level of
JJ supervision. In addition to youth factors, agency- or community-level factors likely exist
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that influence Cascade outcomes, reflecting the complex impacts of systems, organizational,
staff, and youth characteristics (Davis et al., 2016; Fagan et al., 2015; Godley et al., 2005;
Karriker-Jaffe, 2011; Wasserman et al., 2021). For example, screening, determination of
treatment need, and referral to treatment may be influenced by staff training and knowledge/
attitudes related to SUDs and treatment, as well as community systems issues (e.g.,
availability of adolescent treatment, insurance, resources; Belenko et al., 2017; Taxman &
Belenko, 2012; Wasserman et al., 2021).

1.4 Implementation science and implementation interventions: Guiding organizational
and systems change

Because justice-involved youth with SU issues must move from the JJ system to the

BH system for SU treatment, improving SU identification and service linkage involves a
systems shift in how SU-related services are coordinated across and within agencies (Welsh
et al., 2021). Prior work shows the importance of cross-service-sector collaborations to
address SU, mental health, and HIV service needs of adult and juvenile justice populations
(Belenko, Visher, et al., 2013; Elkington et al., 2020; Friedmann et al., 2013; Pearson

et al., 2014). To achieve this, individuals representing both CS and BH agencies must

work together to develop processes for determining and executing cross-agency referrals,
recording receipt of services, and identifying gaps in service receipt (at an agency or
community level). However, cross-system collaboration is often hindered by conflicting
goals of justice and treatment systems (e.g., zero-tolerance supervision vs. harm reduction
approaches; Fletcher et al, 2009; Lehman et al., 2009), and successful collaboration requires
effective communication and shared goals across agencies that likely operate under distinct
cultures (Belenko et al., 2013; Henderson & Taxman, 2009; Roman et al., 2011; Welsh et al.,
2021).

The justice system has relied upon implementation science to strengthen collaborations with
treatment systems and to promote innovative service practices for substance disordered
adults (Belenko et al., 2013; Friedmann et al., 2012; Shafer et al., 2014;). Promising
implementation approaches that address barriers to cross-system collaboration and service
access include process improvement strategies such as local change teams (LCTs) and
data-driven decision-making (DDDM). LCTs that include external facilitation and involve
multiple agencies and staff (Aarons et al., 2014; Fixsen et al., 2009; Kets de Vries, 2005;
Marchant & Young, 2001; Powell et al., 2012) are well-suited to implementation of cross-
system initiatives in which organizational cultures and varying approaches to collaboration
may be barriers to practice change (Belenko, Visher, et al., 2013; Hoffman et al., 2012).

Similarly, by focusing on systematic data collection and interpretation, as in DDDM, an
agency can monitor practice improvement to address problems and implement change
(Knight et al., 2016; Marsh et al., 2006). JJ settings have used DDDM to guide system-wide
reform to reduce recidivism and system costs (Chayt, 2012; DART, n.d.; Dwyer et al.,
2012).

The JJ-TRIALS study was informed by the above considerations in developing and testing
whether a set of implementation activities involving staff of CS and BH agencies would
improve screening, identification of SU service need, referral, treatment initiation, and
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treatment engagement among youth under CS (Knight et al., 2016). The study used the
Exploration, Preparation, Implementation, and Sustainment (EPIS) framework (Aarons et
al., 2011; Becan et al., 2018). EPIS has considerable empirical support and utilization

in cross-system initiatives, and can identify the necessary structures and processes within

a given system to support implementation of evidence-based practice (Moullin et al.,

2019). It comprises four sequential phases of activities: exploration (determining population
needs and specific programs available); preparation (planning how to integrate the program
into existing organizational workflow); implementation (implementing the program with
fidelity); and sustainment (establishing the program as part of ongoing activities). The

EPIS framework also considers the multilevel nature of service systems and addresses

outer context (e.g., county funding) and inner context (e.g., organizational functioning,

staff attitudes) across each stage. Examining inner and outer context allows one to explore
barriers to implementation and sustainability within and across settings, yielding lessons for
broader implementation, dissemination, and scale-up.

This paper focuses on the early part of the Cascade, primarily occurring within the JJS,
focusing on screening, determination of treatment need, and referral as primary outcomes.
The JJ-TRIALS study design (see Methods) was a cluster-randomized trial involving

CS agencies in 36 counties in 7 states. The core condition included five interventions
implemented at all sites during a 6-month, pre-randomization period (Knight et al., 2016):
(1) staff orientation meetings, (2) needs assessment/system mapping, (3) behavioral health
training, (4) site feedback reports, and (5) goal achievement training. Following these core
activities, the coordinating center randomly assigned matched pairs of sites within states
into core or enhanced conditions. The study matched pairs of sites within states to achieve
equivalency based on local population, number of youth referred to the JJS, and number

of agency staff. The study used optimal randomization to find the most balanced pattern of
assignment across sites within each RC. To do so, the study team ran 10,000 permutations
of possible site assignments to study condition within each pair. For each of these, the
study computed multivariate Hotelling’s T2 to assess the degree of balance both within and
across all RCs. The study selected the final randomization design from a pool of the top 2%
of permutations balancing across all characteristics. The JJ-TRIALS research centers were
blinded as to assignment until after randomization occurred

Enhanced sites received external facilitation for local change team activities, whereas

core sites were encouraged to form interagency workgroups to address their process
improvement goals. External facilitators worked with the LCT to lead team meetings,
provide encouragement and feedback, and assist the LCTs with addressing their goals

and completing their activities (see Knight et al., 2016 for additional details on the study
design). Previous research has demonstrated the value of the implementation strategies used
in JJ-TRIALS for improving client outcomes in various service settings (see e.g., Aarons et
al., 2014; Belenko et al., 2013; Dwyer et al., 2012; Elkington et al., 2020; Hoffman et al.,
2012; Powell et al., 2012).

The goals of this paper are to (1) assess the impact of the core intervention on Cascade
outcomes through referral, (2) assess the additional impact of external facilitation (enhanced
intervention) on Cascade outcomes through referral, and (3) analyze changes in Cascade
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outcomes over time. Two hypotheses focus on the percentage of CS youth in need of
treatment who are referred for SU treatment by CS agencies: Hypothesis 1. Compared with
the baseline period, the percentage of youth in need who are referred to treatment will
increase during the experimental period; Hypothesis 2. Compared with the core intervention
sites, the percentage of youth in need who are referred to treatment will be greater in
enhanced intervention sites (over time relative to baseline) during the experimental period.

2. Methods

The JJ-TRIALS Cooperative included six research centers (RC), one coordinating center
(CC), and one funding/oversight entity (NIDA), with participation by juvenile justice agency
partners in seven states. Each RC’s Institutional Review Board and state/local juvenile
justice agencies reviewed and approved all protocols.

2.1. Overview of the JJ-TRIALS Protocol

JJ-TRIALS sought to: (1) increase identification of SU and linkage to treatment among
justice-involved youth and (2) test the effectiveness of two bundles of implementation
strategies aimed at increasing screening, assessment, referral, and treatment (Knight

et al., 2016). The Cascade (Belenko et al., 2017) guided intervention content and
operationalization of agency/youth outcomes while EPIS (Aarons et al., 2011) informed
selection of intervention components (e.g., needs assessment during an exploration phase
and external facilitation during an implementation phase) and general study design (e.g.,
assessment timing and content; Becan et al., 2018).

Guided by a site feedback report prepared by each RC, sites selected process improvement
goals and were trained by the research team on using data to inform this goal selection;

the research team developed DDDM templates and tools for staff to use in implementing
change. Site workgroups had flexibility in selecting the Cascade activity on which to focus.
Most chose to target services deeper into the Cascade, specifically referral (39%) and
treatment initiation (39%); more specifically, 47% sought to standardize referral procedures
and 44% wanted to improve awareness/training on referral practices (Becan et al., 2020).

Of the original 36 sites, one site withdrew from the study and one site had very limited
Cascade data (their matched sites were also dropped), and two sites primarily served
detention populations. Thus, 30 sites (15 matched pairs) were available for the analyses
(with the exception of the two-level analysis of referral predictors as described below).

2.2. Data sources and data management

We utilized five data sources, corresponding to different components of the EPIS model:
U.S. Census data (outer context), staff survey data (inner context), monthly site check-in
(MSC) data (inner context), management report data (inner context), and youth service
record data obtained from probation agencies (Cascade outcomes).

2.2.1. U.S. Census data—The study assessed community disadvantage using several
county-level variables. The research team obtained county-level measures on poverty and
urbanicity from U.S. census data, including percentage of families with children under

J Subst Abuse Treat. Author manuscript; available in PMC 2023 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Belenko et al.

Page 8

18 years of age living in poverty (2015 data), percentage of children under age 18 years
who were uninsured (2015 data), and percentage of residents in urban areas (2010 census;
Wasserman et al., 2021).

2.2.2. Staff survey data—We surveyed staff on their perceptions of their organization’s
climate, the importance of interagency collaboration, and beliefs about and use of practices
regarding SU screening, assessment, referral, and support for treatment (Knight et al., 2019).
Survey data collected at baseline from CS staff at each site are included in the analyses in
this paper. Survey domains and sample items can be found in Knight et al. (2016). Details
on survey procedures can be found in Knight et al. (2016) and Knight et al. (2019). A total
of 462 staff in 30 sites completed surveys (79.0% of those who consented). Of these, 69.5%
worked in a CS unit (e.g., juvenile probation office), 12.0% in a behavioral unit operated by
the JJ agency, and 18.5% worked in an undefined unit within the CS agency.

2.2.3. Monthly site check-in (MSC) data—Following the baseline period, monthly
site check-in (MSC) phone calls by RC staff with a representative from each site continued
through the end of the study. The MSC documented site activities reflecting progress toward
achieving each agency’s selected goals, collected information about process improvement
efforts, and monitored any changes to services based on data systems, staffing, and policy
modifications (Knight et al., 2016). On average, sites completed a mean of 17.1 months of
MSCs out of the maximum 20 months.

2.2.4. Site staff management data—A project management report (Knight et al.,
2016) tracked key elements of participation in various study events over time for each site,
including the number of attendees at the leadership orientation meeting and the number and
percentage of CS staff who completed BH trainings provided by the research team to agency
staff.

2.2.5. Youth service records—Between March 2014 and November 2017, we
obtained deidentified youth service record data (e.g., movement along the Cascade) from
CS agencies for 29,049 youth entering probation under CS in 30 counties in 7 states (Dennis
etal, 2019)i. All youth entering the sample during the data collection period had to have

at least one referral for a new offense, and the study excluded them if they had a previous
episode of CS ending fewer than 30 days earlier (to avoid overlap in services or sanctions
associated with prior probation episodes). The study also excluded youth who were diverted
from probation without receiving any CS. Records were further excluded for youth with
fewer than 90 days between referral to JJ and the final record abstraction for the site, as they
lacked opportunity to move through the entire Cascade. The study had no other exclusion
criteria.

Dennis et al. (2019) provides a description of the youth sample. Briefly, 73% of the sample
was male; 63% were aged 15-17 and 36% 11-14; 49% were white, 47% Black, and 21%

iAlthough 36 sites initially participated, one site withdrew prior to randomization to study condition, and its matched pair was
excluded from the analyses; referral data were not available for another site so it and its matched pair were excluded. Two other sites
were dropped because subjects were primarily held in secure detention rather than being under community supervision.
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Hispanic; 30% were charged with a property crime, 25% with a violent crime, and 14% with
a drug or alcohol crime; and 56% were charged with a misdemeanor, 33% with a felony.

The study extracted a set of 72 measures related to demographics, charges, case processing,
recidivism risk, and Cascade outcomes from a mix of electronic databases plus either
scanned or physical paper probation records, using common definitions and specifications
(see Dennis et al. [2019] for details on data cleaning and data management procedures).
Inconsistencies occurred across sites in the completeness and quality of youth record data;
the median number of variables available per record was 49 out of 72 (68 percent; Dennis et
al., 2019).

2.3. Dependent variables: Stages of the Behavioral Health Services Cascade

This article focuses on three stages of the Cascade: screened, in need of treatment, and
referred to treatment. Screened: Any indication in the youth record that a formal screening
instrument was administered; if the screening results indicated a potential SU problem, the
study coded this variable 1, if not we coded as 0. /n7 need of treatment. The youth record
indicated a need for SU treatment based on the results of a screening instrument, positive
drug test, clinical assessment, or other sources of information such as self-disclosure of
substance use. Referred to treatment. Among youth in need of treatment, an indication in the
youth record that he/she was referred by the probation agency to SU treatment at any point
during their supervision. This was the main dependent variable in the analyses (identified
need and referred = 1, Identified need but not referred = 0). A total of 14,012 youth records
across the 30 sites indicated a need for treatment.

2.3.1. Independent variable—The main independent variable was study condition
(core vs. enhanced) to which the study randomized each of the 18 matched site pairs

within states. The team based matching on the number of youth aged 10-19 in the

general population in the county, number of youth on CS, number of CS staff, and

whether site agencies used standardized screening/assessment and evidence-based treatment.
Randomization occurred at two levels (a) one of three project start dates, and (b) study
condition (see Knight et al. [2016] for details in randomization procedures).

2.3.2. Covariates—Youth-level and site- and county-level covariates were selected
based on the conceptual and research literature discussed earlier, and informed by previous
analyses of JJ-TRIALS data (Robertson et al., 2020; Wasserman et al., 2021).

Youth level: Within-level predictor variables included: being adjudicated delinquent,
screened positive for SU, age at time of referral to probation, gender, African American,
Hispanic, alcohol/other drug charge, placed in secure detention for the current offense,
maximum charge level (felony vs. misdemeanor), and supervision level (“more” = on formal
probation supervision, parole, or juvenile drug court; all other statuses were coded as “less”
(e.g., diversion, informal probation).

Site and county level: Between-level predictors at the county level included the two
community disadvantage factors derived from exploratory factor analyses using U.S. Census
data (see below). At the site (or agency) level, measures included (1) the four organizational
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climate, interorganizational relationship, program needs, and use of referral to treatment
factors, reduced from the baseline staff survey items (see Knight et al., 2019), (2) percentage
of staff completing BH training, (3) number of months staff working with local change

team members were added, (4) number of months with no reported staffing factors/issues,
(5) number of months with BH program staff attendance at meetings, and (6) attendance at
leadership orientation meeting. The study collected measures 3 through 5 through the MSC
interviews (Becan et al., 2020), and measures 2 and 6 from the final management reports
(Knight et al., 2016).

Time period: The research team divided the study into several phases based on the
implementation stage of the experiment. The baseline period was approximately six
months (varying slightly by site depending on data availability) prior to the onset of the
JJ-TRIALS project. The pre-randomization period was approximately six months, when
the pre-randomization intervention was implemented at each site. The experimental period
began when sites were randomized into core and enhanced conditions. This was further
divided into early experimental (first 6 months), late experimental (last 6 months), and
maintenance (6 months) periods. The rationale for this was that it was likely to take

some time before the site staff teams could develop and implement their new processes or
procedures. We anticipated that any impacts on Cascade outcomes would not be noticeable
until later in the experimental period. Finally, maintenance was a six-month period after the
formal experiment ended; the RCs continued to conduct monthly site check-ins and collect
youth data, but without active research involvement. Study staff extracted records data for
youth entering CS during all these time periods.

2.4. Handling missing data

To include as many records as possible, the study team included blank data fields for the
Cascade stages of screening, in need of treatment, and referral as “no” responses. This
represents a “lower bound” conservative estimate because blank fields could represent a
true negative (e.g., referral not needed, no-referral of someone in need of treatment) or true
missing (e.g., referral was made but not entered), and were used for the main analyses.

We developed a second, “upper bound” estimate for these Cascade measures for sensitivity
analyses using hot deck imputation to replace missing data (Little & Rubin, 2019). Missing
data were replaced with the median of the nearest 20 valid (nonmissing) values, which
provided unbiased estimates of the mean and standard error at the group level; see Dennis
et al., 2019 for more details on these procedures. Hot deck imputation is one of the more
widely used and accepted methods for missing data replacement when using large survey
and other epidemiological data sets (Andridge & Little, 2010; Little & Rubin, 2019). It is
particularly useful when many variables exist, each of which might require different analytic
models and assumptions, for which there is not always a basis (or data) to make accurately
in multisite research. Comparisons of multiple methods of replacing missing data (Staviseth
et al 2019; Little & Rubin, 2019) have found that they performed similarly well when
sample sizes were large (n= 1000) as we have here, and that more advanced imputation
methods only achieved a consistent advantage when sample sizes were small (n<200).
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We also assessed the extent to which youth record data were missing at random to

justify imputation, comparing inter-item correlations of the lower bound estimates (not
imputed) and the upper bound (imputed) for the variables used in the imputation. Across
81 comparisons, the inter-item correlations for the Cascade steps differed by r=0.10 or less,
providing reasonable evidence to meet the assumptions that data were missing at random.

2.5. Analysis plan

The analyses proceeded in several steps: (1) exploratory factor analyses (EFA) of between-
level variables reflecting (a) social-community disadvantage and (b) organizational climate,
interorganizational relationships, program needs, and use of referral; (2) percentages of
substance-using youth referred to treatment compared across sites; (3) overall referral
percentages compared across the five study time periods; (4) two-level analysis testing

the overall effects of providing facilitation to local change teams in addition to the core
intervention; and (5) multilevel analyses testing the two main hypotheses of changes in
referral over time and interactions with matched site pairs. The study team used SPSS v25
to conduct the EFAs, and produce the referral percentage by site and experimental time
period descriptive tables. We used Mplus 8.3 (Muthén & Muthén, 1998-2018) to conduct
the two-level Bayesian regression analysis (Heck & Thomas, 2015; Koehrsen, 2018; Lynch,
2010) and SAS v9.4 Proc GLIMMIX to perform the multilevel condition by time interaction
analyses.

2.5.1. Data reduction—The EFAs involved principal axis factoring (PAF), which

uses estimated communalities in the major diagonal. This initial estimate assumes the
communality of each variable is equal to the square multiple regression coefficient of that
variable with the other variables. The PAF factoring method replaces the main diagonal

of the correlation matrix (which consists of all 1s) by these initial communality estimates.
PAF is then applied to this revised version of the correlation matrix. From the EFA results,
we selected factors with eigenvalues greater than 1.0 and that explained the predominant
amount of variance in each EFA model. To improve interpretation of the factor structure, we
performed an oblique rotation of the factor solution, which permitted correlated factors. The
study then calculated regression factor scores and saved them for further use in our analyses.

The research team conducted an EFA, using principal axis factoring (PAF) and oblique
rotation, on the community disadvantage variables. Results indicated a two-factor solution,
explaining 69.4% of the variance, best fit the data and was meaningfully interpreted. Pattern
matrix results indicated percent of families with children under the poverty line in 2015,
percent of families receiving SNAP/food stamp benefits, and percent of single parent
households with children in 2015 loaded highly on Factor 1, poverty. Variables reflecting
percent of families with no health insurance in 2015, percent of adults who were high school
graduates as of 2015, percent urban in 2010, and aggregate Medicare spending in the county
per capita in 2015 reflected a second factor labelled health-related issues (Factor 1-Factor 2
correlation, r=-0.093). The Kaiser-Meyer-Olkin measure of sampling adequacy (KMO) was
0.56, indicating minimal factor adequacy.!!
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We conducted a similar EFA on the measures of organizational climate, interorganizational
relationship, program needs, and use of referral measures. A four-factor solution, accounting
for 69.9% of the variance, best fit the data and was meaningfully interpreted. Pattern matrix
review indicated a Factor 1 related to organizational climate (e.qg., performance feedback,
communication); Factor 2 reflected interorganizational relationships (e.g., effectiveness of
relationships, quality of communication); Factor 3 related to innovation (e.g., adaptability,
need for program improvement); Factor 3 was program needs, Factor 4 (Referral) reflected
referral activities (e.g., use of active referrals, use of standard referrals). The average
correlation among the four factors was low (r=0.001). The factor solution barely met
minimal standards for factor adequacy (0= 0.49); hence, caution in interpreting the results is
indicated.™

2.5.2. Two-level regression analysis of predictors of referral—Preliminary two-
level analysis (within level = youth factors, between level = site factors) found an intraclass
correlation coefficient (ICC) of 0.246 for study condition, and a design effect (DS) of

86.5 (average cluster size=348.6); the latter indicates clustering in the data needs to be
considered (Muthén & Muthén, 2018). Accordingly, we conducted a two-level logistic
regression analysis examining the factors affecting referral to treatment, a dichotomous
outcome variable. These analyses were at the case level, meaning that if a youth received a
new JJ referral during the study period that was handled as a new case; 17% of youth had
more than one JJ referral.

Initial estimation of the two-level model using linear regression (a widely used frequentist
method) could not be achieved due to no within-cluster (site) variation for several

predictor variables. Therefore, we conducted a Bayesian two-level regression analysis of the
predictors of referral. For each coefficient in the regression model, its Bayesian one-tailed
p-value is a test of the direction of an effect, obtained from an estimation procedure that
assumes the null hypothesis is false (see Marsman & Wagenmakers, 2017). The one-tailed
p-value aids in interpretation and inference and does not gauge model fit.

To assess fit for the Bayesian analysis, which uses a Markov Chain Monte Carlo (MCMC)
iterative process to estimate the model, we evaluated the results in two ways. First, to make
sure the MCMC algorithm produced a Markov chain that converged “to the appropriate
density (the posterior density) and that “*mixes’ well throughout the support of the density”
(Lynch, 2010:132), we obtained a potential scale reduction factor (PSR) developed by
Gelman and Rubin (1992a, b). A PSR less than 1.1 is considered good, and a PSR of

1.000 is ideal (Lynch, 2010; Zitzmann & Hecht, 2019). The PSR for our two-level Bayesian
regression model was 1.001. To ensure that we obtained convergence, we re-estimated

the model with double the number of iterations, with results still indicating convergence.
Second, we obtained an estimate of the fit of the model to the data by obtaining a posterior
predictive p-value (PPP), which is a test of overall model fit (Depaoli, 2021). Unlike
frequentist estimates derived from maximizing the likelihood function, Bayesian estimates

lIDue to space concerns, detailed tables reporting these results are omitted. Copies of these results can be obtained from the senior
author upon request.
pye to space concerns, detailed tables reporting these results are omitted. Copies of these results can be obtained from the senior
author upon request.
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are obtained from the posterior distribution (Koehrsen, 2018: 6). In Bayesian analysis, PPP
is a natural byproduct of the MCMC approximation, calculated using posterior predictive
distributions of the same sample size and of the same likelihood as the original data. At each
MCMC iteration, a new set of data is generated based on updated parameter estimates. An
excellent-fitting model is expected to have a PPP value around 0.5 (Lynch, 2010), and a low
PPP indicates that the model is not appropriate for the data and that there is misspecification
(Asparouhov & Muthén, 2010b).

Preliminary analysis indicated sizable within cluster (site) variation for several variables
planned for inclusion in the two-level model. For example, screened positive for drugs, a
critical variable in our analysis, had an overall missing value rate of 15%, which ranged
from 0% to 73% cross sites. These findings raised concern that the missing data were

not MAR and could not appropriately be estimated by direct maximum likelihood or data
imputation procedures. As Jakobsen et al. (2017:9) assert, when “data are MNAR, no
methods exist to handle missing data appropriately”.

Accordingly, we used listwise deletion for several reasons: (1) listwise deletion is “less
biased than multiple imputation or maximum likelihood when data are missing on predictor
variables in regression analysis” (Allison, 2002; Allison, 2014, p. 1); (2) an included
variable with a substantial amount of missing data (drug test results) was considered a
critical variable in the analysis, as it produced highly valid data. Even though listwise
deletion reduced the data set by 51%, resulting in some loss of statistical power and
generalizability, the number of remaining cases (n=6972) provided sufficient statistical
power to reliably estimate effects (Brown et al., 2009). The number of cases per site ranged
from 19 to 1004, with, as noted earlier, a mean site size of 348.6. The study team dropped
these data from three sites from this analysis due to substantial missing data on several
covariates, leaving 27 sites for these analyses.

2.5.3 Tests of interactions and time period: Main hypotheses—Because the
youth (level 1) were nested within the treatment sites (level 2), we used a multilevel
analysis to test the hypothesis that referral to treatment for those in need was differentially
affected by intervention type over time. The factors defining the independent variables
were intervention (core vs. enhanced) and project implementation phase (baseline, pre-
randomization, early experimental, late experimental, and maintenance). Because the
dependent variable was a dichotomy (referral to treatment or not) and the data were nested
within paired treatment sites, the study used a generalized linear mixed model to test the
research hypotheses related to intervention and implementation phase.

We employed a multilevel logit model (Anderson & Aitkin, 1985; Wong & Mason, 1985).
The logic for using these models is similar to that for nonbinary multilevel models (Bryk &
Raudenbush, 1992). These include correction for biases in the estimation of the parameters
due to clustering of subjects within the groups; calculation of correct standard errors,
confidence intervals, and significance tests; and the correct estimates of the variances and
covariances of random effects, which enables the decomposition of the total variance in the
outcome variable into portions associated with each level (Guo & Zhao, 2000).iV
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For multilevel models of binary dependent variables, two common estimation methods

exist (Guo & Zhao (2000): marginal quasi-likelihood (MQL) and penalized quasi-likelihood
(PQL). Parameter estimation for binary data models can be downwardly biased, especially
with commercial packages such as HLM and MLn, but analyses using PQL will be relatively
accurate (Guo & Zhao, 2000). This procedure takes into consideration both under-dispersion
and over-dispersion of a parameter used in calculating the conditional variance, where
under- or over-dispersion can lead to unreliable estimates of the standard errors (Gui &
Zhao, 2000).

In contrast to the two-level analyses described earlier, for youth who had multiple entries
during the observation period (17% of all youth), we selected the first probation episode.
This strategy avoided effects on subsequent screening and referral outcomes, but reduced
the unduplicated youth sample to 10,514 in need of treatment. For the primary dependent
variable (referral to treatment of a youth in need), an initial analysis without independent
variables estimated the ICC, the proportion of variance due to site differences, as 0.204,
indicating the 20.4% of the variance in the dependent variable was between sites.

The independent variables were sitepair (15 pairs of sites) /ntervention (core vs. enhanced
condition), and two comparisons among implementation time periods (baseline, early
experimental, late experimental, maintenance; the pre-randomization period was excluded).
One analysis compared baseline against the combined later three phases, a dichotomy
termed #ime. A second analysis compared referrals among the three postrandomization
phases, which was termed /aterphases, to further examine how the intervention affected
referrals over time.

We initially performed the analyses with the intercepts as random (allowing for differences
in site means) and all independent variables as fixed effects (not shown), and then conducted
a second analysis with intercepts and sitepair random, thereby controlling for unobserved
heterogeneity. For this analysis with sitepair random, the type 3 fixed effects tests of
sitepair, intervention, and intervention*sitepair reflected extrapolation to a larger population
of matched pairs of sites. The analysis for implementation periods provided tests of two
hypotheses: (1) combined experimental period phases will have higher rates of referral to
treatment than baseline referral of youth in need (time effect); (2) the difference between
referral rates of the combined experimental periods and baseline will be larger in the
enhanced than core intervention conditions (Zime* intervention interaction).

A wide variation existed in referral rates among sites (Appendix A), attributable to the
impact of sitepair, intervention, and intervention*sitepair. We conducted several analyses to
explore whether interactions among these factors might also affect referrals. An interaction
with a mean square that is substantially smaller—not similar to or larger—than an effect
implies the effect is consistent. The effect’s result applies in general across the levels of

the other effects in the interaction, but this does not rule out rare exceptions. Consistency
reinforces the interpretation of significance, or lack of significance, of a hypothesis. For

VThe basic multilevel model for a dependent binary variable with one independent variable is log[pjj/(1 - pij)] = Bo + B1Xij + Uj,
where yj is the random effect at level 2. Multiple independent variables with their interactions are easily included.
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a significant hypothesis, lack of consistency implies at least one level of the other effect
has a result in the opposite direction from the hypothesis. For a nonsignificant hypothesis,
lack of consistency implies levels of the other effect have substantial results in both the
hypothesized and opposite directions. Lack of consistency weakens the interpretation of
significance, or lack of significance, of a hypothesis.

As a test of the robustness of the findings, similar to the two-level analyses, the team
repeated interaction analyses using the imputed referred to treatment outcome variable (see
above).

3. Results

3.1. Percentage screened and in need of treatment

We first present results for the baseline and all four intervention time periods for screening,
in need of treatment, and referral (Table 1). Compared to the rate of youth screened during
baseline (71.5%), the overall screening rates across the four periods of the intervention were
slightly lower but remained relatively stable. The percentage of youth screened was higher in
the enhanced sites during the baseline period compared to the core sites and remained higher
throughout the study. Screening declined over time in the core sites, decreasing from 65.3%
at baseline to 50.0% during the maintenance period. By contrast, the percentage of screened
youth in the enhanced sites remained relatively stable.

Slightly fewer than half of youth (48.2%) were determined to be in need of treatment (based

on results of the screening, positive drug test, or drug charge). This percentage was similar in
the core and enhanced sites overall, did not vary by time in the enhanced sites, but decreased
over time in core sites (most likely because of the decrease in screening over time).

3.2. Referral to treatment among youth in need of treatment

For the main outcome variable of referral to treatment among youth in need of treatment, we
present overall findings by time period and condition (Table 2). Among youth determined

to be in need (N=14,012), only 26.1% were referred to treatment overall. The percentage
referred was higher in the core sites at baseline and remained higher throughout the study.
The percentage of youth in need who were referred to treatment increased in the enhanced
sites after randomization, from 18.0% to 23.8% once facilitation began, peaking at 27.5%
during the late experimental period. Similarly, among core sites, referrals among youth in
need increased from 27.1% at baseline to a peak of 33.9% during the late experimental
period.

Overall, referrals for youth in need of treatment increased 8.1 percentage points from
baseline to the late experimental period, with a 3.1 percentage point decline during the
maintenance phase. The core condition had a 6.8 percentage point increase in referrals
for youth with a treatment need from baseline to the late experimental period, with a

0.2 percentage point increase in referrals during the maintenance phase. By contrast, the
enhanced condition had a 9.5 percentage point increase in referrals for youth needing
treatment between baseline and the late experimental period, with a 5.6 percentage point
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decline in the maintenance phase. Comparing the baseline period to the experimental periods
(T3-T5), referrals increased across all sites from 22.5% at baseline to 28.7%.

These overall findings mask considerable variation across sites. As Appendix A shows,
there are significant differences in site referral rates within and across the seven states. Site
referral rates for youth in need range from 5.4% (State 4, Site 5) to 86.9% (State 2, Site 2).

3.2.1. Post-experimental decay—At the beginning of the six-month maintenance
period, the facilitators ceased working with the enhanced site local change teams. During
that period, an overall decrease occurred in the percentage of youth in need who were
referred to treatment in enhanced sites (from 27.5% to 21.9%), but little change in core sites
(Table 2). Ten of 15 enhanced sites showed a decrease in referral percentage, compared with
8 of 15 core sites.

3.3. Predictors of referral for those in need

Table 3 presents results of the two-level Bayesian regression analysis, with site as the cluster
variable and referral to treatment (among those in need) as the dependent measure. This
analysis incorporates the entire study (five time periods). Overall, model fit results indicated
an excellent fit of the two-level model (PPP=0.499). The initial analysis, based on 50,000
iterations, was replicated 100,000 times, with parameter estimates remaining unchanged.

Experimental condition was not a significant predictor of referral to treatment overall. The
study identified several significant individual- and between-level predictors of referrals.

At the individual level, youth who tested positive, who had an alcohol/other drug-related
charge, were placed in secure detention, were arrested on a felony charge, or were assigned
to receive more intensive supervision were more likely to be referred to treatment. By
contrast, Hispanic and African American youth were less likely to be referred to treatment.

At the between (site) level, staff in agencies that emphasized the importance of referrals
were significantly more likely to refer substance using youth to treatment. The percentage of
staff completing BH training was negatively related to referrals.

3.3.1. Sensitivity analysis—We used an imputed estimate of referral to treatment

for substance using youth (0O=not referred, 1=referred), described in the Methods section,
and (a) compared the concordance in referral for the two measures, and (b) estimated a
two-level Bayesian regression model using the imputed referral variable as the dependent
measure. There was 92.3% concordance between the original and imputed measures. The
two-level regression found parameter estimates similar to those in Table 3. The study found
no significant intervention effect. The study replicated initial analysis involving 50,000
iterations for 100,000 iterations, with similar parameter estimates.”

3.4. Interactions among sitepairs, time, and intervention

The multilevel analysis of variance model for design included tests of two directional
hypotheses, (1) ime and (2) intervention*time. Table 4 displays the ANOVA Type Il fixed

VFull results are available from the senior author on request.
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effects model results for time, with sitepair, intervention, and their interaction as random
effects.

For Hypothesis 1 (time), the least square means were .336 (.130) and .361 (.130) for the
baseline and experimental phases, respectively. The two-sided F test approaches statistical
significance (p < .06); the one-sided test for the directional hypothesis is statistically
significant (p < .03), since the result is in the hypothesized direction, indicating that sites
showed an overall higher referral rate during the combined experimental periods than during
baseline. The p-value reflects both the sample size and the effect size of the difference
between the baseline and the experimental periods. The sample size was very large, and the
p-value was not very significant, which implies a very small effect size. The analysis of
variance effect size (Cohen’s f) for design in Table 4, was calculated as 0.03 directly from
the estimated means and error mean square. Converting this into the more familiar units of
Cohen’s d, yielded d = 2f = 0.06.

The interactions that include time are sitepair*time, intervention*time, and
sitepair*intervention*time. All their mean squares are at least as large as #me, implying
that the overall conclusion from the hypothesis has exceptions. Some matched site pairs,
interventions, and sitepair*intervention combinations had higher referral rates in baseline
than in the experimental periods. These statistics do not identify the exceptions, only that

a pattern of exceptions exist to the generality; Appendix A displays the site variation

in the percentage of youth referred. For example, the infervention*time results suggest

two equivalent interpretations: (1) the two study conditions differ in their changes over
time, and (2) the levels of time differ in their differences in intervention. Since both
intervention and time are dichotomous, in the context of the significant result for Hypothesis
1, this interaction has a pattern of the enhanced sites having higher referral rates over

the experimental periods than baseline, and—to a smaller extent—the core sites having
higher referral rates at baseline than in experimental periods. Thus, despite the significant
result for Hypothesis 1, the strong interaction implies that its conclusion does not apply to
both interventions. For the other interactions, finding some Sitepair or sitepair=intervention
combinations with higher baseline than later phase referral rates is also expected.

For Hypothesis 2 (/ntervention*time), the test is highly significant (p <.0001), and in
the hypothesized direction. The least square means corresponding to this test for the
Core condition were .344 (.183) and .317 (.183) for baseline and experimental phases,
respectively. For the enhanced condition the least square means were .327 (.183) and
.405 (.183) for baseline and experimental phases, respectively. Post hoc tests showed that
the difference between baseline and experimental phases was not significant for the core
condition (t=1.57, p<.116) but was for the enhanced condition (t=-3.90, p<.0001). The
overall conclusion is that the combined experimental period referral rates were relatively
higher than the baseline phase in the enhanced condition but not in the core condition.

The sitepair*intervention*time interaction had a mean square not much smaller than
intervention*time. The pattern of this interaction suggests that a few matched site pairs
may exist for which referrals over the combined experimental periods were relatively
higher than at the baseline phase. In fact, of the 12 significant changes, seven occurred
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among the enhanced condition, with six significant increases from baseline to the combined
experimental period and one significant decrease. The core condition had three significant
increases from baseline and two significant decreases.

The above analysis combines the three later phases into a single group; an additional
comparison of interest is whether the referral results among these three phases differ.
Significant differences would indicate instability for Hypothesis 1, since differences among
phases’ differences from baseline would also exist. A significant intervention*laterphases
interaction, showing that the intervention had different effects in the three later phases,
would indicate instability for Hypothesis 2. Table 5 displays the results of the analysis for
laterphases, with sitepair, intervention, and their interaction as random effects.

The significant /aterphases difference (p < .002) indicates a difference in the average
referrals among the three experimental periods—another source of instability for Hypothesis
1. The least square means were .386 (.494), .392 (.494), and .315 (.494) for the early
experimental, late experimental, and maintenance phases, respectively. The smaller mean
squares for interactions that include /aterphases imply that these differences among

the three experimental periods also apply consistently across sitepairs, intervention, and
sitepair*intervention combinations. Instability for Hypothesis 1 from differences among
experimental periods supplement the instability indicated by the interactions for time
presented above.

The nonsignificant (p = .16) /intervention*laterphases interaction indicates that for the
differences among the experimental periods, average effects of the intervention did not differ
substantially from what would be expected by chance. The one interaction that includes
Intervention*laterphases had a somewhat smaller mean square. Neither of these results
imply instability of Hypothesis 2 results due to differences among the experimental periods.
The result concerning stability for Hypothesis 2 supplements the conclusion of stability from
the interaction presented above.

In summary, for Hypothesis 1 a significant (p < .03) overall difference in the hypothesized
direction occurred. Combined experimental periods had a higher rate than baseline in
referral to treatment of youth in need. However, these differences had substantial variability,
with exceptions in the direction opposite to that hypothesized. Hypothesis 2 had a significant
difference (p < .0001) in the hypothesized direction—the differences between referral rates
of combined experimental periods and baseline were larger in enhanced than in core sites.

A few exceptions to these differences—with differences in referral rates being larger for the
core than enhanced conditions—could not be ruled out.

4. Discussion

Guided by the EPIS framework for promoting system change and the Cascade framework
for analyzing identification of SU need and linkage to services, this study compared the
effectiveness of two implementation strategies for improving referral to SU treatment
among youth under CS. The study largely confirmed the hypotheses, despite substantial
variation in referral practices across study sites over time. Compared with the baseline
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period, the percentage of youth in need who were referred to treatment increased during the
experimental period, and the increase was greater in sites receiving enhanced support. Also
of note is that the percentage of youth screened for substance use declined over time in the
core sites while remaining stable in the enhanced sites. The overall positive effect compared
with baseline reflects that the JJ-TRIALS intervention (which involved needs assessment,
site feedback reports, extensive trainings, and support for selecting process improvement
goals but no external facilitation of implementation teams) was relatively robust, but that
structured facilitation provided additional benefits in terms of increased referral rates relative
to baseline.

In an earlier report on baseline data (Wasserman et al., 2021), only about one in five youths
in need were referred to treatment. Relative to baseline, this study found that the JJ-TRIALS
intervention increased the rate of referral to treatment of those with identified substance
use needs, from 22.5% at baseline to 28.7% during the experiment (time periods 3-5).
These results suggest that a set of activities that target staff training and guidance in setting
up inter-agency teams to work toward defined practice goals and feedback about agency
movement toward those goals can help to improve management of youths’ substance use
needs. While the more intensive facilitation offered to enhanced sites was associated with
somewhat higher gains, most youth in need were not referred to treatment, and the removal
of external facilitation activities resulted in a greater drop off in these improved practices
than in sites without this facilitation.

Although the apparent decay in referral rates after enhanced facilitation ended is notable,
two possible explanations should be considered. First, youth referred during the maintenance
phase had less opportunity to receive a referral than youth in earlier cohorts; data collection
in this period was truncated at six months because of project time constraints, resulting

in less time for youth to receive referrals. Wasserman et al. (2021) found that during the
baseline period the average length of time between intake and treatment referral was 25.7
days, although only 44% were referred within 30 days of screening. Thus, some youth
entering in months 4-6 of the maintenance period would not have had sufficient time to
receive a referral, so that for some, a referral remained possible in the weeks after data
collection ended. On the other hand, the decrease may have resulted from the removal of
external facilitation, suggesting that interventions that rely on external facilitators to drive
change may need to pay particular attention to ensuring that LCTs develop internal capacity
to provide sustainability over the long-term. Although external facilitators in JJ-TRIALS
were instructed to train and mentor a local champion and transition leadership to this
individual at the end of the 12-month experimental period, the degree to which sites did

this successfully varied. Future studies should explore these and other potential reasons for
post-experimental decay.

The inconsistency of the intervention effects across the randomized matched pairs suggests
that site-level differences exist that produced variation in the intervention’s impacts. For
example, some core sites showed greater improvement in referrals than their matched
enhanced sites. Future studies should utilize qualitative and site management data to

help understand the reasons behind these inconsistent findings, which may relate to
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factors associated with agency leadership buy-in, staff motivation, and interorganizational
relationships between probation and community treatment partners.

When controlling for factors that could affect referrals across the entire study period, we
found no overall significant effect of facilitation (enhanced condition). This finding suggests
that youth and agency-level factors may supersede or impede process improvement efforts
if not adequately addressed. For example, level of supervision predicted increased referrals
across sites, suggesting that youth who are “deeper” into the system are more likely to
receive SU treatment referrals (Wasserman et al., 2021). The lack of consistent attention to
following up on the identified SU needs of youths receiving a lower level of supervision is
of concern, because the greatest proportion of justice-involved youth are processed at lower
supervision levels (Sickmund & Puzzanchera, 2014) and access to needed BH services can
prevent further offending (Cuellar et al., 2006; Hoeve, McReynolds, & Wasserman, 2013;
Hoeve, McReynolds, McMillan, & Wasserman, 2013). Other predictive youth factors were
consistent with findings from previous analyses of baseline period data (Wasserman et al.,
2021): testing positive for a drug, having an alcohol/other drug-related charge, being placed
in secure detention, and arrested on a felony charge were positively related to referral to
treatment. Hispanic and African American youth were less likely to be referred to treatment.

Interestingly, in preliminary work we found that sites selecting referral-related Cascade
goals as the target of their improvement efforts (39% of sites; Becan et al., 2020) did not
differ in referral rates from those that chose other Cascade targets (e.g., screening, treatment
initiation). Compared to referral rates for the entire sample (Table 1), youth in need were
more likely to receive a referral over time, suggesting that sites in both conditions (and even
more so in the enhanced condition) showed greater differentiation regarding who should

be referred, perhaps adjusting screening and identification procedures accordingly. Sites
where staff expressed greater emphasis on the importance of referrals were significantly
more likely to refer youth to treatment. The percentage of staff completing behavioral health
training was negatively related to referrals, perhaps reflecting that agencies recognized that
staff needed this type of training.

The JJ-TRIALS study is the first to leverage the Cascade to develop locally defined and
tailored targets of practice change. Moreover, Cascade data informed the use of DDDM

by CS and BH agencies to not only identify the initial intervention targets but to continue
the examination and refinement of practice change innovation so as to improve targeted
outcomes (e.g., identification of need, referral). Adult and JJ settings have used DDDM to
guide system-wide reform to reduce recidivism and system costs (Chayt, 2012; Dwyer et al.,
2012).

The successful use of external facilitators and local change teams (LCTSs) to accomplish
system process change has been documented in the adult correctional system (Belenko,
Visher, et al., 2013; Shafer et al., 2014) and more recently in juvenile CS settings to increase
access to HIV/STI testing (Elkington et al., 2020; Huang et al., 2020). The current study is
the first to use LCTSs to achieve practice change between juvenile CS and BH systems. LCTs
are an especially efficient implementation strategy for establishing strong communication
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between agencies (Bowser et al., 2018), especially those with differing cultures or priorities
(Belenko, Visher, et al., 2013; Hoffman et al., 2012; Hurlburt et al., 2014).

Recently, EPIS theory has been expanded to consider the role of bridging factors that
support interaction between internal and external contexts (Lengnick-Hall et al., 2020).
Our results may suggest that certain types of bridging activities (such as those offered by
an external facilitator, compared to those generated by the more “bootstrapping” approach
available to core sites) may have different impacts on the uptake and sustainability of
practice change. Agencies seeking to improve coordination with other community partners
may want to consider the degree of external guidance those efforts will require. We should
note, however, that the approach to change with an external facilitator required much greater
effort on the part of the LCT in the enhanced arm to continue to implement alone, versus
practice change in the core arm, which may have been more in keeping with sites” internal
capacity and thus more sustainable. Future research should explore the impact of external
facilitation on LCT dynamics, locus of (change) control, and ultimately on sustainability
of practice change. Such work can highlight the role of additional facilitation to address
transition of the change process to minimize decay.

More generally, sustainability of new interventions and practices has been a challenge

in health care and other service settings, and a gaps remains in research about effective
sustainability strategies (Hailemariam et al., 2019; Shelton et al., 2018), particularly in
low-resource settings such as juvenile justice (Ritchie et al., 2015). The current study
contributes to the literature in noting that although external facilitation in combination with
an interagency change team improved outcomes, decay occurred once the study removed
facilitation (Stetler et al., 2006). Models such as blended facilitation (i.e., external and local
facilitation) have proven effective in clinical settings (Kirchner et al., 2014; Ritchie et al.,
2015), and factors such as adaptation and alignment, leadership support, strategic action
plans, and resource allocation to build organizational capacity (Hailemariam et al., 2019;
Shelton et al., 2018) may achieve sustained practice change in juvenile justice settings.

The JJ-TRIALS intervention yielded improvements in the proportion of identified youths
provided with service referrals, but referral rates remained relatively low at the end of the
study. Enhanced sites moved from an unadjusted rate of 18% during baseline to a high of
27.5% during the intervention, a 53% improvement; core sites went from a higher rate of
27.1% during baseline to a high of 34.0% during the intervention, a 25% improvement. The
overall low rate of service referrals for those in need was unrelated to the availability of
county BH services (Wasserman et al., 2021), or to other county indicators of economic
well-being. On the other hand, this multi-state, multi-site study did not require specific
policy initiatives at each site, nor consequences for better or worse progress toward best
practice goals. Agencies wishing for a higher and more consistent level of practice change
should consider ways to formalize and incentivize process improvement goals, and to
more closely monitor those efforts. Reducing structural barriers to treatment referral and
engagement, such as stigma, treatment capacity, insurance barriers, and family support and
engagement are also likely to improve referral rates.
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Across all study periods, this study found lower service referral rates for African American
and Hispanic youth, even after need had been identified. This finding is consistent with
longstanding reports of lower behavioral health service use for non-white youths in the
general community (Alegria, 2011), although whether such a pattern reflects lack of
available services in some communities or implicit referral bias remains unclear (Hall et
al., 2015).

4.1. Limitations

This study had some limitations. Site recruitment procedures meant that the study

included only CS agencies willing to participant in JJ-TRIALS. Although sites were from
diverse states and regions, they were not randomly selected and thus not necessarily
representative of all juvenile probation agencies, which limits external validity. However,

the characteristics of the youth and agencies were diverse and similar to those reported in a
survey of juvenile justice agencies from a nationally representative sample of counties (Scott
etal., 2019).

Even with study participation commitments from CS and BH agency leadership, sites varied
in staff involvement in implementation activities. For example, BH staff engagement in

the LCT or interagency workgroup varied widely. Further, each RC was responsible for
delivering all implementation interventions within their state, including facilitating enhanced
sites” LCTs. Variation in how well LCT facilitation was implemented may have accounted
for differences in outcomes and we will explore this in future mixed methods papers.

Finally, we must acknowledge that collecting data from JJ agencies presented
methodological challenges resulting in missing or inconsistent administrative youth data
(Dennis et al., 2019). For example, some data were only available in free text format or
scanned documents; definitions of juvenile justice statuses or actions sometimes varied
across sites; dates of key Cascade events (e.g., date of referral to treatment) were often
missing or inconsistent; and agency staff were sometimes overburdened and unable to
respond to data queries from the research teams or provide documentation. The RC and

CS partners were able to work through many but not all these issues with the collaborating
agencies. Therefore, we used a conservative approach to handling missing data, assuming
that blank records meant that a Cascade event did not occur (Dennis et al., 2019). However,
we obtained similar results using hot deck imputation of missing Cascade data. Nonetheless,
improvements in the quality of ongoing data collection and data systems are crucial for
supporting future research on Cascade outcomes in the JJS.

4.2. Conclusion

Overall, these results demonstrate both the complexity and challenges of executing systems
change in a complex environment where those in need of services move between CS and BH
systems. On one hand, results are promising, showing an overall increase in referrals among
those in need and suggesting that the complex JJ-TRIALS intervention led to improvements
in referral practices. Further, results suggest that improvements were greater in enhanced
sites, suggesting that active facilitation can promote and sustain positive outcomes. On the
other hand, some core sites outperformed enhanced sites, suggesting that for these core sites,
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improvements were possible without additional facilitation, based only on the basic set of
implementation activities. This high degree of site variability suggests that a range of inner
and outer context factors (e.g., state/court policy, service availability, funding, staff practices,
implementation fidelity, staff engagement in change practices) that the current study did

not examine may account for variation in referral rates. Future studies should examine the
reasons for site heterogeneity.

Although the JJ-TRIALS intervention demonstrated the capacity to improve how systems
collaborate to identify and respond to substance use—related needs, it also highlights

that most justice-involved youth who need SU services are not referred, even when JJ
systems work with community BH providers to implement improvements. Most juvenile CS
agencies already screen most youth for BH issues (Scott et al., 2019). Further increasing
referral is likely to require a comprehensive effort involving implementing policies to utilize
screening results to systematically determine and act upon identified SU needs. Using
screening practices to drive closer collaboration with BH partners is necessary to increase
referral and treatment access and effectively address unmet substance use service needs
among justice-involved youth.
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APPENDIX A: Overall Percentage Referred to Treatment among Youth in

Need of Treatment, by Site and Matched Pair

SITE N % REFERRED

RC1,Site1(E) | 170 | 57.1

RC1 Site2(C) | 319 | 229

RC1 Site3(E) | 233 | 223

RC1,Site4(C) | 262 | 313

RC2,Site1(E) | 197 | 706
RC2,Site2(C) | 188 | 68.1
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SITE N | % REFERRED
RC2 Site3(E) | 205 | 62.0
RC2 Site4 (C) | 183 | 86.9
RC3,Site1(E) | 89 | 56.2
RC3,Site2(C) | 315 | 359
RC3,Site3(E) | 680 | 285
RC3,Site4 (C) | 287 | 9.4
RC3,Site5(E) | 120 | 433
RC3,Site6(C) | 69 | 159
RC4,Site 1 (E) | 1177 | 247
RC4,Site2(C) | 780 | 34.9
RC4,Site3(E) | 826 | 13.1
RC4,Site4 (C) | 224 | 375
RC 4, Site5 (E) | 1853 | 45
RC 4, Site 6 (C) | 1160 | 55.5
RC5, Site1(E) | 852 | 196
RC5,Site2(C) | 995 | 123
RC5, Site 3 (E) | 559 | 11.4
RC5, Site 4 (C) | 1207 | 14.8
RC6, Site1(E) | 138 | 37.7
RC6, Site2(C) | 303 | 317
RC6, Site 3 (E) | 107 | 514
RC6, Site 4 (C) | 199 | 20.6
RC6,Site5(E) | 77 | 58.4
RC6, Site 6 (C) | 148 | 29.1

Chi-square= 2526.13, df=30, p< .001
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Highlights

Multisite cluster-randomized trial of an implementation intervention to reduce
unmet substance use service needs among youth on community supervision

Nearly half of youth were identified as being in need of treatment

The intervention increased the percentage of referrals among youth in need of
treatment overall, relative to baseline

Overall, youth under more intensive juvenile justice supervision, charged with
an alcohol or drug offense or testing positive for a drug, arrested for a felony,
or in secure detention were more likely to be referred to treatment; Hispanic
and Black youth were less likely than whites to be referred to treatment

The Enhanced intervention resulted in further increases in referrals relative to
baseline

There were substantial differences in referral rates across sites, and variation
in experimental impact across sites

Even after the intervention, most youth in need of treatment were not referred,
indicating that additional interventions and policy changes are needed to
improve linkage to treatment of youth under community supervision
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Table 1.

% of Total Sample Screened and In Need of Treatment

Page 32

Baseline (6 Pre-randomization Early Late Maintenance (6 TOTAL
months) Activities (6 Experimental (6 Experimental (6 months) (N=29049)
(N=7840) months) (N=5811) months) (N=5156) | months) (N=4999) (N=5243)
SCREENED
Enhanced 76.6 74.4 77.4 78.7 75.7 76.5
Core 65.3 60.6 60.1 56.6 50.0 59.1
TOTAL 715 67.7 69.3 68.0 63.4 68.3
IN NEED
Enhanced 49.1 471.7 46.2 47.6 46.5 47.6
Core 55.8 494 46.4 46.9 43.2 49.0
TOTAL 52.2 48.5 46.3 47.2 44.9 48.2

Screened: Chi-Square=1009.18, df=1, p<.001. In Need: Chi-Square=5.473, df=1, p<.001
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Percentage of Youth with Substance Use Treatment Need who were Referred to Treatment, by Experimental

Time Period and Condition

Study Time Period
Condition

T1 Baseline T2 Pre- T3 Early T4 Late T5 Maintenance TOTAL

(6 months) randomization Experimental (6 Experimental (6 (6 months) (N=14012)

(N=4089) Activities (6 months) (N=2386) | months) (N=2362) (N=2355)
months) (N=2820)

Enhanced 18.0 19.7 238 275 219 216
(N=7283)
Core 271 30.8 324 33.9 34.1 31.0
(N=6729)
TOTAL 225 25.2 27.9 30.6 275 26.1
(N=14012)

NOTE: Dark line indicates randomization of sites into Core and Enhanced conditions

Chi-Square=159.23, df=1, p<.001
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Table 3.

Two-level Regression Analysis (Bayesian Estimation) of Predictors of Referral for Youth with Indicated
Substance Use Treatment Need

95% C.1.

Estimate  Posterior S.D. One-Tailed P-Value Lower 2.5%  Upper 2.5%

Within Level

Referred if In Need on:

Adjudicated delinquent 0.086 0.068 0.104 -0.047 0.219
Screened positive for drug 0.520 0.059 0.000 0.406 0.635
Age -0.006 0.015 0.357 -0.035 0.025
Gender 0.075 0.049 0.064 -0.020 0.171
Hispanic -0.091 0.051 0.038 -0.191 0.010
African American -0.202 0.049 0.000 -0.298 -0.107
Alcohol/Drug Charge 0.296 0.042 0.000 0.214 0.378
In Detention 0.193 0.055 0.000 0.087 0.302
Charge Level 0.101 0.045 0.012 0.012 0.188
Higher supervision level 0.709 0.066 0.000 0.580 0.839

Between Level

Referred if In Need on:

Experimental Condition 0.014 0.441 0.487 -0.890 0.883
Poverty factor -0.107 0.284 0.331 -0.677 0.455
Health Insurance factor 0.371 0.251 0.068 -0.155 0.851
Organizational Climate factor -0.066 0.073 0.160 -0.207 0.084
Interorganizational Relationships  —0.160 0.187 0.176 -0.515 0.230
Innovation -0.093 0.358 0.386 -0.785 0.654
Use of treatment referrals 0.510 0.279 0.044 -0.106 1.022
% Staff completing BH Training  —2.367 1.000 0.019 —4.186 -0.177
# months adding staff to LCT -0.084 0.177 0.296 -0.437 0.274
# months without staffing issues ~ 0.025 0.046 0.274 -0.067 0.119
# months BH staff attending -0.011 0.048 0.397 -0.107 0.083
% attending leadership meetings ~ 0.191 0.654 0.373 -1.143 1.479
Threshold for referred if inneed  1.005 0.897 0.118 -0.747 2.847

Residual Variances
Referred if In Need 0.391 0.454 0.000 0.131 1.672
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Table 4.

Results of Multilevel Analysis of Variance of Time

Effect Num DF | Den DF | Mean Square | FValue | Pr>F
Sitepair 14 11.08 0.13

intervention 1 8281 1.14 0.02 0.8906
Sitepair*intervention 14 8281 7.71 0.05 1.0000
Time 1 8281 0.57 3.57 0.0588
Sitepair*time 14 8281 0.73 4.56 <.0001
intervention*time 1 8281 2.52 15.74 <.0001
sitepair*intervention*time | 14 8281 1.46 9.15 <.0001
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Table 5.

Results of Multilevel Analysis of Variance of Later Phases

Effect Num DF | Den DF | Mean Square | FValue | Pr>F
Sitepair 14 4.99 0.01

Intervention 1 4481 3.17 0.01 0.9290
Sitepair*intervention 14 4481 4.29 0.01 1.0000
Laterphases 2 4481 1.16 6.69 0.0013
Sitepair*laterphases 28 4481 0.21 1.20 0.2186
intervention*laterphases 2 4481 0.32 1.85 0.1577
Sitepair*intervention*laterphases | 28 4481 0.18 1.05 0.3885
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