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Abstract
RECIDIVISM AMONG PREVIOUSLY INCARCERATED PEOPLE ENROLLED IN

RIVERSIDE COUNTY WHOLE PERSON CARE

by
Ndifreke Emmanuel Etim

Claremont Graduate University: 2020

The United States continues to policy shift towards reducing the number of incarcerated
people; however, many people released from incarceration will be rearrested due to re-entry
challenges. Several re-entry programs, such as the Whole Person Care pilot, have been
developed to address these challenges and ensure that formerly incarcerated people successfully
transition into the community. The primary aim of this project is to explore the determinants of
recidivism among previously incarcerated people enrolled in the Whole Person Care pilot in

Riverside County.

This study suggests early linkage to services, such as mental health and substance use
treatment services, will reduce the likelihood of recidivism within 12 months. It further proposes
that housing status at release will increase recidivism risk and reduce the number of days till first
rearrests. Finally, the study proposes that early linkage to Medicaid will increase service use,

consequently reducing the likelihood of recidivism.

The findings from this project support that hypothesis by showing that engagement in
services reduced the likelihood of recidivism. It further identified a lack of housing at release as
a significant predictor of recidivism within 12 months. Finally, two indirect pathways through

which Medicaid insurance reduces recidivism were identified. These findings have important



implications for policies that aim to reduce the prison population. In addition, the findings have

significant implications for program planners who are developing re-entry interventions.
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CHAPTER 1: INTRODUCTION

INCARCERATION IN THE UNITED STATES

The United States (US) has a higher incarceration rate than any other country globally; in
2018, there were 1.4 million people incarcerated in the US.! According to the National Bureau of
Justice Statistics, in 2015 an estimated 6,741,400 adults were under the supervision of the US
adult correctional system either through incarceration, probation or parole .2 Mass incarceration
is a public health issue that disproportionately affects the health and health outcomes of minority
communities across the US. Blacks and African Americans represented 33% of the prison
population, but they constitute only 12% of the US adult population. Similarly, Hispanics
accounted for 23% of inmates, compared with 16% of the adult population. In comparison,

Whites accounted for 30% of prisoners while making up 63% of the adult population.®

In the last few years, a policy shift towards decarceration has led to a reduction in the US
prison population, decreasing it by 15% between 2008 and 2018. For example, California has
passed laws intended to reduce the state’s prison inmate population. In 2014, the state passed the
Safe Neighborhoods and Schools Act (Proposition 47). This law, which reclassified certain theft
and drug possession offenses from felonies to misdemeanors, allowed people currently serving
sentences for felony offenses that would have qualified as misdemeanors under the proposition
to petition for resentencing.* It authorized defendants who had completed their sentences for
felony convictions that would have qualified as misdemeanors under the proposition to apply to
reclassify those convictions to misdemeanors.* Up to 10,000 people became eligible to return

home due to the proposition, and over 200,000 petitions for resentencing have been received.*®



In November 2016, Californians voted to pass The Public Safety and Rehabilitation Act
(Proposition 57), which aimed to stop the revolving door of incarceration by emphasizing
rehabilitation and increasing opportunities for release on parole for felons convicted of
nonviolent crimes.5">") As a result of such policies, over 600,000 individuals are now being
released back into their communities from state and federal prisons in the US annually.” In 2016,
1 in 55 nonincarcerated adults were either on probation or parole, this number continues to grow
each year.? As previously incarcerated people are released back into the community, health
professionals must find ways to ensure that they are successfully reintegrated back into their

communities.

HEALTH OUTCOMES AMONG PEOPLE INVOLVED IN THE JUSTICE SYSTEM
Incarceration is a stressful period for incarcerated people, and this stress is likely higher
immediately after release.® Incarceration is a stressful period for incarcerated people as it may
activate stress pathways known to be associated with poor health outcomes.? People who are
incarcerated have a higher prevalence of hypertension, tuberculosis, viral hepatitis, HIV/AIDS,
asthma, syphilis, and cervical cancer than the general population.®*2 Early data from the
COVID-19 pandemic has found a prevalence of COVID-19 correctional settings between 0%-
86.8%.% In Massachusetts, the COVID-19 rate among incarcerated individuals was nearly three
times that of the general population and five times the US rate.* People who are incarcerated are
disproportionately affected by poor health compared to the general population. Mass
incarceration may have significant implications for health disparities as a larger proportion of

incarcerated people are Black or Hispanic.

In 1976, the US Supreme Court ruled that health care deprivation for incarcerated people

constituted cruel and unusual punishment and violated the Eighth Amendment to the



Constitution.’® As a result, incarceration is the only time a US citizen is guaranteed healthcare.
However, many incarcerated people still lack access to healthcare because they cannot afford the
steep co-pay required for medical visits.*®!” Before 2020, prison inmates in California could pay
up to five dollars for medical visits, the equivalent of $656.25 for non-incarcerated people when
adjusted for minimum wage.® Such a high co-pay might deter prisoners from seeking healthcare,

affecting their health and resulting in increased adverse outcomes.

Previous studies have described higher rates of mortality among previously incarcerated
people.® For example, Binswanger et al. found that mortality rates post-incarceration were 3.5
times higher overall, and the death rate was 13 times higher among previously incarcerated
individuals than the general population within the first two weeks after release.®® Furthermore,
life expectancy was 4.2 years less for men and 10.6 years less for women who experienced
incarceration than the general population.® One study showed a dose-response relationship of
incarceration on mortality, reporting that for every year a person is incarcerated, their life
expectancy decreases by two years.?’ In general, the stress of reentry and these poor health
outcomes may interfere with the process of re-entry into the community, which may lead to re-

incarceration or mortality.

RECIDIVISM FOLLOWING RELEASE FROM INCARCERATION

In general, recidivism refers to relapse to criminal behavior over a specified period.?
McLean and Ransford (2004) define recidivism as the relapse to criminal activity due to the
individual’s return to prison for a new offense.?? They noted that the recidivism rate reflects the
degree to which previously incarcerated people have been rehabilitated and the success of

reintegration into society.??> According to the Bureau of Justice Statistics, although recidivism



can be defined in multiple ways, all definitions share the common traits. First, each definition
must have a starting event, for example, release from incarceration. Second, each definition must
have a measure of failure, such as re-arrests, reconviction, or committing a new crime. Finally,
each definition must have a recidivism window (for example, six months, one year, etc.).?® The
National Institute of Justice (NIJ) defines recidivism as criminal acts that result in re-arrests,
reconviction or return to prison with or without a new sentence during three years following the
prisoner's release.?! Unfortunately, estimates of recidivism rate will vary depending on the length
of follow up and the specific measure selected.?* When recidivism is only measured from new

crimes, the rate will be lower than if all re-arrests or reconviction is used to measure recidivism.

Re-entry from prison to the community is a stressful time for released individuals.
Previously incarcerated individuals face numerous barriers such as lack of employment
opportunities, family support and housing. In addition, people returning from incarceration may
have lower educational attainment, mental health problems, substance abuse, and the
fragmentation of treatment services upon release and during re-entry into the community.?
These barriers place them at an increased risk of returning to prison in the first few years after
release. Previous studies suggest that about two-thirds of inmates released from prison are
rearrested within three years.?® A Bureau of Justice Statistics study found that among 401,288
state prisoners released in 2005, about 68% were reincarcerated within three years of release.?
A more recent 2018 report by the Pew Center found that 38% of previously incarcerated people
were sentenced to at least one new prison term within three years of release.?’” The high rates of
re-incarceration underscore the need to examine predictors of re-arrests and recidivism among
formerly incarcerated people and develop interventions that reduce the barriers to successful

reintegration into the community.



MENTAL HEALTH, SUBSTANCE USE AND RECIDIVISM

Previously incarcerated individuals with substance use disorder (SUD) and mental illness
(M) face even more significant challenges than those without SUD or MI upon release from
incarceration due to a lack of access to behavioral health care and improper re-entry and
transition planning.?®2° These individuals face considerable challenges in obtaining appropriate
community-based behavioral health services, which results in poor and fragmented care.*
Furthermore, formerly incarcerated individuals with mental health disorders are more likely to
experience homelessness and are less likely to find employment after release from
incarceration.?®3! These challenges, along with improper re-entry and transition planning, place
these individuals at an increased risk for recidivism, as shown in previous studies.?®2°3? For
example, a large scale evaluation of recidivism among people with serious mental health
conducted in Florida found an average of 4.6 rearrests over the four year period.3® Similarly, an
analysis of over 61,000 prison inmates in Texas showed that those with dual diagnosis (co-
occurring psychiatric and substance use disorder) had a significantly higher risk of multiple
incarcerations over six years than inmates with mental illness or substance use disorder alone.?®
The presence of a mental health diagnosis or receipt of mental health treatment/services is
associated with recidivism or return to incarceration.®* Individuals with serious mental illness
may return to prison about 12 months earlier than those without serious mental illness 3, while
participation in mental health treatment has been shown to be associated with a lower risk of

incarceration.®®

A history of substance use has been consistently reported as a predictor of recidivism
among previously incarcerated individuals.®”* Individuals with substance use disorders are at a

higher risk for recidivism and are likely to have fewer protective resources, such as family,



relationships and skills that protect them from recidivism. Putnins (2003) found that substance
use disorder increased the likelihood of re-offending within six months.*® However, they noted
that specific substances differentially predict recidivism. In their study, alcohol and inhalants
significantly predicted recidivism. Denney & Connor (2016) also found a statistically significant
relationship between specific substances and recidivism among juvenile offenders.*® Some
studies suggest that the presence of mental illness alone does not increase the risk of re-
incarceration. These studies suggest that it is the co-occurrence of mental illness with substance
use that significantly increases the risk for recidivism.3?4! They argue that the risk of recidivism
among individuals with serious mental illness alone is similar to individuals with no mental

illness or substance use diagnoses.*

MEDICAID INSURANCE AND RECIDIVISM

A significant barrier to care for individuals returning to the community from
incarceration is a lack of access to health insurance and health benefits.3>424* Most previously
incarcerated individuals rely on public-sector mental health services supported by Medicaid
insurance. Medicaid is an insurance program jointly funded by the federal government and
individual states.* Medicaid provides healthcare coverage for some low-income people,
families and children, pregnant women, the elderly, and people with disabilities; however,
eligibility criteria differ by state.*® In California, this insurance program is known as Medi-Cal.
Unfortunately, Medicaid coverage can be suspended or terminated after the individual spends
time in jail or prison.**® Also, enrollment in Medicaid can be a burdensome process for most
people released from incarceration, making the need to re-enroll or reactivate Medicaid

insurance a barrier to care for people released from incarceration.>°



Some studies have examined the association of expedited Medicaid coverage before or
immediately after prison release and the use of community mental health services and substance
use treatment, as well as the effect on recidivism.*>%°>% A previous study found that a discharge
planning program for inmates with serious mental illness increased both Medicaid enrollment
and mental health service use in three Oklahoma prisons.>® Another study in Washington State
also showed that expediting Medicaid for individuals with severe mental illness was associated
with increased Medicaid enrollment by 15% and increased outpatient mental health service use
by 13% in the 90 days following release.® Gertner et al., 2019 found that referral for expedited
Medicaid at release increased Medicaid enrollment and increased community mental health and
general medical services immediately after release from incarceration.®® For substance use
disorders, Medicaid enrollment has been associated with an increased probability of utilizing
substance use disorder treatment in the three months following release from incarceration.>

Increased engagement in treatment would be expected to decrease the likelihood of
recidivism. However, previous studies are inconclusive on the effect of Medicaid enrollment on
recidivism. The findings from Fry et al., 2020 demonstrates this inconsistency in findings. The
study found that Medicaid expansion was associated with decreased recidivism rates in two of
the three counties studied.>® Other studies have found no evidence that expediting Medicaid
reduced criminal recidivism.>*%7 In one study, the authors examined whether expediting
Medicaid benefits would lead to reduced criminal recidivism for those with severe mental illness.
In this study, the authors observed significant increases in enrollment and service use; however,
the referral did not reduce criminal recidivism rates.*® Similarly, another study in Washington
State found that expedited Medicaid enrollment resulted in an increase in service use but did not

result in a reduction in rearrests.> While the findings to date on recidivism are mixed, it is clear



that expedited referral and enrollment in Medicaid increases service use. It is logical to assume
that engagement in treatment for mental health and substance use disorders may contribute to

reduction in recidivism.

HOUSING AND INCARCERATION

The disruption in social engagement during incarceration places individuals at an
increased risk of housing instability and insecurity immediately upon their release from
incarceration.>*® In addition, a history of incarceration makes it difficult to obtain housing upon
return to the community. Housing is a major risk factor for recidivism, potentially having a more
substantial influence on recidivism than most other risk factors.®* Previously incarcerated people
rank housing as one of the top four needs; however, they report having difficulties finding
housing due to their previous history of incarceration.>®%? Previous studies have found that many
people experiencing homelessness have a history of incarceration. For instance, Metraux and
Culhane found that 23% of the sheltered homeless people in the New York City shelter system
had been incarcerated within the previous two-year period.®® Also, previously incarcerated
people with mental illness have higher rates of homelessness and housing insecurity compared to
those without mental illness.®*7 In examining the relationship between homelessness, housing
insecurity, and incarceration using longitudinal, administrative data in Michigan, Herbert and
Morenoff (2016) found low rates of homelessness but very high rates of housing insecurity

among former prisoners.5®

The success of re-entry for individuals released from incarceration may rely on the
availability of stable housing.%® Without stable housing, formerly incarcerated individuals may
have difficulties in finding and maintaining stable employment, receiving necessary physical and

mental health care, and avoiding substance use.” In this study, we contribute to the literature on



housing and re-entry success by first examining the relationship between housing and time to

recidivism.

THEORETICAL / CONCEPTUAL FRAMEWORK

A socioecological framework to prevent recidivism

The socioecological model emphasizes multiple levels of influence on individual
behavior and outcomes.”"?> The model considers the complex interactions between individual,
relationship, community, and societal factors in predicting human behavior.”* This model may
provide a framework for understanding the different ecological factors that put people at risk for
recidivism. The following paragraphs discuss the socioecological model in the context of

recidivism.

Individual-level

The individual-level identifies the biological and personal history factors that may
increase the risk of recidivism. Previous studies have identified various individual-level factors
associated with recidivism; for example, research shows that men, members of minority groups,
and younger adults are more likely to be re-arrested.”>"* In addition, mental health diagnosis and
substance use disorders are associated with recidivism or return to incarceration.>>38
Interventions at the personal level could include various strategies, such as educational programs,
support groups, organizational incentives, or peer counseling, to target knowledge, attitude, and

skills with the specific goal of changing the behaviors of the individual. ™

Interpersonal
The interpersonal level examines the relationships that may protect individuals from
recidivism. Incarceration is an isolating experience that socially separates individuals from the

sources of social support in their lives.”® While incarcerated, the impact of social separation may

9



be subtle. However, such separation is problematic upon release as previously incarcerated
individuals may rely on these sources of support, such as family and friends, for stability. Studies
have found that returning prisoners relied on family members for housing, financial support, and
emotional support.”” Strong family ties after incarceration may be associated with employment
and job stability.”” In fact, positive family social support has been said to reduce the effect of
individual factors known to predict higher recidivism rates, like substance abuse, Black race, and
younger age.’® Unfortunately, in the absence of such positive support, previously incarcerated
individuals may return to the negative social networks that are likely to lead to a return to crime

and recidivism.

Community

The community-level explores the settings, such as the neighborhoods that individuals
released from incarceration return to, and the characteristics of these settings that place them at a
greater risk for recidivism. The community-level also seeks to understand the existing
relationships that may be critical in the development and provision of services.” Studies have
shown that individuals who return to disadvantaged neighborhoods recidivate at a greater rate
than those who return to affluent communities’®® One study found that particularly among
African American populations, those returning to communities where social service providers are
within two miles recidivate about 41 percent less than those who did not have social services
providers within two miles.®* In addition, a high concentration of bars and liquor stores in a
census tract increased the risk of recidivism for individuals returning to those tracts and
surrounding tracts by 26 percent.®* Such effect of neighborhood characteristics to re-arrests tends

to be more pronounced among minority groups than White.®2

10



Interventions at the community level should aim to improve economic and housing
opportunities and the processes, policies, and social environment in these neighborhoods.
Intervention at this level may also targets essential components of the community, such as
churches, informal social networks, volunteer and neighborhood associations, and organizations,
and seeks to build relationships with them.” These organizations may be important sources of
social resources and social identity for the formerly incarcerated individual, buffering the effect

of other levels of intervention.”

Societal

The social level examines the broader societal factors that may contribute to recidivism,
such as health, economic factors, and social policies.”* To achieve this, public health
professionals must seek to make policy and regulatory changes targeted at whole populations or
society to improve the health of all.” For instance, access to healthcare after release is a
significant predictor of recidivism. However, Medicaid coverage can be suspended or terminated
during incarceration due to the inmate exclusion statutes, and many individuals returning to the
community lack access to health insurance and health benefits.3%444782 This means that they may
forgo important medical care or visit the emergency room for necessary healthcare procedures.
With the expansion of the Affordable Care Act, some states have removed some of these barriers
and have provided funding dedicated to providing services to some individuals while
incarcerated and expanding coverage to almost everyone who meets other eligibility criteria
immediately after release.®* As previously discussed, access to Medicaid increases the use of

medical services, such as mental health and substance use treatment services.

Societal level interventions seek to create a society that supports re-entry and provides

the stability that formerly incarcerated people need to thrive. A prison policy initiative report

11



provided policy recommendations that could help the returning individual find work and earn an
income.® These recommendations include the issuance of a short-term temporary income upon
release, implementation of an automatic record expungement procedure, tax benefits for
employers hiring formerly incarcerated individuals, a blanket ban on employment discrimination
and reform of occupational licensing requirements to be more inclusive of formerly incarcerated
people.® These policy recommendations target access to employment at the societal level and
are guided by previous studies showing that if formerly incarcerated people find stable

employment after release, they are less likely to be re-incarcerated.6®’

Risk-Need-Responsivity (RNR)

A common theory that is used to study recidivism is the Risk-Need-Responsivity (RNR)
theory. The RNR is thought to be one of the most effective models in assessing the needs and
providing treatment for the rehabilitation of previously incarcerated people.8 The theory
comprises three principles, risk, need and responsivity. The risk principle states that criminal
behavior is preventable if the offender receives adequate treatment based on the level of risk for
recidivism.®8 For instance, mental illness and substance use may increase recidivism risk, and a
lack of appropriate treatment for individuals with mental illness may lead to engagement in
criminal behavior.*® This theory suggests the importance of identifying the increased risks and

appropriately addressing them.

The needs principle focuses on the importance of individual needs and treatment to
reduce recidivism . Needs may include factors like mental health treatment, substance use
disorders, housing, essential job skills, and education . Although most of these clinical and
social service needs are not criminogenic (meaning they are usually not a principal cause of

crime), they nevertheless can interfere substantially with other rehabilitation efforts.
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Lastly, the responsivity principle focuses on factors that may influence an individual's
responsiveness to treatment that help him/her change behaviors.%? Responsivity needs may
include determining factors that interfere with compliance and retention in treatment programs.®
Lack of stable housing may interfere with how individuals respond to treatment for mental

illness and substance use disorder.

This study is guided by the socioecological model and the RNR model. Figure 1 depicts
the conceptual model and framework that will for this study. The model proposes that mental
iliness, substance use disorder and physical health comorbidity are significantly associated with
recidivism. The model also suggests that early linkage to services such as Medicaid will promote
engagement in treatment services, which would reduce the odds of recidivism. The model further
proposes that housing status will directly affect recidivism and moderate the relationship
between service use and recidivism. Without housing, participants may be limited in their ability

to benefit from the other components of the intervention.

Physical Health diagnosis
Mental Health diagnosis
Substance Use disorder

Early linkageto Medical Care Recidivism
services, e.g. — Mental Health Service Use
Medicaid Substance Use Treatment
Housing
Sex
Age
Ethnicity

Figure 1. The conceptual framework for the current study
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PROJECT OVERVIEW

Purpose of the Study

The purpose of this study is to evaluate the impact of the Riverside University Health
System (RUHS) Whole Person Care (WPC) pilot on recidivism among individuals released from
incarceration in Riverside County. This study will specifically focus on the role of housing,
physical health, substance use, Medicaid enrollment, and mental health on incarceration
recidivism among individuals who participated in the program. The examination of state-funded
initiatives such as this is likely to offer recommendations for policy and structural changes that
could lead to greater success in reintegrating recently incarcerated people and reducing

recidivism rates.

Riverside University Health System Whole Person Care Pilot

The Whole Person Care (WPC) pilot is a program implemented in California through the
Medicaid Section 1115(a) waiver. The program aimed to promote the integrated delivery of care
for populations who use costly services in multiple service sectors *3. The total program budget
was $3 billion, which included a $1.5 billion investment from participating pilots to implement
WPC and $1.5 billion in matching funds from the Centers for Medicare and Medicaid Services
(CMS) %, The WPC program is designed to provide participants with care coordination and
other services to address medical, behavioral health, and social needs with the aim of improving
their health outcomes and overall well-being . Therefore, successful implementation required
careful planning and engagement of multiple agencies involved in these individuals' physical,

behavioral and social care.

WPC pilots across the state were required to select one or more target populations

identified by the state. The Riverside University Health System (RUHS) WPC pilot focused on
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people recently released from incarceration. The RUHS WPC Pilot was designed around a
complex case management system that sought to support the mission of early recognition and
treatment of disease, thereby enhancing the quality of patient management and patient
satisfaction.® Upon release from incarceration, participants were screened by a Registered Nurse
(RN) for physical health, behavioral health, social services, housing and other needs. The RN
also performed a screening of the participants' blood pressure and provided referrals for
glycohemoglobin levels (HbAlc), as well as Human Immunodeficiency Virus (HIV), Hepatitis C
(HCV) and tuberculosis status. Based on screening results, care coordination continued with
referral to the appropriate departments to provide services.*
Significance

This study focuses on a vulnerable population that is frequently invisible and
understudied in public health research and practice. This study may help prevent recidivism and
provide an understanding of the types of linkages, resources, and coordination for health services

that may reduce re-incarceration. The specific objectives of this study are outlined below.

Obijectives
1. Objective 1. To examine the impact of treatment for substance use disorder on
recidivism.
a. Hypothesis: Substance use treatment utilization will be negatively associated with
the odds of recidivism
2. Objective 2. To examine the impact of mental health treatment on recidivism.
a. Hypothesis: Mental health treatment utilization will be negatively associated with

the odds of recidivism.
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3. Objective 3. To examine the effect of active Medicaid on recidivism.

a. Hypothesis: Active Medicaid insurance will reduce the likelihood of recidivism
by increasing the use of mental health and substance use services among
participants with mental health or substance use disorders.

4. Objective 4. To examine the association of housing status at release with recidivism.

a. Hypothesis: Participants who are homeless at baseline will be more likely to be
reincarcerated within the first year.

b. Hypothesis: Participants who are homeless will have fewer days until the first re-

incarceration than those who are not homeless.

METHODS

Data Source

This study uses secondary data from the Riverside University Health System (RUHS)
Whole Person Care (WPC) pilot program. Participants were recruited from their local Probation
Department office, where they were generally required to report within 48 hours of release from
incarceration. The Probation Officer (PO) introduced the participant to the RN as close to the
first probation appointment as possible. The RN provided each participant with an informed
consent form describing the types of screening to be conducted. The participant had the right to

refuse to participate and share data with any or all departments listed.

Individuals were eligible to participate in the WPC pilot if they had been on probation for
at least one full year, were at risk of or experiencing homelessness, currently had a behavioral
health diagnosis, and had/or have a physical health diagnosis. All participants had to be 18 years
and over. For this study, participants who were enrolled after July 31, 2019, were excluded

because they would not have up to 12 months of follow-up data at the time of this study.
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Ethical- Human Studies considerations

An initial inquiry for approval was made to the Claremont Graduate University (CGU)
Institutional Review Board (IRB). However, the IRB at CGU deferred to Riverside University
Health Center IRB because only secondary data belonging to Riverside University Health System
was proposed to be used for the study. Approval for the current study was obtained from the
Riverside University Health System Institutional Review Board (IRB). The current study analyzes
secondary data; therefore, there are no direct risks or benefits to participants in the WPC. The
potential risk may include having the patient's privacy or confidentiality compromised.
Nevertheless, every reasonable effort will be made to protect privacy while their data is used as
part of this study. Data obtained from RUHS were de-identified by RUHS staff using the Safe
Harbor Method before sharing with the researchers. In addition, all data and records generated
throughout the study will be kept confidential in alignment with the policies of the RUHS
Institutional Review Board. Finally, only study personnel will have access to the study data and

records to conduct the study.

Measures
Recidivism

For this study, three different recidivism outcomes were available. First, recidivism will
include any re-arrests or re-incarceration for any reason within one year. Data were collected
about whether or not the individual had any re-arrests within one year after release from
incarceration. In addition, the number of times incarcerated within one year was recorded for
participants with an arrest or re-incarceration. Finally, the number of days till the first episode of

re-arrests or re-incarceration was also obtained from administrative data obtained from RUHS.
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Mental health and substance use disorder

During the initial assessment, the WPC registered nurse assessed participants for any
mental illness or substance use disorder. If any disorder was identified, this information was
recorded in the participants' records. Mental health diagnoses included generalized anxiety
disorder, major depressive disorder, schizoaffective disorder, among others. Substance use
included alcohol dependence, opioid dependence, sedative, hypnotic or anxiolytic abuse, and
other substance use disorders. For this study, mental illness and substance use disorders were
recategorized to a dichotomous variable (yes/no) that captures any recorded diagnosis for mental

illness or substance use disorder.

Service use

The data for the utilization of mental health treatment and substance use disorder
treatment was obtained from the participants' health records. Health encounter data obtained
from the RUHS Department of Behavioral Health was linked to participants using a unique
identifier. The number of encounters each participant had was extracted from their health
records. Medical care was defined as access to outpatient services during the one year following
release. Participants' health encounter data were obtained from the electronic health record at the

RUHS.

Physical Health comorbidities

Physical health comorbidities were assessed during the initial screening. Participants
were asked to select if they had been diagnosed with diabetes, tuberculosis, hepatitis C, HIV,
hypertension or any other chronic health disease. For this analysis, physical health comorbidity
was recategorized to a dichotomous variable that captured the presence of one or more of these

conditions.
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Housing status

Housing status was assessed during the initial screening process by asking participants to
identify their current living arrangements. Participants were asked, "What are your living
arrangements?" Response options included A) Co-housed; B) Homeless Shelter; C) Not
Homeless; D) Street; E) Transitional; F) Vehicle; G) Other (specify). For the current study,
participants who identified as "not homeless" were classified as not homeless, while all others

were classified as homeless.

Covariates

Participants' demographic variables were obtained using a questionnaire during the initial
screening. Demographic variables obtained included sex, race, ethnicity, and age. Sex included
male or female. Participants' age was obtained as a continuous variable, then converted to a
categorical variable, with categories: 18-26, 27-40, 40-55, 55 and over. Due to small group
frequencies, race was recategorized to African American/Black, White and
Others/Unknown/Multiple Races. Three categories of ethnicity included in the analysis included
Hispanic, Non-Hispanic and Unknown. A single variable was then created to reflect four
categories of race/ethnicity, including White or Caucasian, Black or African American, Hispanic

or Latino and Others/Unknown/Multiple Races.

Analysis Plan

Preliminary analysis

Data analysis were conducted using Tableau prep, R version 4.0.2. Mplus version 8.3 and
SAS® software, version 9.4.°>% Descriptive statistics (e.g., frequencies, mean, range, standard
deviation, etc.) were performed on demographics and other variables to describe the sample. For

the descriptive analysis, the data were stratified by gender, ethnicity, and age. The distribution of
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continuous outcome variables were examined for parametric assumptions. Participants' Medicaid
status was recorded as active or inactive. Each hypothesis was tested using appropriate modeling
techniques such as logistic regression, negative binomial logistic regression, survival analysis or

mediation analysis.

Logistic Regression
Overview

Chapter one examines the predictors of recidivism using binary logistic regression and
negative binomial regression models. The logistic regression model is a type of generalized
linear model (GLM) where the outcome variable () is categorical. In the case of logistic
regression used in the first paper, the outcome variable is a dichotomous, nominal variable
measuring recidivism (return to incarceration or not). Given a binary outcome such as this, we
assume a binomial distribution for the random component of the GLM.®” Binary logistic
regression also requires the logit link function. The link function specifies the functional
transformation required to relate the mean of the probability distribution of the outcome variable

(p) to the linear combination of the predictor variables.®’

In linear regression, the equation for the expected mean of the probability distribution is

given by:

n=E(Y[¥) = fo+ pix )

The expression above allows for E(Y | x) to take on any value as x ranges between —o and
+oo %8 In logistic regression with a dichotomous outcome variable, the conditional mean must be
greater than or equal to zero and less than or equal to one (0 < E(Y | x) < 1),% thus requiring the

logit transformation. As noted by Agresti, while the conditional mean of a logistic regression
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model 7 is restricted to the values between zero and one, the logit can be any real number that
can be modeled using the linear expression above.®” The equation of the logistic regression then

becomes:

Logit(r(x)) = In(—=2) = B+ AiX )

1—-m(x)

Where
7= P(Y = 1]|X) probability of success (recidivate),
1 — m(x) = P(Y=0) or probability of failure (did not recidivate),
o = intercept or predicted average logit, and

S = predicted change in logit for a unit increase in X

Assumptions

Logistic regression is generally considered a nonparametric technique. This means that it
does not require any particular distributional assumptions like other methods such as Analysis of
Variance (ANOVA) and Ordinary Least Squares (OLS) regression.®® However, certain
assumptions must be met to use logistic regression and for the result of logistic regression to be
valid. First, binary logistic regression, as used in the first paper, requires the dependent variable
to be binary. Second, logistic regression assumes that there is little or no correlation among the
independent variables® Here, logistic regression requires that independent variables included in
the model are not too correlated with each other. When variables are highly correlated but
conceptually different, it is recommended that one of the variables is removed from the model, or
a latent variable modeling technique is used for the analysis.®® Third, logistic regression requires

a large sample size. The general guideline is that a minimum of 10 events per independent
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variable is required to fit a logistic regression model reliably from the results of previous
simulation studies.®®1% For instance, if the number of cases with the less frequent outcome
divided by the total number of independent variables is less than 10, then the estimate of the
regression coefficient, the confidence interval, and the sample variance of the model coefficients
will be unreliable.11! Fourth, logistic regression requires that continuous predictors have a
linear relationship with the log odds of the outcome.*®* This assumption does not hold for

categorical predictors.!

Interpretation of results

The regression coefficient in logistic regression is the log odds of the outcome occurring
given the change in the predictor, that is, /& coefficient indicates the effect of a unit change in X
on the log odds of the event occurring.®” However, logistic regression results are better
interpreted in terms of odds. The regression coefficients are converted from logit to odds by
exponentiating the coefficients.®” The odds of an event occurring is the probability of the event
occurring divided by the probability of that event not occurring. This is represented in the

formula below:

— m(x) — 0 + B1X
Odds= == = e @)

For a dichotomous predictor, such as any mental health encounter, where x = 1 when

there is an encounter and x = 0 when there is no encounter:

Odds, _ eP+/t g

Odds Ratio = odds, ~ omiA0 = e (4)
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The odds ratio compares the odds of the outcome occurring in one state of the predictor

to another.

Negative Binomial Regression
Overview
In modeling outcomes that result from counting the occurrence of an event where the
outcome variable can take any nonnegative integer value, for example, the number of re-arrests
in a year, the generalized linear model (GLM) with a Poisson distribution for the random
component may be used.®” The Poisson model has a single parameter p > 0, which is both the
mean and variance of the distribution.®”1%21% That is:
E(Y)=Var(Y)=n (%)
o(Y) = (6)
Unfortunately, many datasets contain some form of overdispersion, where the mean and
the variance are not equal, often due to unobserved heterogeneity in the data.'® Such data can be
modeled by an additional shape parameter to account for the difference between the mean and
variance. The negative binomial regression is also one of the generalized linear models used for
count data with two parameters, the mean (x ) and dispersion (D) parameters.®” Negative
binomial regression models the expected log count of the outcome to the linear combination of
the predictor variables. The negative binomial distribution does not assume equal mean and
variance and has the following form:
E(Y) =u (7)

Var(Y ) = i + Dy 8
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Assumptions of negative binomial regression.

The negative binomial regression shares similar assumptions as the Poisson and linear
regression models, such as linearity in model parameters and independence of individual
observations. The linearity assumption means that the relationship between the independent and
dependent variables is linear.%®193105 Wwith the assumption of independence of observations, all
observations in the model are independent of each other and the errors in the model are not

related.10®

Interpretation of results

Model fit can be examined using the goodness of fit statistics such as the log-likelihood,
Bayesian Information Criterion (BIC) and the Akaike Information Criterion (AIC). In addition,
the model fit can also be visually examined using rootograms.%21% The rootogram displays the
theoretical Poisson distribution as red lines. Hanging from the lines at each point is a bar
representing the difference between expected and observed counts.®* A bar hanging below zero
indicates underfitting. A bar hanging above zero indicates overfitting.1%* Figure 8 in the appendix
shows the rootogram for the negative binomial regression model of re-incarceration, while figure
9 shows the rootogram for the Poisson model. The rootogram shows that the negative binomial

model fits the data better than the Poisson model.

As previously stated, the model estimates the expected log count of the outcome given
the predictor. This estimate can be exponentiated to obtain an Incidence Rate Ratio (IRR) for
ease of interpretation.'%>1% The result is interpreted as a comparison of the incidence rate in two
categories: the ratio rate of occurrence of the outcome in one group compared to the reference

group. An IRR of one would mean no difference in the incidence rate in the two groups being
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compared. An IRR greater than one indicates a greater incidence in the selected group compared
to the reference group. In comparison, an IRR less than one indicates a lower incidence in the

selected group than the reference group.

Survival Analysis

Chapter 3 uses survival analysis to examine the effect of housing on time until
recidivism. Survival analysis is the study of survival time and the factors that influence it, where
survival does not exclusively mean death but any event of interest.1% There are two major
characteristics of survival data. First, the outcome variable must be a non-negative discrete or
continuous variable representing the time from a clearly defined time origin to a clearly defined
event.'% The second characteristic of survival data, known as censoring, occurs when the starting
and ending events are not precisely observed. In right censoring, which is the most common, the
exact time of the ending event is unknown; however, it is known to exceed a particular value.%
Two major survival analysis strategies will be described here, Kaplan-Meier survival analysis
and the Cox proportional hazard model. Finally, a brief description of Aalen’s Additive model,

which is used as a supplement of the Cox model, is provided.

Kaplan-Meier survival estimate

The Kaplan-Meier (KM) method is a nonparametric method used to estimate the survival
probability from observed survival times.'%” The Kaplan-Meier estimate is the simplest way of
computing the survival time. It can be used to produce a survival curve (Kaplan-Meier curve),
which shows the probability of survival at a given time.1% The survival probability at each time

(t) can be computed as:

Number of subjects at start— number of subjects with event at time t (9)

NOES

Number of subjects at start
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There are three assumptions in the Kaplan-Meier estimate. Firstly, we assume that at any
given time, participants who are censored have the same survival probability as those who
continue to be followed. Secondly, we assume that the survival probabilities are the same for
subjects regardless of when they were recruited into the study. Finally, we assume that the event

happens at the time specified.%®

Cox proportional-hazards model
The Cox proportional-hazards model is a regression model that is used to estimate the
association between survival time and one or more predictor variables.!®® The Cox model is

expressed by the hazard function denoted by h(t) and can be estimated as follow:
he = ho(t) * exp(B1X1 + B2X2) (10)

Where:

t = survival time,

he = the hazard function determined by a set of covariates (X1, X2),

B coefficients = the hazard of the covariate, and

ho = the baseline hazard

Model Interpretation

The regression coefficients produced from the Cox model indicate the direction and
magnitude of each predictor’s change in hazard. This value can be positive or negative. A more
intuitive interpretation can be obtained by taking the exponential of the regression coefficient to
obtain the hazard ratio. Interpretation of the hazard ratio is similar to the odds ratio in that it gives

an estimate of the effect size.
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Model Assumptions

A major assumption of the Cox proportional hazard model is that of proportional
hazard.%®1% The assumption requires that the hazard ratio of each explanatory variable remains
constant over time.2%%111 A second assumption states that covariates are multiplicatively related
to the hazard, as seen in the Cox regression formula above.*'! In the Cox model, the Cox-Snell
residuals can be used to assess the overall fit of the model and the scaled Schoenfeld residuals

can be used to assess proportional hazard assumptions.'!!

Aalen’s Additive Hazard Model

Aalen’s additive model is also a survival regression model that defines the hazard rate as
an additive instead of a multiplicative linear model.'*2 Unlike the Cox model, this model does
not assume a proportional hazard. This model can be used to circumvent the proportional
assumption and characterize the nature of the time-varying effects of covariates through the

cumulative regression function plots.*2 This model is given by the equation:
h(t[Xi) = hO(t) + Xy (t) (11)
Where:
e hO = baseline hazard function

e y=vector of time-varying regression coefficients, which may change in

magnitude and even sign over time.

Mediation Analysis

Overview
In chapter 4, a multiple mediation analysis with probit regression is used to examine the role

of mental health services and substance use disorder treatment as mediators of the relationship
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between Medicaid enrollment and recidivism. The direct effect and mediated effect were

examined using a 95% bias-corrected confidence interval based on 10,000 bootstrapped samples.

Mediation analysis seeks to answer the question of “how.” For example, how does
Medicaid enrollment reduce recidivism?**® See figure 2 below for a simple mediation model.
Mediation analysis can be used to identify the pathway through which an independent variable
affects an outcome by showing how the independent variable affects a mediator variable (a path)
and the mediator variable affects a dependent variable (b path).}'4%° The indirect effect is the
effect of the independent variable on the outcome through this chain of relations among the
specified variables. In contrast, the direct effect (¢ ) does not pass through this pathway.1®
Mediation analysis has been extended to allow for the inclusion of multiple mediators or

pathways arranged in series or parallel.**

Mediator
/' Variable \
/ | b
Independent c o Dependent
Variable . Variable

Figure 2 A simple mediation model

After conducting the mediation analysis, the product of the effect in both path a and path
b is the estimate of the indirect effect (ab). A statistical significance test can be conducted using
the Sobel test to compute this estimate’s standard error.!'® The ratio of the estimated indirect

effect (ab) to its standard error, calculated using the Sobel method, is used as a test statistic for
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the null hypothesis that the “true” indirect effect is zero; the p-value is then obtained from the
standard normal distribution.**1® This assumption that the underlying distribution of the
indirect effect follows a normal distribution has been found to be flawed as the distribution of ab
tends to be asymmetrical, with nonzero skewness and kurtosis.**"'° An alternative method that

makes no distributional assumption is the bootstrapping method.

Bootstrapping is a process where the data is repeatedly resampled a given number of
times, with replacement, to generate an empirical representation of the sampling distribution of
ab!'%120 This process involves randomly drawing cases from the original data, replacing the
drawn case and drawing randomly again to create the specified number of samples (for example,
10,000), each size equal to the original sample size. For each sample, the value of ab is estimated
and recorded. After this process, the distribution of the estimates is examined to obtain the
required confidence interval. The 2.5 percentile and the 97.5 percentile of this distribution
represent the 95% percentile confidence limits. These limits can be corrected depending on the
skewness of the distribution to obtain a 95% bias-corrected confidence interval 1”12 The bias-
corrected bootstrap has been shown to have the least biased confidence intervals, greatest power

to detect nonzero effects, and the most accurate overall Type | error.*?
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CHAPTER 2: THE ASSOCIATION BETWEEN EARLY LINKAGE TO TREATMENT FOR

MENTAL HEALTH AND SUBSTANCE USE DISORDERS AND RECIDIVISM.

BACKGROUND

Over 600,000 individuals are released back into their communities from state and federal
prisons annually®. Many of these people have either a mental health disorder, substance use
disorder or both co-occurring at the same time. About two-thirds of people incarcerated in the
United States have been reported to meet the criteria for at least one mental health disorder*?. In
addition, between 17% to 34% are diagnosed with a severe mental illness compared to 4.6% of
the general population. 12212 In addition to mental health disorders, incarcerated individuals also
have a high burden of substance use disorders. About 58% of people incarcerated in state prisons
and 63% of sentenced jail inmates met the criteria for drug dependence or abuse.>* A previous
study found that up to 82% have reported lifetime use of any drugs among people detained in
jails.*?® Many of these people have co-occurring mental health and substance use disorders.
Another study of prison inmates showed that 74% of individuals with a mental health disorder
also had substance use disorders. In comparison, 54% of those with no mental health disorder

had a substance use disorder.26

Unfortunately, many of the people released from incarceration will return to prison or jail
due to the significant barriers they face upon release. For instance, previously incarcerated
individuals face barriers such as lack of employment opportunities, family support and housing.?
These barriers place them at an increased risk of returning to prison in the first few years after
release. A Bureau of Justice Statistics study found that among 401,288 state prisoners released in

2005, about 68% were reincarcerated within three years of release.?® Among previously
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incarcerated women, severe mental disorder (SMD) significantly increases the likelihood of

recidivism by 16% over an eight-year follow period.*?’

Research suggests that people with mental health and substance use disorders experience
greater recidivism rates partly due to difficulties accessing community-based treatment services
upon release. 2838 perhaps the most common diversion to the treatment program is the mental
health court (MHC). Studies have shown that MHC participants have better criminal justice
outcomes than those who do not participate in the program. Dirks-Linhorst and Linhorst (2012)
found a lower re-arrest rate for people who completed the MHC program than those who chose
not to participate.'?® A 2019 literature review showed some evidence that mental health courts
help reduce recidivism rates; however, it was unclear if it affected police contact.*?® Furthermore,
this review suggested that effective MHC programs should address other essential needs, such as

providing access to vocational and housing services.?®

A few re-entry programs have focused on engaging people with mental health and
substance use disorders in treatment in order to reduce recidivism. Theurer and Lovell (2008)
examined the Washington State Mentally 1l Offender Community Transition Program
(MIOCTP).1% They found that those in the program had an average of 2.3 days to contact mental
health services compared to 185 days in a matched control group and had more hours of contact
with mental health staff both in prison and the community.**° Previous studies show that when
people with mental health or substance use disorders have access to treatment, they are likely to
have better outcomes. For example, Kelly et al. (2017) showed that assertive community
treatment for people with serious mental illness reduces the number of arrests and incarceration
in the nine months following release.’®! A study that examined the impact of New York State’s

program to divert youths with mental health and substance use disorder found a significant
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reduction in re-arrests for those who received mental health services and other wrap-around
services.®? Engagement in treatment services through mental health court has been shown to
increase medication compliance and reduce recidivism.** Other studies support the claim that
engagement in treatment may reduce the risk of recidivism in this population.'****® Increasing
access to outpatient treatment, particularly for mental health services, may reduce the likelihood

of re-arrests and reduce recidivism.*31%

Treatment for substance use disorders is also likely to reduce recidivism and
reincarceration. Just like MHC, drug treatment courts (DTC) have also been used to examine the
impact of diversion to treatment rather than incarceration. Wilson (2017) found that participants
in a DTC program were more likely to abstain from substances.**” Among the program
participants, they found that older age and employment reduced the likelihood of re-arrested.*’
This finding is further supported by a study that randomly assigned participants into a DTC or
treatment as usual group. The study found that those in the DTC group were less likely to
recidivate over two years than the control and untreated groups.**® An evaluation of Access to
Recovery (ATR), an initiative funded by the Substance Abuse and Mental Health Services
Administration (SAMHSA) that offers a mix of clinical and supportive services for previously
incarcerated people with substance use disorders, found that differential effect of the type of
service and recidivism. The evaluation noted that participating agencies with more resources and
a focus on prisoner re-entry had better recidivism outcomes than those focusing only on
substance abuse services.'3 A modified therapeutic community (TC) program serving
probationers with substance use disorders found that treatment graduates were slightly less likely

to be arrested within two years of leaving the program.'4°
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The purpose of this study was to examine the effect of mental health and substance use
treatment on recidivism among participants of the Whole Person Care pilot in Riverside County.
It was hypothesized that participants who had mental health or substance use treatment encounter
in the first 90 days after release would be less likely to be reincarcerated than those who did not
have a service encounter. In addition, the study hypothesized that those with early linkage to

treatment would have fewer rearrests in the 12 months.

METHOD
Measures
Recidivism

For this study, recidivism will include any re-arrests or re-incarceration for any reason
within one year. Data were collected about whether or not the individual had any re-arrests
within one year after release from incarceration. In addition, the number of times incarcerated
within one year was also recorded for participants with an arrest. This variable will also be used

in the analysis of re-incarceration.

Mental health and substance use disorder

During the initial assessment, participants were assessed for any mental illness or
substance use disorder by the RN. If any disorder was identified, this information was recorded
in the participants' records. For this study, mental illness and substance use disorders were
combined into a single variable that reflects a mental health diagnosis alone, substance use
disorder alone, co-occurring disorder and none. Those with no diagnosis were used as the

reference group for all analyses.
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Service use

Service use for mental health treatment and substance use disorder was obtained from the
participants' health records. Health encounter data obtained from the RUHS Department of
Behavioral Health was linked to participants using a unique identifier, and the number of
encounters for each participant was extracted from their health records. Service use was defined
as any treatment encounter for mental health or substance use service during the first 90 days
following initial assessment after release from incarceration. Participant's health encounter data
was obtained from the electronic health record at the Riverside University Health Systems

(RUHS).

Physical health comorbidities

Physical health comorbidities were assessed during the initial screening. Participants
were asked to select if they had been diagnosed with diabetes, tuberculosis, hepatitis C, HIV,
hypertension or any other chronic physical illness. For this analysis, physical health comorbidity
will be recategorized to a dichotomous variable that captures the presence of one or more of

these comorbidities.

Analysis
Preliminary analysis

Data analysis was conducted using Tableau prep and R version 4.0.2. Descriptive
statistics were performed on demographics and other variables to describe the sample. Two
Logistic regression models were used to test the hypothesis in this study while controlling for
other covariates and potential confounders. First, a binary logistics regression, using any re-arrest
within one year as the dependent variable, with mental health or substance use diagnosis, mental

health or substance use treatment, housing instability, physical health comorbidity, self-rated
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physical and emotional health, race, ethnicity, Medi-Cal status and age included as predictor
variables. Secondly, a negative binomial logistic regression was used to model the number of
times the participant was incarcerated within one year with the same set of independent variables

as in the binary logistic regression above.

RESULTS

Data from 6,347 individuals recruited in 2017, 2018 and 2019 were included in this
analysis. Table 1 shows the descriptive statistics of the sample. The majority of participants in
the sample were male (80.9%). After categorizing the participants' age into groups, 22.5% were
between 18-26 years, 31.7% were 27-34 years, 25.4% were 35-44 years, 13.2% were 45-54 years
and 7.2% were 55 years and over. The sample was also comprised 33.4% White or Caucasian,
12.0% Black or African American, 27% Hispanic or Latino(a) and 27% Others, Multiple Races
and Unknown. The majority of the participants had active Medi-Cal (67.8%) within 90 days of
the initial screening. The majority of the participants rated their physical health (79.8%) and
emotional health (78.2%) as good. Similarly, the majority did not have a mental health or
substance use diagnosis, while 8.6% had a substance use diagnosis, 10.0% a mental health
disorder and 5.6% a co-occurrence of mental health and substance use disorders. Finally, 13.9%
reported having one or more of the physical health comorbidities that were listed during the

initial screening.

Mental health and Substance use Service encounter

While only 18.8% of the total sample of participants were referred to behavioral health
and 15.1% to substance use disorder treatment, 13.3% of participants had a mental health
encounter and 12.3% had a substance use treatment encounter within 90 days of the initial

screening. Among those with a referral to behavioral health, 36.8% had a mental health
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encounter, while 18.5% had a substance use encounter. Among those with a referral to substance

use treatment, 18.3% had a mental health encounter and 26.6% had a substance use encounter.

The results of the logistic regression model showed that participants with a mental health
disorder alone (OR: 1.88, p <.001), substance use alone (OR: 3.16, p <.001) and those with co-
occurring mental health and substance use (OR: 3.67, p <.001) were more likely to be
reincarcerated within one year following release compared to those with no diagnosis after
controlling for all other variables in the model. Participants with a mental health diagnosis had
almost twice the odds of re-incarceration within one year, while participants with substance use
disorder had three times the odds of recidivism compared to those without any mental health or
substance use disorder. Similarly, a co-occurring mental health and substance use disorder
increased the odds of recidivism by over three and a half times compared to those with no

diagnosis.

Any mental health service was associated with a 64% reduction in the odds of recidivism
(OR: 0.46, p<.001) compared to those with no mental health service encounter after controlling
for all other variables. Similarly, having any substance use encounter within 90 days of the initial
screening was associated with a 50% reduction in the odds of recidivism when compared to

those with no substance use encounter (OR: 0.50, p<.001).

Other significant predictors of re-incarceration in the model included housing instability
(OR: 2.01, p <.001), having an emergency department visit (OR: 1.62, p <.001) and having
active Medicaid (OR: 1.29, p <.001). All three predictors were associated with an increase in the
odds of recidivism. Age showed an inverse relationship with re-incarceration such that the odds
of re-incarceration decreased with increasing age. Table 3 displays the result of the logistic

regression model.
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A second regression model was used to examine the association between the same set of
predictors and the number of times individuals were re-arrested in the 12 months following the
initial screening. The results of the negative binomial regression were mostly consistent with the
findings from the logistic regression model. Participants with any mental health disorder had a
higher rate of re-arrests than those with no mental health or substance use disorder (Rate Ratio:
1.83, p <.001). Participants with any substance use disorder alone also had a higher rate of re-
arrests than those with no mental health or substance use disorder (Rate Ratio: 1.63, p <.001).
Finally, those with co-occurring mental health and substance use disorder had an incarceration
rate over twice as much as participants with no mental health or substance use disorder (Rate

Ratio: 2.25, p <.001).

When examining the association between mental health and substance use service
encounters and the rate of re-arrests, those with any mental health encounter had a reduction in
the frequency of re-arrests compared to those with no mental health service encounter (Rate
Ratio: 0.51, p <.001). Those with any substance use treatment encounter also had a reduction in

the rate of re-arrests within 12 months (Rate Ratio: 0.78, p <.001).

As was found in the logistic regression model, housing status at baseline (Rate
Ratio:1.64, p <.001) and having any emergency department visit (Rate Ratio: 1.21, p <.001)
were associated with an increase in the frequency of re-arrests. However, there was no
statistically significant association between active Medicaid insurance and the frequency of re-

arrests (Rate Ratio: 1.07, p = .171).

DISCUSSION
This study examined the impact of early linkage to mental health and substance use

treatment on recidivism among participants of the Whole Person Care pilot, controlling for other
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potential confounders such as age, sex, race/ethnicity, housing status, diagnosis for mental health
or substance use, Medicaid insurance and emergency department use. The results showed that
linkage to care is associated with a reduction in the odds of recidivism, as well as the number of
rearrests within 12 months. The results also showed that other significant predictors of
recidivism in this sample included age, sex, housing status, mental health or substance use

diagnosis, emergency department use and Medicaid insurance.

The primary results of this study showed that mental health and substance use encounters
were associated with lower odds of reincarceration and a lower rate of re-arrest over the 12
month follow-up. Mental health service encounter was associated with a 54% reduction in the
odds of recidivism and a 49% reduction in the rate of re-arrests compared to not having an
encounter. Although the measures and types of treatment vary, this finding is consistent with
previous studies.1?8131132141 gome studies have shown that the use of assertive community
treatment for people with serious mental illness reduces the number of arrests and incarceration
following release.*®! Sullivan et al. (2007) found that receiving community-based mental health

services reduced the likelihood of recidivism by 32%.%3?

Substance use service encounter was associated with a 50% reduction in the odds or
recidivism; however, no statistically significant reduction in the rate of rearrests was found. This
finding is consistent with previous studies that showed an association between substance use
treatment and recidivism.®2142 A study that examined the impact of New York State’s program
to divert youths with mental health and substance use disorder found a significant reduction in
re-arrests for those who received mental health services and other wrap-around services.'*? A
similar study by Robertson et al. (2020) using administrative data found that diversion to

treatment was associated with reductions in incarceration risk.*? Gottfredson et al. (2003) found
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that participants who were referred to a drug treatment court were significantly less likely to
recidivate than were both untreated drug court subjects and control subjects.'*® A 2018 review
also supports the findings in this study, showing that treatment for substance use after release is

effective in reducing recidivism.#3

Several studies show that certain characteristics associated with incarceration and
criminal justice involvement may be more prevalent among people with mental health or
substance use disorders. These studies suggest that people with mental health or substance use
disorder may show cognitive and neuropsychological problems, personality disorders, risk-
taking behavior, aggression, lack of coping skills and impulsive behaviors, 32141144145
Engagement in and adherence to treatment for mental health and substance use disorders may
allow participants to receive the necessary care that addresses these risk factors.**! Given the
stress associated with re-entry, persons with serious mental illness who do not receive adequate
treatment may act in an inappropriate and often aggressive manner, resulting in arrest or
incarceration.*® On the other hand, people with mental health disorders generally have a lower
level of support, which increases the impact of stress; this may be more salient immediately
following release from incarceration.? Engaging with treatment may help the individual
recognize the stressors they face and provide them with the strategies to utilize formal and
informal support that are available to them. For individuals with substance use disorders,
recidivism may be associated with environmental factors such as the procurement of illegal

substances or violation of community supervision terms.*2

This study also finds other variables that are associated with reincarceration and re-arrest.
First, we find an inverse relationship between age and both re-arrest and reincarceration. This

finding is consistent with findings in the literature showing that older individuals are less likely
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to recidivate than younger individuals.#"*#¢ Secondly, we find a higher odds or recidivism for
males than females in the sample. Males had a 70% higher odds of reincarceration and a 60%
higher rate of re-arrest than women. This finding is also consistent with the findings in previous
studies.*® Third, the results showed that when compared to participants who had no mental
health or substance use disorder, the odds of re-incarceration were highest for those with co-
occurring mental health and substance use disorder (COD). Participants with COD had 3.67
times the odds of re-incarceration and 2.25 times the re-arrest rate as those with no diagnosis.
The finding here is consistent with the literature as people with COD disorders have been shown
to have the highest recidivism rates in previous studies.®?

Surprisingly, we find a higher odd of recidivism for participants with active Medicaid. It
is logical to assume that participants enrolled in Medicaid would be less likely to be re-
incarcerated. Previous studies have found mixed results, with most finding no association
between Medicaid and recidivism. %8 From this study, it is unclear why active Medicaid would
increase the odds of reincarceration. Future studies are needed to explore this relationship
further. Finally, the results show that housing status was significantly associated with the odds of
reincarceration and the rate of re-arrests. Specifically, being homeless or lacking stable housing
at baseline was associated with a 100% increase in the odds of reincarceration and a 64%
increase in rearrests rate. This finding consistent with the results of other studies that showed that
a lack of stable housing is a significant risk factor for recidivism. For example, Jacobs and
Gottlieb (2020) found a significant increase in recidivism risk for people who were homeless or
lacked a stable living situation, respectively.*® Steiner et al. (2015) found a statistically

significant effect of homelessness on re-arrests.
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The findings of this study have several implications. With respect to prevention and
intervention efforts, the results suggest a model of care for people returning from incarceration
that may be used to prevent recidivism and rearrests. Other systems may find that early linkage
to care during release from incarceration or at entry into community supervision may prevent
recidivism and rearrests. Furthermore, it is essential to consider other potential risk factors, such
as housing, to design these interventions. From a policy perspective, as the criminal justice
system continues a move towards demarcation, policies that ensure successful re-entry are
needed. It may be necessary for criminal justice settings to collaborate with health systems to
ensure that individuals leaving prisons and jails are linked to the care that they need. In addition,
increased funding towards reentry interventions, such as the Whole Person Care, may be cost-
effective by reducing the number of people who return to incarceration and increasing access to

healthcare, thereby reducing the costs associated with poor health outcomes.
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CHAPTER 3: HOUSING INSTABILITY AND TIME TILL RE-INCARCERATION: A

SURVIVAL ANALYSIS

BACKGROUND

One barrier that has been cited as a determinant of recidivism is the lack of housing.
Previous studies have found that a previous episode of incarceration negatively affects the ability
to obtain stable housing.®® Previously incarcerated people may have difficulties finding housing
after release because private landlords hesitate to rent to people with a criminal record.®%” On
the other hand, public housing availability is limited and the waitlist can be very long.5” These
challenges mean that many previously incarcerated people cannot find housing after release. Up
to two-thirds of formerly incarcerated people have some form of housing instability, while 10%

to 20% are homeless.5%:62.67

Many people experiencing homelessness also have a history of incarceration. For
instance, Metraux and Culhane found that 23% of the sheltered homeless people in the New
York City shelter system had been incarcerated within the previous two-year period.®® In
examining the relationship between homelessness, housing insecurity, and incarceration, Herbert
and colleagues found that housing insecurity among former prisoners was associated with re-
incarceration.®® They also found that housing insecurity was linked to return to prison and
absconding. Furthermore, they identify mental illness and substance use as risk factors of
housing insecurity.%® Steiner et al. (2015) found that although homelessness had a substantial
effect on re-arrest, it was unrelated to felony re-arrest.*>® For people coming out of incarceration,

lack of housing may result in unsuccessful re-entry, resulting in recidivism.

It is important to note that being homeless may not be directly responsible for re-

incarceration or re-arrests. Being homeless complicates all other risk factors of recidivism and all
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other intervention targets to help previously incarcerated people with re-entry. Housing provides
the foundation for successful re-entry by providing a stable base from which individuals can find
employment and access need services like mental health and substance use treatment.®” In
addition, the effect of homelessness and housing insecurity may be stronger for low-risk people
and low severity offenders than for high-risk individuals.**® This may result in high recidivism
rates among individuals who otherwise would not have recidivated. This study examines the
effect of housing status on time until recidivism among individuals released from incarceration.
It was hypothesized that homeless participants at baseline would have fewer days until the first

recidivism compared to participants who were not homeless.

METHOD
Measures

Time till first re-incarceration
For this study, the dependent variable is defined as the number of days until the first
episode of recidivism, which includes re-arrests or re-incarceration for any reason within one

year.

Independent Variable

Housing Status

During the initial assessment, participants were assessed for housing instability.
Participants were asked, "What are your living arrangements?". Responses included "Co-
housed"; "Homeless Shelter”; "Not Homeless"; ""Street"; "Transitional™; "Vehicle"; "Other".
Responses were categorized into a dichotomous variable (yes/no) that reflects homeless status.
Homeless status was coded as "no™ for participants who selected not homeless, while all other
responses were classified as "Yes."
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Mental health and substance use disorder
For this study, mental illness and substance use disorders were combined into a single
variable that reflects a mental health diagnosis alone, substance use disorder alone, co-occurring

disorder and none. Those with no diagnosis were used as the reference group for all analyses.

Service use
Service use was defined as any treatment encounter for mental health or substance use
service during the first 90 days following the initial assessment. Participant's health encounter

data was obtained from the electronic health record at the Riverside University Health System.

Physical health comorbidities

Physical health comorbidities were assessed during the initial screening. Participants
were asked to select if they had been diagnosed with diabetes, tuberculosis, hepatitis ¢, HIV or
hypertension. For this analysis, physical health will be recategorized to a dichotomous variable

that captures the presence of one or more of these conditions.

Analysis
Preliminary analysis

Data analysis was conducted using Tableau prep and R version 4.0.2. Descriptive
statistics were performed on demographics and other variables to describe the sample. Chi-
square tests were used to examine whether there were significant differences in the sample by
housing status. The Kaplan—Meier method was used to conduct a survival analysis on the
number of days until first rearrest and housing status. A log-rank test was used to examine the
difference in survival by housing status.®* Cox proportional hazard regression model was used
to examine the impact of housing status on the risk of re-incarceration among this sample,

controlling for socio-demographic variables and other potential confounders such as age, race,
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gender, mental illness and substance use disorder. Finally, Aalen's additive regression model was
fitted to the same predictors and outcomes as the Cox model. This regression model was used to
supplement the Cox model as it results in informative plots regarding the effect of covariates on

survival probability. All models were conducted using the survival package in R.*>

RESULTS

Participants characteristics

Data from a total of 6,279 individuals recruited between 2017and 2019 were included in
this analysis. Table 3 shows the descriptive statistics of the sample, stratified by housing status.
The Chi-square test shows significant differences between homeless participants and those who
were not homeless in most demographic and clinical variables except gender and substance use
treatment service. Participants who were homeless were generally older. A higher percentage of
homeless participants had a mental health diagnosis or co-occurring diagnosis with substance
use, at least one physical health comorbidity rated their physical and emotional health poorly,
and utilized mental health treatment. Among participants without stable housing at baseline,
16.6% were African American/Black, 35.7% were white or Caucasian, 28.3% were Hispanic or
Latino and 19.4 % were classified as Others, Multiple Races or Unknown. For participants with
stable housing, 10.8% were African American/Black, 32.8% were white or Caucasian, 26.7%

were Hispanic or Latino and 29.7 % were classified as Others, Multiple Races or Unknown.

Time till re-incarceration
Figure 2 displays the Kaplan—Meier curve showing the number of days to first re-
incarceration amongst all participants, while Figure 3 displays Kaplan—Meier curve of the

number of days to first re-incarceration for by housing status. The plot shows a difference in the
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curve associated with both groups. The curve associated with people who were homeless drops

more quickly from the beginning of the follow-up period. It remains significantly lower than the

curve associated with individuals with housing. The log-rank test for difference in survival gives

a chi-square (1) = 142, p < 0.001, indicating that the housing groups differ significantly in

survival. Overall, this analysis shows that homeless participants spent fewer days in the

community before re-incarceration than individuals with housing.
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Table 5 displays the Cox regression model results that examine the impact of housing
status on the risk of re-incarceration over the follow-up period while controlling for demographic
factors and other potential confounders. The results found that the model test statistic was
significant (LRT = 437, df = 14, p <.001), which supports rejecting the global null hypothesis in
this analysis. A Schoenfeld test was conducted to examine the proportional hazard assumption.'®3
Figure 5 displays the plot of the Schoenfeld test for all variables. The global test suggested that
the proportional hazard assumption was met (Chi-square (14) = 14.89, p = .390). Additionally,
all variables met the proportional hazard assumption as shown by the p-values of tests based on
the scaled Schoenfeld and cumulative residuals for non-proportional hazard assessment in figure

5 and table 4. Because age is known to be significantly associated with recidivism, as shown in
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the previous study, and significantly different by housing status (see table 3), we were unable to

exclude it from the analysis.
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Figure 5: Schoenfeld test for all variables

Examining the adjusted hazard ratios for housing status shows that the hazard of re-
incarceration for people without stable housing was significantly higher than those with housing
(HR: 1.63, 95% CI: 1.46, 1.83). The results suggest a 63% increase in the hazard of re-
incarceration for those who were homeless. As expected, participants with mental health disorder
alone (HR: 1.52, 95% CI: 1.22, 1.89), substance use disorder alone (HR: 2.01, 95% CI: 1.63,
2.48) and co-occurring disorder (HR: 2.11, 95% CI: 1.63, 2.74) had a higher risk of re-
incarceration compared to those with no diagnosis. In addition, those with any mental health
encounter (HR: 0.59, 95% CI: 0.46, 0.75) and those with any substance use encounter (HR: 0.70,
95% CI: 0.85, 0.89) had a statistically significant reduction in the risk of recidivism over the one-

year follow-up. The results also showed that those with any emergency department visit had a
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statistically significant increase in recidivism risk (HR: 1.36, 95% CI: 1.22,1.52). Interestingly,
active Medicaid insurance was also associated with a statistically significant increase in

recidivism risk (HR: 1.19, 95% CI: 1.08,1.32).

Aalen’s additive model result provides the cumulative regression function plots or
Aalen’s plot. This plot shows the constant or time-dependent effect of covariates on survival;
that is, how the effect changes over time.''? Figure 6 displays the plot of the cumulative
regression coefficient for Aalen’s model. The results show a linear increase in the hazard of
recidivism for housing status and its 95% confidence interval does not include zero. This
indicates that housing status has a significant effect on recidivism hazard over the one year
follow up. The plot for any mental health encounter shows a negative relationship, with
statistical significance, with recidivism. It decreases gradually below zero over the follow-up
period. The effect of substance use encounter remains at or around zero until about day 150. At
this point, it starts to decrease, and the upper limit of its confidence interval falls below zero after
day 200, suggesting that the substance use treatment encounter may have a late effect on
recidivism. Active Medicaid did not affect the risk of recidivism, remaining insignificant past
day 150. It then began a gradual increase that suggested a late effect on the risk of recidivism.
Participants who had an emergency department use had a statistically significant increase in
recidivism risk over the follow-up. Figure 6 displays the effect of the other variables in the

model.
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Figure 6: Aalen’s plot for the additive regression

DISCUSSION

This study examined whether housing status at release will predict time till recidivism. It
was hypothesized that participants who were homeless or did not have stable housing at the
initial screening time would have fewer days till recidivism. The results of all three survival
models examined consistently support this hypothesis by showing an increased risk of recidivism
for people without stable housing at release. The Cox proportional hazard model suggests a 63%
increase in the risk of recidivism over the 12-month follow-up, while Aalen’s plot shows that the
effect is consistent throughout the follow-up period. This finding is consistent with previous
studies on housing and recidivism.%6:68:149150 A |ongitudinal study using a similar administrative
dataset in San Francisco, Jacobs and Gottlieb (2020) found that housing insecurity is associated
with an increased risk of recidivism among people on probation beyond other recidivism risk

factors.149
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There are several reasons why people who are homeless may be more at risk for
recidivism. First, housing provides the platform for reentry among previously incarcerated
people. Without stable housing, individuals returning from incarceration cannot find
employment, participate in social activities, or adhere to mental health or substance use disorders
treatment.®”1> Previously incarcerated people who are homeless often have complex behavioral
health needs requiring access to coordinated care.'> However, being homeless means that they
are unable to access or adhere to care. By this logic, homelessness itself is not directly
responsible for recidivism, but homelessness complicates the other risk factor leading to a higher
risk of recidivism. On the other hand, previous studies suggest that homeless people may be
arrested due to their visibility on the street. Because of this, people who are homeless are more
likely to be arrested for nonviolent, minor, and victimless offenses (e.g., public intoxication,

theft/shoplifting, violation of city ordinances) than the general population.t*

A few studies have examined the effectiveness of providing housing for people returning
from incarceration. In a randomized control trial using a Housing First model, Sommers and
Rezansoff (2013) found that participants with mental health disorders that were assigned to the
housing first intervention had significantly lower sentences than the treatment as usual group.t®’
They conclude that housing first programs for individuals with mental health disorders returning
from incarceration reduce reoffending and reconviction. A study examining the impact of the
Mecklenburg County Frequent User Systems Engagement (FUSE) Initiative, which provided
supportive housing to previously incarcerated people who were homeless, found that the FUSE
group had fewer arrests and remained in the community for a longer time than those who did not
participate in the FUSE initiative over a four year period.'®® These studies demonstrate the

effectiveness and feasibility of using providing housing for people returning to incarceration.

51



The findings in this study have several implications for policy and practice. First, the
results add to the literature showing that homelessness is a significant risk factor. In planning re-
entry programs, it is essential to attend to the housing needs of previously incarcerated people. It
may be necessary for the corrections department and re-entry staff to assist the client in finding
housing arrangements before release from incarceration. In addition, policies that make it easier
for people returning from incarceration to find housing may be needed. Previous studies have
shown that people returning from incarceration may not be able to afford housing.®! In addition,
people with a criminal record may find it challenging to find housing due to the stigma
associated with their prior history of incarceration. Future studies should examine the challenges
and barriers to implementing housing first models in other settings. In addition, cost-
effectiveness analysis may demonstrate the value of such interventions to the individual and

society.
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CHAPTER 4: THE MEDIATING EFFECT OF MENTAL HEALTH AND SUBSTANCE USE

SERVICES ON THE RELATIONSHIP BETWEEN MEDICAID AND RECIDIVISM.

BACKGROUND

Incarceration is a stressful period for incarcerated people, and this stress is likely higher
immediately after release.® People who are incarcerated experience poorer health than the
general population. Incarcerated individuals have a higher risk for several health conditions, such
as tuberculosis, hepatitis, HIV, sexually transmitted infections, cardiovascular disease, weight
gain, hypertension, and cancer compared with the general population.® While incarcerated,
healthcare is guaranteed and everyone has access to some level of health care, according to the
US Supreme Court case Estelle v. Gamble, which ruled that denial of health care constituted
cruel and unusual punishment and in violation of the Eighth Amendment.*>* However, upon
release, many previously incarcerated people lack health insurance and housing and must deal
with other factors that may significantly negatively impact their health status. Previous studies
have described higher rates of mortality among previously incarcerated people.® For example,
Binswanger et al. found that mortality rates post-incarceration were 3.5 times higher overall, and
the death rate was 13 times higher among previously incarcerated individuals than the general
population within the first two weeks postrelease.®'® These poor health outcomes may interfere

with the process of re-entry into the community, which may lead to re-incarceration.

A significant barrier to care for individuals returning to the community from
incarceration is a lack of access to health insurance and health benefits.3>4>** Most previously
incarcerated individuals rely on Medicaid insurance for health coverage.'%:1%2 Medicaid is an
insurance program jointly funded by the federal government and individual states.*® A study by

the Urban Institute that tracked the Medicaid services used by those who entered and left jail
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with Medicaid coverage intact found that 90% of these individuals received some outpatient
services.'%! Most people returning from incarceration are eligible for Medicaid insurance because
Medicaid provides healthcare coverage for some low-income people, families and children,
pregnant women, the elderly, and people with disabilities; however, eligibility criteria differ by
state.*® The study also found that although half the population needed substance use treatment,

only 18 percent used Medicaid-funded substance abuse treatment services after release. 6!

Some studies have examined the association of expedited Medicaid coverage before or
immediately after prison release and the use of community mental health services and substance
use treatment, as well as the effect on recidivism.3>0-> A previous study found that a discharge
planning program for inmates with serious mental illness increased both Medicaid enrollment
and mental health service use in three Oklahoma prisons®. Another study in Washington State
also showed that expediting Medicaid for individuals with severe mental illness was associated
with increased Medicaid enrollment by 15% and increased outpatient mental health service use

by 13% in the 90 days following release from incarceration.>!

While studies showed that Medicaid coverage increases service use, its impact on
recidivism and reincarceration is unclear and complex. Some studies have found no association
between expedited Medicaid enrollment and criminal justice indicators. Morrissey et al. (2016)
found that expedited Medicaid enrollment was not associated with a reduction in arrests, but that
participants who received expedited Medicaid enrollment had higher incarceration levels in jail
or state prisons compared to those in the usual process group.>* Similarly, Canady (2016) found
significant increases in enrollment and service use following expedited medical enroliment;

however, it did not reduce recidivism rates.*®
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In contrast, some studies have found a statistically significant reduction in crime and
recidivism rates following Medicaid enrollment. Using a difference in difference design, Vogler
(2020) found a statistically significant reduction in annual reported violent crime rates when
comparing states that expanded Medicaid to non-expansion states.'®® Cuddleback and Cuelar
(2019) found that having Medicaid resulted in a 30% reduction in the odds of returning to prison
within 36 months among individuals who have committed sex offenses and that have severe
mental illnesses.*® Aslim et al. (2020) show that offering previously incarcerated people access
to treatment reduces recidivism. The authors found that in states with Medicaid expansion
following the Affordable Care Act, the increased access to health insurance reduces recidivism
for violent crimes.®* This reduction was attributed to an increase in SUD treatment among

newly insured previously incarcerated people.1®*

The current study contributes to the literature by examining the effect of early enrollment
in Medicaid and recidivism. However, unlike in previous studies, this study examines the role of
mental health services and substance use disorder treatment as mediators of the relationship
between Medicaid enrollment and recidivism. The current study hypothesized that mental health
and substance use services would mediate the association between Medicaid and recidivism
among participants with mental health or substance use disorders. Here we propose an indirect

effect of Medicaid enrollment on recidivism.

METHODS
In this study, data from WPC participants who had a mental health or substance use

disorder were analyzed. The analytical sample comprised 1,525 participants.
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Measures

Recidivism

For this study, recidivism will include any re-arrests or re-incarceration for any reason within
one year. Data were collected about whether or not the individual had any re-arrests within one

year after release from incarceration.

Service use
Service use was defined as care access to appropriate services (mental health or substance
use) during the 90 days following release. Participants' health encounter data was obtained from

the electronic health record at the Riverside University Health System.

Mental health and substance use disorder
For this study, mental illness and substance use disorders were combined into a single
variable that reflects a mental health diagnosis alone, substance use disorder alone, co-occurring

disorder and none. Those with no diagnosis were used as the reference group for all analyses.

Physical Health

Participants were asked to select if they had been diagnosed with diabetes, tuberculosis,
hepatitis C, HIV, hypertension, or other chronic health conditions. For this analysis, physical
health will be recategorized to a dichotomous variable that captures the presence of one or more

of these conditions.

Analysis
Preliminary analysis
Data analysis was conducted using Mplus version 8.3.1%° Descriptive statistics were

performed on demographics and other variables to describe the sample. Participants' age was
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converted to a categorical variable, with categories created for participants between 18-26, 27-
40, 40-55, 55 and over. Participants' Medi-Cal status was recorded as active or inactive.
Mediation analysis was conducted using Mplus version 8 with maximum likelihood estimation
with 10,000 bootstrapped confidence intervals. A probit regression model with mean- and
variance-adjusted weighted least squares (WLSMYV) estimator was used to estimate the direct
effect of Medicaid on recidivism and the indirect effect through mental health and substance use
services, as shown in figure 7. All models included mental health or substance use diagnosis,

housing status, physical health comorbidity, sex, race, and age included as covariates.

Substance use
treatment encounter

Medicaid > Recidivism

a;
Mental health service b2

encounter

Figure 7: Conceptual Model for the mediation analysis

RESULTS

Participant Characteristics

The results of the descriptive analysis showed that the majority of participants were male
(74.8%). After categorizing the participants' age into groups, 18.8% were between 18-26 years,
31.3% were 27-34 years, 27.2% were 35-44 years, 15.3% were 45-54 years and 7.5% were 55
years and over. The sample was also comprised of 40.7% White or Caucasian, 13.1% Black or

African American, 31.4% Hispanic or Latino(a) and 14.8% Others, Multiple Races and
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Unknown. Only 38.5% had active Medi-Cal within 90 days of the initial screening. Regarding
mental health or substance use disorder, 64.3% of the sample had mental health disorders, while
58.8 had substance use disorder. For mental health encounters, 36.1% of the participants had at
least one encounter within 90 days. For substance use encounters, 29% had an encounter within
90 days. The majority of the participants were not homeless at baseline (74.8%). Finally, 17.4%
reported having one or more of the physical health comorbidities that were listed during the

initial screening.

This model evaluated whether substance use treatment encounters and mental health
service encounters would mediate the relationship between having Medicaid insurance and
recidivism among participants with mental health or substance use disorders. Multiple fit indices
were examined to evaluate model fit, with Comparative Fit Index (CFI) of 1.00, Tucker-Lewis
Index(TLI) of 1.00, Root Mean Square Error Of Approximation (RMSEA) of .000 (p <.001), and
Standardized Root Mean Square Residual (SRMR) of 0.00. Overall, the model fit statistics

suggest that the proposed model was a satisfactory fit for the data.

From the values given in Table 7, we see that substance use treatment encounters and
mental health service encounters significantly mediated the relationship between Medicaid
insurance and recidivism because the bootstrap CI was below zero while controlling for
demographic variables. The indirect effect of Medicaid on recidivism through substance use
treatment encounters was statistically significant, as indicated by the confidence limits (aib; = -
0.04, 95% CI: -0.11, -0.01). Similarly, the indirect effect of Medicaid on recidivism through
mental health service encounter was statistically significant (a2b2 = -0.10, 95% CI: -0.18, -0.04).
Finally, the total indirect effect of Medicaid insurance and recidivism through substance use

treatment encounters and mental health service encounters was statistically significant (Total
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indirect effect = -0.14, 95% ClI: -0.21, -0.08). The direct effect (c') of Medicaid in recidivism was
not statistically significant (¢’ = -0.02, 95% CI: -0.17, 0.13). These findings suggest that in our
sample, Medicaid enrollment was not directly associated with recidivism but reduced recidivism
by increasing service use. All models controlled for age, sex, race/ethnicity, mental health or

substance use diagnosis, physical health comorbidity and housing status.

DISCUSSION

The present study investigated a hypothesized pathway through which enrollment in
Medicaid insurance is associated with recidivism among previously incarcerated people with
mental health or substance use disorders. Specifically, the analysis examines the role of mental
health and substance use encounters as mediators of the relationship between Medicaid and
recidivism. The results indicated that enrollment in Medicaid within 90 days of release was
associated with an increased likelihood of mental health and substance use service encounters,
which then reduced recidivism rates. Before discussing the findings in this study, several

limitations are discussed.

Several limitations should be considered in this study. This study analyzed a large
administrative dataset from a county health system. Due to privacy and confidentiality issues,
several variables were computed by RUHS staff before providing the data to the research team.
This meant that the researchers had no control over the reliability and validity of the data. For
example, a variable was computed to determine if the participants had any re-incarceration
within one year. The researchers were unable to determine the reasons for re-arrests, such as if
the re-arrest was due to a new crime or violation of probation terms. Previous studies have
shown that when recidivism is only measured from new crimes, the rate will be lower than if all

re-arrests or reconvictions are used to measure recidivism.?* Similarly, the researchers relied on
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clinical diagnoses obtained from the participants' electronic health records to determine a mental
illness or substance use disorder. There is likely some heterogeneity in the assessment method

depending on the clinician or health center that may affect the reliability of this measure.

Among participants in this study, which included those with mental health or substance
use disorders, 58% were re-incarcerated within one year. Despite the difference in the methods
and definition of recidivism used in other studies that may make direct comparisons difficult, this
finding is similar to other findings in other studies. Over a 36 month follow-up, Zgoba et al.
(2020) found that 52.3%, 38.2% and 29.8% of participants were rearrested, reconvicted, and
reincarcerated, respectively.'*® Jaffe et al. (2012) found an overall recidivism rate greater than
50%, with a significant difference between those with severe co-occurring mental health and
substance use disorder over 12 months.'®® Over four years, Wilson et al. (2011) found that 54%
of people with severe mental illness had recidivated. In addition, they found that 66% of those
witsubstance use disorders and 68% of those with co-occurring disorders also experienced

recidivism.32

The main finding showed that enrollment in Medicaid significantly reduced recidivism
through its effect on mental health and substance use service encounters. To our knowledge, no
study has examined this pathway among previously incarcerated people with mental health and
substance use disorders; however, this finding is consistent with current assumptions about a
possible pathway through which Medicaid may reduce recidivism.>3%7°8.164 A similar finding
using state-level data showed that Medicaid expansion reduces recidivism and increases access
to substance use disorder treatment.!®* The authors here showed that individuals covered by
Medicaid and referred to SUD treatment by the criminal justice system had much lower

recidivism rates, thus attributing the effect of Medicaid enrollment on recidivism to increased
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treatment access. A few studies that found no relationship between Medicaid enrollment and
recidivism have used a different design from this study.>*>"*8 Although these studies find that
Medicaid enrollment increases service use, their finding of no relationship with recidivism may
be because they did not examine the relationship as a pathway from Medicaid enrollment to

recidivism through service use.

Our findings have clear implications for policy and practice. First, given the
inconsistencies in previous studies, our finding suggests that enrollment in Medicaid by itself is
not associated with recidivism, but that the access to services that come with Medicaid
enrollment reduces recidivism. In planning expedited Medicaid programs, the program planner
should include expedited Medicaid enrollment and ensure that individuals are referred to needed
services, such as mental health and substance use treatment. Secondly, the findings suggest that
policies to increase Medicaid insurance to previously incarcerated people may have implications
beyond improving health and wellbeing. Such policies may contribute to a reduction of the US
prison population by preventing recidivism. This study joins a growing body of studies that
suggest that Medicaid is associated with criminal justice outcomes, such as recidivism. Future
studies are needed to assess the consistency of this finding. In examining this relationship
between Medicaid and recidivism, it may be more appropriate for future studies to

conceptualizing this relationship as a pathway.

61



CHAPTER 5: CONCLUSION

SUMMARY OF STUDIES

The current study examines factors associated with recidivism among recently released
incarcerated individuals participating in the Riverside University Health System Whole Person
Care Pilot. Study one showed that early linkage to mental health and substance use services
might reduce recidivism. A logistic regression model showed a statistically significant reduction
in recidivism rates for participants who had an encounter for mental health service or treatment
for substance use disorder. Furthermore, a negative binomial logistic regression model indicated
a statistically significant reduction in the number of re-arrests for participants who had an
encounter for mental health service. However, the reduction in re-arrests frequency due to

substance use disorder treatment was not significant.

This study also examined the effect of housing status on recidivism. First, in study one,
the effect of housing on recidivism was assessed using binary and negative-binomial logistic
regression models. The binary logistic regression results showed a statistically significant
increase in the odds of recidivism for homeless participants. The negative binomial model results
supported this finding by showing a statistically significant increase in re-arrest rates for
homeless people compared to those who were not homeless. In study two, Cox proportional
hazard model showed that participants who were homeless at baseline returned to incarceration
faster than those who were not homeless. In addition, Aalen’s additive model showed that the

effect of homelessness at baseline was consistent throughout the study period.

Finally, this study explored the path through which providing linkage to Medicaid
insurance may reduce recidivism. Study three examined a parallel mediation model of mental

health service encounters and substance use treatment encounters as mediators of the relationship
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between Medicaid and recidivism. The study found a statistically significant indirect effect of
Medicaid on recidivism through both mediators. However, there was no direct effect of Medicaid
enrollment on recidivism. This finding clarifies some of the inconsistencies in the literature by

showing the pathway through which Medicaid enrollment reduces recidivism.

Some of the findings in this study confirm previous studies' results; for example, the
finding that people with co-occurring mental health and substance use disorder have the highest
risk of recidivism has been widely documented.'® Similarly, male participants were more likely
to return to incarceration than female participants. Some unexpected findings were also
observed; for example, the logistic regression model indicated an increase in recidivism rates for

participants with active Medicaid insurance compared to those without Medicaid insurance.

LIMITATIONS

There are several limitations to consider in this study. First, this study was conducted in
Riverside County and participants were not randomly sampled. Participants were able to choose
to participate or not. This means that the findings of this study may not be generalizable beyond
the participants in this study. Second, all physical health and behavioral health service records
were obtained from Riverside University Health systems. This study cannot determine if
participants received any medical and behavioral services received from other health systems.
However, RUHS and the Department of Behavioral Health is a public healthcare system that
comprises an integrated network of providers serving the county's most diverse population.®
Third, this study relied on administrative data that was linked and compiled by RUHS before
being provided to researchers for confidentiality reasons. This made it difficult for the
researchers to judge or validate the reliability of the measures and the data linkage process.*®’

Furthermore, the data was lacking the details of crucial variables like incarceration. For example,
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a variable was computed to show participants who had been re-incarcerated in the year following
release. The researchers were unable to determine why participants were re-incarcerated. The
study was also unable to control for other know confounders, such as education, social support,
and employment following release. Despite the challenges, the availability of these kinds of data
has the potential to contribute to research with significant impact for society.'®® Fourth, because
of a high number of missing data on subsequent housing status, this study relied on the baseline
housing status. Participants may likely have had transitions in housing status throughout the
follow-up period. Previous studies suggest that housing instability, measured by the number of

moves, may have a small positive effect on recidivism.4°

FUTURE DIRECTIONS

Future studies should employ a person-centered analysis, like Latent Class Analysis
(LCA), to identify subgroups of WPC participants. LCA may provide vital information on the
characteristics of participants who were and were not successful in the WPC program. This
information may be relevant to the design of future interventions to prevent recidivism. In
addition, the role of housing should be explored further. For example, the potential pathway
through which housing status affects recidivism may help guide the development of
interventions. Future studies should examine housing as a dynamic factor rather than a static one.
It is likely that the participants' housing status changed over the 12 months follow up and that
this change may be associated with recidivism. Unfortunately, this study was unable to examine
this due to a lack of data. Also, the interaction of housing and other factors such as mental health
and substance use treatment may shed more light on how lack of housing increases the risk of
recidivism. Finally, this study only found a small indirect effect of Medicaid on recidivism.

Future studies should explore other pathways linking Medicaid insurance and recidivism. For
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example, active Medicaid insurance may allow individuals to access physical health services
besides the emergency room. This may play a role in criminal justice outcomes such as

recidivism and re-arrest.
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TABLES
Table 1: Study 1 Sample Description

Overall (N=6347)

Gender

- Female 1215 (19.1%)
- Male 5132 (80.9%)
Age

- 18-26 1430 (22.5%)
-27-34 2009 (31.7%)
- 35-44 1612 (25.4%)
- 45-54 838 (13.2%)
- 55+ 458 (7.2%)

Mental Health and Substance Use Diagnosis
- None

4811 (75.8%)

- Co-Disorder 353 (5.6%)
- MH Alone 635 (10.0%)
- SUD Alone 548 (8.6%)
Chronic Condition

- No 5464 (86.1%)
- Yes 883 (13.9%)
Housing status (homeless)

- No 5014 (79.9%)
- Yes 1265 (20.1%)
Race

- White or Caucasian

- Black or African American

- Others/Unknown/Multiple Races
- Hispanic or Latino

Any Mental Health Encounter

2121 (33.4%)
759 (12.0%)
1752 (27.6%)
1715 (27.0%)

- No 5790 (91.2%)
- Yes 557 (8.8%)
Any Substance Use Encounter

- No 5899 (92.9%)
- Yes 448 (7.1%)
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Medi-Cal

- Active

- Not Active

Any Emergency Department Visit
- No

- Yes

2100 (52.6%)
1893 (47.4%)

4519 (71.2%)
1828 (28.8%)
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Table 2: Predictors of Recidivism using Logistic Regression and Negative Binomial Regression

Negative Binomial

Logistic Regression Regression
95% ClI Rate 95% ClI
Parameter OR 1L Ratio LL uL P
Constant 0.44 0.34 0.56 0.001 052 0.44 0.63 <.001***
Male 170 142 204 <001***| 160 140 1.83 <.001***
Age (ref: 18-26)
27-34 1.04 0.87 1.25 0.667 1.09 096 1.23 0.188
35-44 081 0.67 099 0.036* 0.87 0.76 0.99 0.041*
45-54 056 0.44 072 <001***| 0.70 059 0.83 <.001***
55+ 042 0.31 058 <.001***| 0.49 0.39 0.62 <.001***
Any Physical Health Condition 091 074 111 0.36 094 082 1.09 0435
Housing Instability 201 170 239 <.001***| 1.64 147 1.84 <.001***
Race (ref: White or Caucasian)
Black or African American | 0.89 0.71 1.12 0.327 096 082 113 0.613
g;r;zgs/ Unknown/Multiple | 50 042 060 <001%| 054 047 062 <.001***
Hispanic or Latino 1.03 0.87 1.23 0.732 096 0.85 1.08 0.484
Mental Health or Substance Use
(ref: none)
Co-Disorder 3.67 229 586 <.001***| 225 172 296 <.001***
MH Alone 188 132 266 <.001***| 1.63 131 2.03 <.001***
SUD Alone 3.16 220 455 <.001***| 183 146 2.28 <.001***
Any Mental Health Encounter 046 031 0.67 <.001***] 051 040 0.66 <.001***
Any Substance use Encounter 050 0.33 0.75 <.001***| 0.78 0.61 1.00 0.054
Any Emergency Department 162 138 <001 <O00L***| 121 108 1.35 <001***
Encounter
Medi-Cal 129 112 148 <001***] 107 0.97 1.19 0.171

* p < .05, **p< .01, *** p < .001
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Table 3. Study 2 Sample Description

Homeless
YES Total
NO (N=5014) (N=1265) (N=6279) p value

Gender 0.032

- Female 933 (18.6%) 269 (21.3%) 1202 (19.1%)

- Male 4081 (81.4%) 996 (78.7%) 5077 (80.9%)
Age <0.001

- 18-26 1188 (23.7%) 231 (18.3%) 1419 (22.6%)

-27-34 1608 (32.1%) 381 (30.1%) 1989 (31.7%)

- 35-44 1249 (24.9%) 341 (27.0%) 1590 (25.3%)

- 45-54 625 (12.5%) 203 (16.0%) 828 (13.2%)

- 55+ 344 (6.9%) 109 (8.6%) 453 (7.2%)
Mental health and Substance use <0.001
diagnosis

- None 3874 (77.3%) 880 (69.6%) 4754 (75.7%)

- Co-Disorder 245 (4.9%) 107 (8.5%) 352 (5.6%)

- MH Alone 458 (9.1%) 171 (13.5%) 629 (10.0%)

- SUD Alone 437 (8.7%) 107 (8.5%) 544 (8.7%)
Chronic Condition 0.008

-NO 4343 (86.6%) 1059 (83.7%) 5402 (86.0%)

- YES 671 (13.4%) 206 (16.3%) 877 (14.0%)
Self-Reported Physical Health <0.001

- Good 3996 (80.8%) 955 (75.9%) 4951 (79.8%)

- Poor 949 (19.2%) 303 (24.1%) 1252 (20.2%)
Self-Reported emotional health <0.001

- Good 3989 (80.8%) 853 (68.0%) 4842 (78.2%)

- Poor 950 (19.2%) 402 (32.0%) 1352 (21.8%)
Race <0.001

- White or Caucasian 1645 (32.8%) 452 (35.7%) 2097 (33.4%)

- Black or African 541 (10.8%) 210 (16.6%) 751 (12.0%)

American

- Others/Unknown/Multiple | 1490 (29.7%) 245 (19.4%) 1735 (27.6%)

Races

- Hispanic or Latino 1338 (26.7%) 358 (28.3%) 1696 (27.0%)
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Any Mental Health Encounter
- No
- Yes
Any Substance use Encounter
- No
- Yes
Any ED Visit
- No
- Yes
Medi-Cal
- Active
- Not Active

4627 (92.3%)
387 (7.7%)

4673 (93.2%)
341 (6.8%)

3693 (73.7%)
1321 (26.3%)

1607 (50.3%)
1589 (49.7%)

1100 (87.0%)
165 (13.0%)

1161 (91.8%)
104 (8.2%)

774 (61.2%)
491 (38.8%)

264 (34.8%)
495 (65.2%)

5727 (91.2%)
552 (8.8%)

5834 (92.9%)
445 (7.1%)

4467 (71.1%)
1812 (28.9%)

1871 (47.3%)
2084 (52.7%)

<0.001

<0.079

<0.001

<0.001
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Table 4. Test for Proportional Hazard Assumption

chisq df P value
Male 0.73 1 0.39
Age 1.87 1 0.17
Any Physical Health Condition 0.11 1 0.74
Housing Instability 0.12 1 0.73
Race/Ethnicity 5.16 3 0.16
Mental Health and Substance use 3.55 3 0.31
Any Mental Health Encounter 2.26 1 0.13
Any Substance use Encounter 0.54 1 0.46
Any ED Encounter 1.94 1 0.16
Medi-Cal 1.58 1 0.21
GLOBAL 14.89 14 0.39

Table 5: Cox Proportional Hazard Model of Time Till First Reincarceration

Parameter Hazard ratio 95% CI P-value
Lower  Upper
Male 1.46 1.28 1.67 0.001
Age 0.98 0.98 0.99 0.001
Any Physical Health Condition | 0.96 0.83 1.11 0.58
Housing Instability 1.63 1.46 1.83 0.001
Race/Ethnicity
Black or African 0.9 0.76 1.06 0.192
American
Hispanic 1.01 0.9 1.14 0.813
Others/Unknown/Multip | 0.59 0.51 0.68 0.001
le Races
Mental Health and Substance
use
Co-Disorder 211 1.63 2.74 0.001
MH Alone 1.52 1.22 1.89 0.001
SUD Alone 2.01 1.63 2.48 0.001
Any Mental Health Encounter 0.59 0.46 0.75 0.001
Any Substance use Encounter 0.7 0.55 0.89 0.004
Any ED Encounter 1.36 1.22 1.52 0.001
Medi-Cal 1.19 1.08 1.32 0.001

* p<.05 **p<.01,**p<.001
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Table 6: Study 3 Sample Description

Overall (N=1,525)

Variable N (%)

Race/Ethnicity

Black or African American 200 (13.1%)

Hispanic 479 (31.4%)

White 620 (40.7%)

Others/Unknown/Multiple Races 226 (14.8%)
Medicaid

Not Active 938 (61.5%)

Active 587 (38.5%)
Age Category

18-26 286 (18.8%)

27-34 477 (31.3%)

35-44 415 (27.2%)

45-54 233 (15.3%)

55+ 114 (7.5%)
Substance Use Disorder

No 629 (41.2%)

Yes 896 (58.8%)
Mental IlIness

No 544 (35.7%)

Yes 981 (64.3%)
Any Substance Use Encounter

No 1083 (71.0%)

Yes 442 (29.0%)
Any Mental Health encounter

No 975 (63.9%)

Yes 550 (36.1%)
Homeless

No 1140 (74.8%)

Yes 385 (25.2%)
Physical Health comorbidity

No 1260 (82.6%)

Yes 265 (17.4%)
Sex

Female 384 (25.2%)

Male 1141 (74.8%)
Incarcerated with one year

No 640 (42.0%)

Yes 885 (58.0%)
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Table 7: Path coefficients, indirect effects, and 95% corrected confidence interval (10,000
bootstrapped samples) predicting recidivism (N=1,525)2

Path Effect 95% CI
Lower Upper

Direct effect (¢') -0.02 -0.17 0.13

Medicaid -> SUD Treatment Encounter (a1) 0.24 0.08 0.42

Medicaid -> MH Service Encounter (a2) 0.40 0.23 0.56

SUD Treatment Encounter -> Recidivism (b1) -0.18 -0.32 -0.02

MH Service Encounter -> Recidivism (b2) -0.24 -0.38 -0.10

Medicaid to Recidivism, through SUD Treatment

(a1by) -0.04 -0.11 -0.01

Medicaid to Recidivism, through MH Service

Encounter (az2b2) -0.10 -0.18 0.04

Indirect effects

Total indirect effect -0.14 -0.21 -0.08

CFI =1.00, RMSEA =.00, TLI =1.00, SRMR = 0.00

aAll models controlled for housing status, physical health comorbidities, sex, race, and age
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Figure 8: Rootogram showing model fit for the negative binomial regression model
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Figure 9: Rootogram showing model fit for the Poisson regression model
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