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A B S T R A C T
IMPLICATIONS AND
Purpose: A growing body of research has identified correlates (i.e., predictors) of youth home-
lessness. However, such risk and protective factors have not been identified for youth receiving
substance use treatment. Using characteristics collected at treatment intake, the present study
sought to identify predictors of youths' first episode of homelessness during the 12 months after
substance use treatment entry.
Methods: Data come from a longitudinal study of adolescents (n ¼ 17,911; aged 12e17 years)
receiving substance use treatment throughout the U.S. Participants completed surveys at intake
and at 3, 6, and 12 months later. Logistic regression and Lasso machine learning regression were
used to predict participants' first episode of homelessness in the 12 months after treatment intake.
Results: After excluding adolescents reporting previous experiences of homelessness, 5.0% of
adolescents reported their first episode of homelessness over the 12 months after treatment
intake. The results from logistic and lasso models were generally consistent. Final models revealed
that adolescents who were older, male, reported more victimization experiences, mental health
problems, family problems, deviant peer relationships, and substance use problems (more treat-
ment episodes and illicit drug dependence) were more likely to report experiencing homelessness.
Hispanic/Latino adolescents were less likely to experience homelessness, compared with white
adolescents.
Conclusions: The results point to the important risk and protective factors that can be assessed at
treatment entry to identify adolescents at greater risk of experiencing their first episode of
homelessness.
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Adolescents with specific
demographic characteris-
tics and adverse life
experiences may be at
high risk of experiencing
homelessness while
receiving substance use
treatment. The results of
this study may help treat-
ment providers identify
adolescents who may
benefit from homeless-
ness prevention efforts
while in treatment.
Nationwide, nearly 4,000 unaccompanied adolescents aged
<18 years experienced homelessness on a single night in 2018
[1]. However, point-in-time counts are known to underestimate
the magnitude and number of homeless youth in the U.S. [2,3]. A
recent nationally representative survey suggests that the
past-year household prevalence of homelessness among ado-
lescents aged 13e17 years may be as high as 4.3% [3]. These
recent estimates highlight the need to understand the correlates
of youth homelessness among general and at-risk populations to
inform appropriate targeting of prevention and intervention
services.
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Although research on youth homelessness is growing, the
prevalence and correlates of homelessness among adolescents
receiving substance use treatment have not been well estab-
lished. In 2018, it was estimated that 159,000 adolescents
(0.6%) received some form of substance use treatment in the
previous year [4]. Adolescents in treatment for substance use
disorders generally experience many of the same psychosocial
problems faced by homeless youth, including childhood
maltreatment and dysfunctional family environments [5,6],
school problems and delinquency [7], and poor mental health
[8]. Given the high prevalence of substance use among ado-
lescents and young adults experiencing homelessness [9e12],
problematic substance use (e.g., using any substance that is
causing intrapersonal or interpersonal distress) itself may be a
risk factor for homelessness, either independently or in
combination with other psychosocial problems. Identifying
salient risk factors for homelessness among youth leaving
substance use disorder treatment may inform interventions to
prevent homelessness and further escalation of substance use
problems.

Predictors of youth homelessness among the population-
based samples in the U.S. have been identified in several
studies [3,13,14]. Most recently, using a nationally represen-
tative sample of adolescents and young adults, Morton et al.
[3] found that demographic factors, such as being a young
parent, African American, Hispanic, lesbian, gay, bisexual, or
transgender, and not completing high school, were indepen-
dently associated with higher risk of homelessness in the
previous 12 months. Other studies using data from the Na-
tional Longitudinal Study of Adolescent Health (Add Health)
and the National Longitudinal Study on Youth-97 (NLSY97)
have identified risk and protective factors associated with
prospective runaway and homelessness experiences. In one
study using Add Health data, lower family relationship quality,
school adjustment problems, and victimization experiences
during adolescence were prospectively associated with
homelessness in young adulthood [13]. A second Add Health
study identified childhood risk factors (poor family func-
tioning, socioeconomic disadvantage, and separation from
parents or caregivers) and current risk factors (socioeconomic
difficulties, mental health, and drug addiction problems)
associated with lifetime experiences of homelessness reported
by young adults [14]. Using NLSY97 data, multiple runaway
episodes, poor school performance, nontraditional family
structure, and parental work limitations because of health
problems were significant risk factors for homelessness in
young adulthood [15]. In contrast, permissive parenting and
Hispanic ethnicity were found to protect against later home-
lessness [15]. Relevant to the present study, risk factors
associated with adolescents' first runaway experiences over a
2-year period have included lower socioeconomic status, fe-
male gender, neighborhood and personal victimization,
delinquency, and school suspensions [16]. African American
race, Hispanic ethnicity, and parental monitoring predicted
fewer runaway episodes at follow-up.

The risk and protective factors identified in these studies are
consistent with theoretical and empirical research conducted
with smaller samples of homeless youth [17e19]. The Risk
Amplification Model (RAM) highlights the importance of family
conflict as a precipitant of homelessness experiences (being
kicked out of home, running away, or institutionalization) [19].
According to the RAM, runaway or homelessness experiences can
amplify these early negative life events, placing adolescents at
greater risk for a variety of negative outcomes and risk behaviors
learned via association with deviant peers [20,21].

Grounded in an ecological developmental framework [17], the
present study sought to identify predictors of the first episode of
homelessness (broadly defined) in the 12months after substance
use treatment entry. Although prior work has identified rela-
tively consistent risk and protective factors of homelessness
among nationally representative samples, the present study is
the first to examine these factors among adolescents in sub-
stance use disorder treatment. In selecting important factors, we
grouped predictor variables assessed at treatment entry into
different socioecological domains. Specifically, we sought to
understand the utility of predictors variables from the individual,
familial, peer, and treatment domains in predicting adolescents'
first episode of homelessness. Our analytic approach used
traditional statistical methods (binary logistic regression) as well
as machine learning (ML) Lasso regression. ML approaches have
been shown to be ideal for predicting outcomes using large data
sets [22] and have only recently been applied to investigate
mental health outcomes [23].

Methods

Data source and participants

The current sample consists of adolescents (n ¼ 20,069, aged
12e17 years) entering treatment from 2002 to 2012 at 192 Sub-
stance Abuse and Mental Health Services Association funded
substance use treatment clinics throughout the U.S. Treatment
sites used the Global Appraisal of Individual Needs (GAIN), a
comprehensive biopsychosocial assessment administered via
computer by trained program staff at treatment intake and at
3, 6, 9, and 12 months postintake. Informed consent to provide
deidentified data was obtained from individuals receiving
treatment under the supervision of each site's institutional
review board, and pooled data were obtained from the GAIN
coordinating center, Chestnut Health Systems [24]. Participants
were excluded from analysis if they reported any lifetime or past
90-day experience of homelessness at intake (n ¼ 2,158),
resulting in an analytic sample of 17,911 adolescents (Table 1).
Participants were referred to treatment from a variety of sources,
most frequently juvenile justice (50.2%), personal/self-referral
(18.7%), family members (10.3%), or school/job sources (8.2%).
Levels of care at intake were most commonly outpatient (70.1%),
intensive outpatient (9.7%), early intervention (5.0%), and post-
residential continuing care (3.5%). Sites reported that adolescents
received a variety of treatments, including adolescent commu-
nity reinforcement approach (38.6%), motivational enhancement
therapy combined with cognitive behavioral therapy (37.9%),
case management, 12-step facilitation, other “treatment as
usual” approaches (9.4%), and other evidence-based treatments
(8.2%).

Measures

All variables were assessed at the time of intake, and themain
outcome variable was assessed at 3, 6, and 12 months post-
intake (Table 1). GAIN measures and scales have demonstrated
to be reliable and predictive across numerous adolescent studies.
Detailed psychometric information can be found in the GAIN
administration guide [25].



Table 1
Sample characteristics at treatment intake (n ¼ 17,911 adolescents)

Variable Description Values n or M % or SD % Missing

Age Age at intake in years Count (12e17) 15.56 1.21 .00
Male Male gender identity Dichotomous (yes/no) 13,426 74.96% .03
Race/ethnicity Racial/ethnicity in seven groups; multiracial if identified as more

than one racial group
Nominal .03

African-American 2,873 16.04%
White 6,442 35.97%
Hispanic 5,475 30.57%
Asian 138 .77%
Native American/Alaskan

Native
256 1.43%

Multiracial 2,584 14.43%
Other 137 .76%

LGBQ Lesbian, gay, bisexual, or questioning/curious identity Dichotomous (yes/no) 251 1.40% 74.91
Recent school problems From the GAIN training problem scale: expelled from school or

high levels of school-related problems (past 12 months), or
missing 5 þ days of school, or being in trouble/suspended (past
90 days)

Dichotomous (yes/no) 10,349 57.78% 1.26

Financial Problems Scale Number of problems related to budgeting, insufficient income to
pay bills, borrowing money, arguing about money, and using
emergency public services (food bank, soup kitchen) in past
12 months

Count (0e10) .17 .74 60.19

Juvenile justice
involvement

Involvement in the juvenile justice system in 13 different ways
(awaiting trial, on probation/parole, etc.)

Dichotomous (yes/no) 13,107 73.18% .21

Disability compensation Receipt of supplemental security income, social security disability
insurance, or other disability compensation

Dichotomous (yes/no) 326 1.82% 3.72

General Victimization Scale Number of lifetime victimization experiences (physical, emotional,
sexual) plus the number of traumagenic factors involved
(duration and type of experiences, relationship to perpetrator)
and worries about victimization experience(s) happening again.

Count (0e15) 2.70 2.92 .09

Mental health
Depressive/mood

disorder
Past 12-month mood disorder based on DSM-IV symptom counts Dichotomous (yes/no) 5,323 29.72% .06

Generalized anxiety
disorder

Past 12-month generalized anxiety disorder based on DSM-IV
symptom counts

Dichotomous (yes/no) 1,565 8.74% .13

Traumatic stress disorder Past 12-month high traumatic stress based on DSM-IV symptom
counts

Dichotomous (yes/no) 3,584 20.01% .16

Suicide problems Suicidal ideation or a plan, means, or making a suicide attempt in
the past 12 months

Dichotomous (yes/no) 1,635 9.13% .16

Conduct disorder Antisocial behaviors (bullying, physical fights, theft, etc.) at least
twice in the past 12 months

Dichotomous (yes/no) 8,022 44.79% .23

Family
CPS/foster care

involvement
Self-reported in custody of the state, foster care, or other group

home or child care institution
Dichotomous (yes/no) 1,746 9.75% .60

Family problems Trouble at home or with family for any reason in past 90 days Dichotomous (yes/no) 4,104 22.91% 1.21
History of substance use Blood relatives' history of problems with alcohol or drug use Dichotomous (yes/no) 12,325 68.81% 1.64
History of mental illness Blood relatives' history of emotional, mental, or psychological

problems
Dichotomous (yes/no) 5,971 33.34% 3.98

Parenthood Has one or more children Dichotomous (yes/no) 731 4.08% .00
Social
Social Risk Index Sum of people currently socialize with who were employed,

involved in illegal activity, substance use, physical and verbal
altercations, etc. in the past 90 days. Reverse score number of
people employed in substance use treatment or recovery.

Count (0e28) 13.16 4.44 4.17

General Social Support
Index

Number of social support sources (counselors, family, friends, and
colleagues from work or school)

Count (0e9) 6.47 2.51

Substance use treatment
No insurance Not covered by any type of insurance, court, or health program Dichotomous (yes/no) 1,574 8.79% 62.53
Prior treatment episodes Number of prior substance abuse treatment episodes Ordinal (none, once, twice,

three, four, or five or
more episodes)

.49 .95 .29

Alcohol use disorder Self-reported lifetime alcohol dependence (DSM-IV symptoms) Dichotomous (yes/no) 3,025 16.89% 13.56
Marijuana use disorder Self-reported lifetime marijuana dependence (DSM-IV symptoms) Dichotomous (yes/no) 5,868 32.76% 12.42
Other drug use disorder Self-reported lifetime other (not alcohol or marijuana) drug

dependence (DSM-IV symptoms)
Dichotomous (yes/no) 5,320 29.70% 6.98

Self-help meeting
attendance

Number of days attending self-help groupmeetings, i.e., AA/NA/CA
or Social Recovery in the past 90 days

Count (0e90) 1.65 7.46 .43

Homelessness One or more day(s) of homelessness in the past 90 days at 3, 6, or
12-month follow-up

Dichotomous (yes/no) 887 4.95% .46

AA ¼ alcoholics anonymous; CA ¼ cocaine anonymous; CPS ¼ child protective services; GAIN ¼ Global Assessment of Individual Needs; NA ¼ narcotics anonymous;
SD ¼ standard deviation.
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Individual domain. Individual-level predictors include de-
mographics, sexual orientation (lesbian, gay, bisexual, and
queer/questioning [LGBQ] status), recent school-related prob-
lems, juvenile justice involvement, financial problems,
disability compensation (supplemental security income, social
security disability insurance, or other compensation benefits),
victimization, and mental health. Financial problems were
assessed using the financial problems scale [26]. Lifetime
victimization was assessed using the General Victimization
Scale [27]. Past year depression, generalized anxiety disorder,
and traumatic stress disorder are indicated by clinical cutoff
scores based on DSM-IV symptom counts. Suicide problems
were indicated if participants reported having thoughts of
suicide, a plan, means, or making a suicide attempt in the past
12 months. Conduct disorder was indicated by antisocial
behaviors (bullying, physical fights, theft, etc.) at least twice in
the past 12 months.

Family domain. Predictor variables in the family domain
included lifetime child protective services/foster care involve-
ment, recent (past 90-day) family problems, family history of
substance use, family history of mental illness, and parenthood
(having one or more children).

Social domain. Social support was assessed using the General
Social Support Index [28], and the social risk was assessed using
the Social Risk Index [25].

Treatment domain. Treatment variables included insurance
coverage, number of prior substance abuse treatment episodes,
self-help meeting attendance, and three variables reflecting
lifetime substance dependence (DSM-IV criteria) for alcohol,
marijuana, and other drug(s).

First episode of homelessness. This binary outcome variable was
derived from participant responses to the question, “During the
past 90 days, on howmany days have you been homeless or had to
stay with someone else to avoid being homeless?” A dummy var-
iable was created such that participants who reported at least one
day of homelessness at the 3-, 6-, or 12-month follow-up in-
terviews were coded as 1, and participants who reported 0 days of
homelessness at the 3, 6, and 12-month follow-up interviewswere
coded as 0. Nine-month follow-up data were not used, given high
amounts ofmissing data (primarily because of funding restrictions
or inconsistent data collection practices across sites).

Data analysis

Logistic regression. Associations between predictor variables and
the first episode of homelessness were first examined using
bivariate logistic regression models (Supplementary Table 1).
Predictor variables with significant bivariate relations (p< .10) to
the first episode of homelessness were selected for inclusion in
multivariate models [29]. Bivariate correlations among the
predictor variables were also run to confirm that no multi-
collinearity was present (r < .90) [29]. In the multivariate logistic
regression models, a sequential/hierarchical model building
approach was used, such that groups of predictor variables
within each domain were entered in steps (i.e., individual,
familial, peers, and treatment). All predictor variables were
entered simultaneously in a final model. All models included age,
gender, and race/ethnicity.
Machine learning. In addition to traditional logistic regression
models, we also used an ML approach to help determine which
features (i.e., independent variables) were most important in
predicting our outcome of interest. That is, rather than inter-
preting a potentially large number of variables that predict the
first episode of homelessness, we used ML to rank order our
predictors from our final model. Our ML approach used the
Sk-Learn module in Python [30] to run Lasso regression models
to identify variables that contribute to adolescents' first episode
of homelessness. Lasso models use an embedded method for
identifying variables with the largest predictive power (i.e.,
contribute the most to the prediction of the outcome variable)
[31]. In this approach, we use Lasso regularization, where if a
feature is determined to be irrelevant, the Lasso model penalizes
the coefficient, setting it to zero. Features with a coefficient of
zero are removed from the model; remaining features are iter-
atively tested to determine positive and negative contribution to
model outcome.

Missing data. High amounts of data were missing for five
predictor variables assessed at intake: LGBQ identity (74.9%
missing), financial problems (60.2% missing), insurance coverage
(62.5% missing), alcohol dependence (13.6% missing), and mari-
juana dependence (12.4% missing). This is likely because of lack
of knowledge on the part of the participant, survey skip patterns,
and items being added in newer versions of the GAIN. Follow-up
rates were 88.7%, 78.5%, and 45.4% at the 3-, 6-, and 12-month
follow-ups, respectively. However, all adolescents completed at
least one follow-up, and only 83 (.5%) were missing homeless-
ness data over all three follow-ups. Those with missing home-
lessness data at all follow-ups (compared with those with any)
were more likely to be African American, high school graduates,
unemployed, have lower social risk, have more substance use
treatment episodes, and attend more self-help meetings (all
ps < .05). Our analyses handled cases with missing data using a
full-information maximum likelihood estimator in Mplus
version 8 (Muthén & Muthén, 1998e2017).

Results

Over the 12 months after treatment intake, 887 (5.0%) ado-
lescents reported experiencing homelessness on at least one day.
Results of bivariate logistic regressionmodels can be found in the
Supplementary Table 1.

Multivariate logistic regression

In Model 1, individual predictors associated with experi-
encing higher odds of homelessness were age, male gender,
victimization, depression, and conduct disorder (Table 2).
Hispanic ethnicity was associated with a lower odds of experi-
encing homelessness. In Model 2, family factors associated with
experiencing higher odds of homelessness were child protective
services/foster care involvement, recent family problems, family
history of substance use, and family history of mental illness. In
Model 3, the social risk was significantly associated with higher
odds of experiencing homelessness. In Model 4, treatment
factors associated with greater odds of homelessness were the
number of prior treatment episodes, lifetime marijuana depen-
dence, and lifetime illicit drug use dependence. In Model 5 (full
model), age, male gender, victimization, conduct disorder, family
problems, family history of substance use, social risk, number of



Table 2
Multivariate logistic regression models predicting first episode of homelessness (adolescents; n ¼ 17,906)

Variable Model 1 Model 2 Model 3 Model 4 Model 5

Individual Familial Social Treatment Full Model

Age 1.12 (1.06e1.19) 1.14 (1.07e1.21) 1.10 (1.04e1.17) 1.06 (1.00e1.13) 1.09 (1.03e1.16)
Male 1.23 (1.05e1.44) 1.42 (1.23e1.64) 1.61 (1.39e1.86) 1.54 (1.33e1.78) 1.25 (1.07e1.47)
African-American .86 (.69e1.06) .89 (.72e1.11) .74 (.60e.91) .89 (.71e1.10) .97 (.78e1.21)
Other 1.04 (.87e1.25) 1.13 (.94e1.35) 1.08 (.90e1.29) 1.13 (.94e1.34) 1.07 (.89e1.28)
Asian .49 (.18e1.34) .65 (.24e1.75) .47 (.17e1.29) .52 (.19e1.42) .61 (.22e1.67)
Hispanic .59 (.49e.71) .68 (.57e.82) .56 (.46e.67) .60 (.50e.72) .64 (.53e.77)
LGBQ 1.50 (.93e2.45) 1.41 (.86e2.30)
Recent school problems 1.11 (.96e1.29) 1.11 (.94e1.30)
Financial problems 1.11 (1.00e1.24) 1.10 (.98e1.23)
Victimization 1.08 (1.06e1.11) 1.06 (1.03e1.09)
Depression 1.29 (1.08e1.55) 1.15 (.96e1.38)
Generalized anxiety disorder .96 (.77e1.19) .94 (.76e1.18)
Traumatic stress disorder 1.07 (.89e1.28) 1.02 (.85e1.23)
Suicide problems 1.21 (.98e1.49) 1.21 (.98e1.50)
Conduct disorder 1.41 (1.21e1.65) 1.18 (1.01e1.39)
CPS/Foster care 1.40 (1.15e1.70) 1.22 (1.00e1.50)
Family problems 1.54 (1.32e1.79) 1.23 (1.05e1.45)
Family history of substance use 1.67 (1.38e2.02) 1.35 (1.11e1.65)
Family history of mental illness 1.38 (1.18e1.60) 1.11 (.94e1.30)
Social risk 1.06 (1.05e1.08) 1.02 (1.01e1.04)
No insurance .91 (.66e1.25) 1.07 (.77e1.47)
Num. prior treatment episodes 1.19 (1.12e1.27) 1.15 (1.08e1.23)
AUD 1.19 (.99e1.44) 1.06 (.87e1.28)
MUD 1.34 (1.13e1.59) 1.19 (1.00e1.42)
ODD 1.78 (1.53e2.08) 1.25 (1.05e1.48)
Number of self-help meetings 1.00 (.99e1.00) .99 (.99e1.00)

Odds ratios significant at the p < .05 level are highlighted in bold.
AUD ¼ alcohol use disorder; CPS ¼ child protective services; LGBQ ¼ lesbian, gay, bisexual, and queer/questioning; MUD ¼ marijuana use disorder; ODD ¼ other drug
use disorder.
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prior treatment episodes, and lifetime illicit drug dependence
were associated with higher odds of experiencing homelessness.
Hispanic ethnicity was associated with reduced odds of experi-
encing homelessness in the full model.

ML regression

Figure 1 depicts the results of the adolescent ML model. The
top five features that had the greatest contribution to the
outcome were (in order of importance according to Lasso model
coefficients) male gender, mood disorder (depression), number
of prior treatment episodes, suicide problems, and weekly family
problems. Hispanic race and number of self-help meetings
negatively contributed to the outcome.

Discussion

Adolescent homelessness is a serious problem in the
U.S., affecting approximately 660,000 households each year [3].
Homelessness experiences such as being kicked out or running
away from home may disproportionately affect adolescents
with substance use problems, but the correlates of youth
homelessness have yet to be investigated in this population.
The present study set out to address this by identifying
theoretical and empirical risk and protective factors from the
homeless youth literature and test their association with
adolescents' self-reported first episode of homelessness in the
12 months after substance use treatment entry. We used
traditional regression and ML as two complementary ap-
proaches to identify risk and protective factors that contrib-
uted to this outcome.
Results revealed that the prevalence of homelessness among
adolescents in substance use treatment may be substantially
higher than in the general population. Just under 11% of ado-
lescents reported experiencing homelessness before treatment
entry. With these participants excluded from further analysis,
5.0% of the remaining sample reported experiencing their first
episode of homelessness in the 12 months after treatment entry.
This is slightly higher than the 3.0% incidence rate of first-time
homelessness among adolescents in U.S. households [3], and
the total number of adolescents reporting their first episode
of homelessness in this study is roughly one fifth the 2019
point-in-time count nationwide [1]. The high prevalence of
homelessness among this population is likely a result of the
pervasive psychosocial adversities experienced by these youth,
underscoring the need to understand the correlates of first
episode of homelessness in this population.

Our logistic regression models revealed that at the indi-
vidual level, older age and male gender were consistent risk
factors across models. Hispanic adolescents, however, were
less likely to report homelessness experiences. These charac-
teristics were important in logistic and ML models. In fact,
male gender and Hispanic ethnicity were the most important
risk and protective factors, respectively, in the ML model. Our
finding that Hispanic ethnicity is protective against adoles-
cents' runaway or homelessness experiences is consistent with
previous research with adolescent [15,16] and child welfaree
involved samples [32]. This protective effect may be a result
of familism and greater social capital among Latino families
[33]. In contrast with previous research, LGBQ identity, black/
African-American race, and recent school problems were not
associated with participants' first episode of homelessness



Figure l. Feature importance using the Lasso method (expressed in coefficients). Features that contribute positively and negatively to the outcome are displayed.
Irrelevant features are not displayed.
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[3,13,34,35]. These inconsistencies may be because of the in-
clusion of other important factors in our models or possibly
may be a result of excluding adolescents with previous
homelessness experiences from our analyses. The proportion
of adolescents with recent school-related problems in our
sample was relatively high, potentially limiting our ability to
detect a significant relationship with the first episode of
homelessness. This may also explain the nonsignificant rela-
tionship between juvenile justice involvement and the first
episode of homelessness in our study. Logistic models showed
that victimization, depression, and conduct disorder were
significant individual risk factors as well, although depression
did not remain significant in the full logistic regression model.
In contrast, depression was the second most important feature
contributing to homelessness in the ML model. Together, this
suggests that victimization experiences (e.g., physical,
emotional, or sexual abuse experienced in one's lifetime),
depression symptoms, and conduct disorder (e.g., delinquent
behaviors committed in the past year) are especially salient in
adolescents' first homelessness episode after treatment intake.

Consistent with the RAM [19], all the variables in the familial
logistic regression model were significant risk factors for the first
episode of homelessness, but only family problems (e.g., “getting
into trouble at home”) and family history of substance abuse
remained significant in the full logistic regression model. All
family-related variables demonstrated importance in the ML
model as well; among these, family problems emerged as the
most important feature. This comports well with previous
research highlighting the high rates of homelessness among
youth in the foster care system [14] and youth with general
family problems or poor family relationship quality [13,14]. The
present study adds to the literature that dysfunctional family
environments contribute to experiences of youth homelessness
within the context of substance use disorder treatment. We
should note that contrary to recent research [3], parenthood was
not associated with adolescents' homelessness experiences at
the bivariate level, possibly because of the low number of parents
in this sample.

Current results also suggest that adolescents' social risk (i.e.,
affiliations with deviant peers) may independently predict an
increased risk of homelessness. Although social risk was an
important feature in the ML model, it had a weak contribution to
the outcome. This makes sense in light of the RAM, which tends
to accentuate the negative influence of deviant peers on
adolescent outcomes after adolescents become homeless and
accumulate socialization experiences on the street [19]. It is easy
to imagine though, how such negative relationships may coin-
cide with strained family relationships, precipitating adoles-
cents' first episode of homelessness.

Perhaps one of the most unique contributions of this article is
the inclusion of treatment-related variables relevant to this
adolescent population. Namely, the number of prior treatment
episodes and lifetime illicit drug dependence (other than mari-
juana) were significant risk factors for homelessness in the final
logistic regression model, and these characteristics demon-
strated the importance for the ML regression model as well. This
is consistent with previous research indicating problematic drug
use (but not alcohol or gambling problems) as a significant risk
factor for homelessness among young adults [14], and another
population-based study finding that drug use was a stronger
predictor of the first episode of homelessness among adults than
alcohol use [36]. More extensive treatment histories and abuse or
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dependence of illicit drugs (i.e., methamphetamines, opiates,
etc.) may indicate more severe substance use issues [37], leading
to significant problems in other life domains (i.e., housing
stability). The ML model also revealed that more self-help group
attendance may be protective against experiencing first episode
of homeless, although this variable showed a weak contribution
to the outcome. These treatment/substance use characteristics
may be particularly important for identifying at-risk adolescents
during treatment intake.

In addition to using typical logistic regression models, this
study showed that ML regression may complement our under-
standing of how these risk and protective factors contribute to
adolescents' homelessness experiences. Namely, ML regression
offered an alternative method for ranking the predictive power
of adolescent characteristics at treatment intake. Future work
can explore how incorporating other ML techniques (e.g., deci-
sion trees) may contribute to our understanding of problems
such as youth homelessness and help to identify those in greatest
need of targeted services. Often, however, large data sets are
needed to do ML, and these data-driven approaches will likely
need to be complemented by relevant behavioral and social
science theories [38].

There are several limitations to this study. First, our data
were derived via participant self-report. Although we did our
best to exclude any individuals who reported previous home-
lessness experiences at treatment intake, we cannot be certain
that participants' experience of homelessness in the 12 months
after treatment intake was their first episode of homelessness.
Second, our dichotomous outcome does not offer detailed in-
formation about participants' homelessness experiences. For
example, information regarding the timing, duration, reasons
behind participants' homelessness (e.g., a brief runaway
episode vs. more entrenched homelessness), or whether ado-
lescents were accompanied or unaccompanied by parents or
guardians was not examined. Future research may examine
how risk and protective factors are associated with these as-
pects of adolescents' homelessness experiences during and
after substance use treatment. As with any study relying on
secondary data analysis, our selection of predictor variables
was limited to what was available. Of note is the lack of a valid
measure of household income and high amounts of missing-
ness for some variables. Furthermore, it was beyond the scope
of this article to determine the temporal or reciprocal re-
lationships between risk and protective factors. Future
research will be needed to determine how risk and protective
factors may interact in complex ways across socioecological
domains. Finally, we did not consider any additional ML al-
gorithms to compare the predictive performance of the Lasso
model. Future work should assess how highly features corre-
late between ML algorithms.

Results may inform homelessness prevention efforts within
the context of substance use treatment settings. One strategy
may be to focus efforts toward identifying individuals at
treatment intake who may be at greater risk of experiencing
their first episode of homelessness. Treatment providers may
wish to explore providing evidence-based treatments such as
family-based therapy, which has consistently been shown to
reduce mental health and substance use problems among
youth experiencing homelessness [39,40]. However, more
rigorous clinical trials are needed to identify effective in-
terventions for this vulnerable population and their impact on
housing stability. Adolescents at greatest risk may be identified
by their demographic characteristics and a constellation of risk
factors: those with poor mental health, family problems,
victimization, problematic drug use, and prior treatment his-
tories at treatment entry are at higher risk for subsequent
homelessness.
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