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Abstract 

Aims This study sought to develop and assess an exploratory model of how demographic and psychosocial attrib‑
utes, and drug use or acquisition behaviors interact to affect opioid‑involved overdoses.

Design We conducted exploratory and confirmatory factor analysis (EFA/CFA) to identify a factor structure for ten 
drug acquisition and use behaviors. We then evaluated alternative structural equation models incorporating the iden‑
tified factors, adding demographic and psychosocial attributes as predictors of past‑year opioid overdose.

Setting and participants We used interview data collected for two studies recruiting opioid‑misusing partici‑
pants receiving services from a community‑based syringe services program. The first investigated current attitudes 
toward drug‑checking (N = 150). The second was an RCT assessing a telehealth versus in‑person medical appointment 
for opioid use disorder treatment referral (N = 270).

Measurements Demographics included gender, age, race/ethnicity, education, and socioeconomic status. Psycho‑
social measures were homelessness, psychological distress, and trauma. Self‑reported drug‑related risk behaviors 
included using alone, having a new supplier, using opioids with benzodiazepines/alcohol, and preferring fentanyl. 
Past‑year opioid‑involved overdoses were dichotomized into experiencing none or any.

Findings The EFA/CFA revealed a two‑factor structure with one factor reflecting drug acquisition and the second 
drug use behaviors. The selected model (CFI = .984, TLI = .981, RMSEA = .024) accounted for 13.1% of overdose proba‑
bility variance. A latent variable representing psychosocial attributes was indirectly associated with an increase in past‑
year overdose probability (β = .234, p = .001), as mediated by the EFA/CFA identified latent variables: drug acquisition 
(β = .683, p < .001) and drug use (β = .567, p = .001). Drug use behaviors (β = .287, p = .04) but not drug acquisition 
(β = .105, p = .461) also had a significant, positive direct effect on past‑year overdose. No demographic attributes were 
significant direct or indirect overdose predictors.

Conclusions Psychosocial attributes, particularly homelessness, increase the probability of an overdose 
through associations with risky drug acquisition and drug‑using behaviors. Further research is needed to replicate 
these findings with populations at high‑risk of an opioid‑related overdose to assess generalizability and refine 
the metrics used to assess psychosocial characteristics.
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Introduction
Opioid-involved overdoses and related fatalities remain 
persistently high in the United States and Canada despite 
considerable efforts to increase harm reduction interven-
tions and treatment access [1, 2]. Per the U.S. National 
Center for Health Statistics, 85,145 opioid-overdose 
fatalities are expected for the twelve months ending in 
June 2023 compared with 82,325 in June 2022, a 3.4% 
increase [3]. Among the more prominent harm reduction 
efforts undertaken to reduce opioid-involved overdoses 
and associated fatalities are overdose education and 
naloxone distribution (OEND); expansion of drug check-
ing services to test illegal drugs through point-of-care 
testing or by providing users test strips to detect the pres-
ence of fentanyl, xylazine, and benzodiazepines; reduc-
tion in prescription opioid availability; and the expansion 
of opioid agonist- and antagonist-based treatments (e.g., 
buprenorphine, methadone, naltrexone) for opioid use 
disorder [4–9].

The continuing year-over-year increases in opioid-
related overdoses and fatalities have been attributed 
largely to the presence of fentanyl and other potent syn-
thetic opioids in the illegal drug supply [2, 6, 10–13]. 
Although the fentanyl-driven increase in overdoses has 
largely been a North American issue to date, there is 
concern the use of fentanyl and other synthetic opioids 
such as nitazene could cause a similarly rapid increase 
in overdose deaths in Europe in the near future [14, 15]. 
Research has also identified a number of risk factors 
associated with higher rates of opioid-involved overdose 
rates. For instance, a recent study identified differences 
in overdose rates by biological gender, with males two to 
three times more likely to experience synthetic opioid-
related overdoses and fatalities than females across the 
lifespan, even after accounting for gender-based differ-
ences in misuse and other demographics [16]. Speculat-
ing on possible reasons for the differential gender-based 
overdose mortality rates, the authors suggest males might 
have a greater propensity towards risky drug use behav-
iors such as “injecting alone, taking larger doses, or using 
untrusted suppliers”.

Additional studies and systematic reviews have iden-
tified factors other than gender and drug use behav-
iors that are associated with increased opioid-involved 
overdose and fatality risk. Some of the identified cate-
gorical risk factors include: systemic (e.g., stigma); psy-
chosocial (e.g., unstably housed or homeless, serious 
mental illness, trauma exposure); demographics (e.g., 

age, racial/ethnic minority, and low socioeconomic sta-
tus), and circumstantial (e.g., a particular dealer sup-
plying a “hot dose”, recent release from jail or prison 
affecting physical tolerance, and fluctuations in potency 
in the local illegal opioid supply) [17–30].

For a given individual and on any particular drug-
use occasion, some or all these factors likely interact in 
complex ways to affect overdose probability. The nature 
of how these factors interact to increase overdose risk, 
however, has largely been unexplored. Studies of mul-
tiple risk factors have typically examined them in the 
context of multiple regression models which, though 
illuminating, do not analytically consider how inde-
pendent risk factors might cluster or influence each 
other to affect overdose probability [25, 26]. Thus, 
there remains a question as to why one opioid user 
experiences one or more unintentional overdoses over 
time, whereas another user experiences no or fewer 
overdoses. This is especially puzzling given the near 
ubiquity of fentanyl in the illegally manufactured opi-
oid supply and the identification of fentanyl as a main 
contributing factor to drug overdoses unless, possibly, 
fluctuations in fentanyl potency play a larger role than 
currently understood [2, 31–33].

The present study
The present study sought to develop and assess an 
exploratory model of how different behavioral, psy-
chosocial, and contextual/circumstantial risk factors 
potentially combine to increase opioid-related over-
doses. Specifically, we first assessed whether items 
comprising each of these domains clustered into super-
ordinate latent factors using exploratory factor analysis 
(EFA). Using a second sample of participants, we next 
assessed this initial factor structure through confirma-
tory factor analysis (CFA). In the final step, we used 
structural equation modeling (SEM) to test whether 
and how the identified latent factors were associated 
with each other and/or with experiencing an overdose 
in the past year.

We hypothesized that drug use risk behaviors would 
directly influence the probability of an overdose and 
would themselves be influenced by psychosocial/demo-
graphic factors such as homelessness and gender. We 
also hypothesized that psychosocial/demographic factors 
would directly as well as indirectly affect the probability 
of an overdose, mediated by drug use risk behaviors.
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Methods
Setting
We used survey interview data collected for two research 
projects, both of which independently recruited partici-
pants from two community-based syringe services pro-
gram (SSP) sites and the surrounding communities. The 
sites are located on Chicago’s west and northwest sides 
in socioeconomically disadvantaged neighborhoods 
composed largely but not exclusively of racial and ethnic 
minorities. Among Chicago communities, both neigh-
borhoods have relatively high opioid-involved overdose 
and fatality rates [34]. The SSP sites predominantly serve 
clients who use opioids as well as other illegally manu-
factured and sold drugs (e.g., cocaine, benzodiazepines, 
MDMA). Services provided include but are not limited to 
syringe exchange, naloxone and fentanyl test strip distri-
bution, drug checking, condom distribution, and medical 
consultation.

Additional details on both study protocols are available 
elsewhere [35–37]. The first study had two components: 
assessing street-drug users’ current attitudes toward 
drug-checking services and testing the feasibility of using 
ecological momentary assessment (EMA) to collect data. 
This study’s protocol was reviewed and approved by the 
UIC and University of Notre Dame IRBs. The second 
study was a randomized controlled trial (RCT) testing 
the relative effectiveness of an initial telehealth versus 
in-person medical appointment on initiation and engage-
ment in medication for opioid use disorder (MOUD) 
treatment. The UIC and Chestnut Health Systems 
IRBs reviewed and approved the RCT study protocol 
(NCT04575324). Participants in both studies provided 
written informed consent and were compensated with 
gift cards for their time and participation.

Participants
EFA sample
We used the combined samples from the study on cur-
rent attitudes towards drug-checking (N = 130) and the 
feasibility of using EMA to collect drug-checking data 
from a non-overlapping group of participants (N = 20) 
to develop a preliminary model of the factor structure of 
specific behaviors deemed to increase overdose risk. Both 
study components used convenience sampling to recruit 
opioid-using participants at the SSP sites between August 
2021 and June 2022. Current opioid use was determined 
by requiring that all participants provide a small test 
sample of the drugs they believed to be heroin or another 
opioid and which they had purchased from an illegal 
source on the day of recruitment. The provided samples 
were subsequently tested off-site to assess the actual drug 
mixtures [38]. All participants were also required to pro-
vide information on behaviors increasing overdose risk. 

However, demographic information was not available for 
twenty participants who opted out of taking a longer sur-
vey that included the demographic questions and which 
was administered to the group participating in the atti-
tudes survey component [36].

CFA sample
The sample used for confirmatory CFA and SEM mod-
eling (N = 274) was obtained from the RCT study. Con-
venience sampling was also used for this study, with 
participant recruitment running from August 2020 
through July 2022. We recruited participants from among 
those seeking services at the SSP sites (N = 92 or 33.6%) 
as well as by conducting street outreach in the surround-
ing communities to recruit current opioid users inter-
ested in beginning MOUD treatment (N = 182 or 66.4%). 
Participants were screened for an OUD at any severity 
level using the DSM-5 checklist of diagnostic criteria for 
an opioid use disorder [39]. All of the 274 participants 
met DSM-5 OUD diagnostic criteria, with 269 (98.1%) 
meeting criteria for a severe OUD. Owing to missing data 
on covariates used for the SEM structural analysis step, 
we excluded four participants (1.4%), yielding a final ana-
lytic sample of 270.

Measures
Drug use behaviors
To the best of our knowledge, there is no existing vali-
dated inventory of specific drug use behaviors that 
increase overdose risk. We used data collected from 
the list of drug use behavior questions asked of partici-
pants in both studies, developed through a review of the 
research on drug-use overdose risk behaviors and in 
consultation with SSP program staff. All of the drug use 
behaviors as well as other measures described below were 
collected at baseline for participants in the telehealth 
study and at the initial and only interview for participants 
in the drug checking study. The ten specific items were: 
used in a new location; used with new people; used alone; 
had a new source/supplier; used a different (more or less) 
dosage than usual; used multiple drugs; used opioids with 
benzodiazepine; used opioids with alcohol; used for the 
first time in a while; and used a different administration 
route (e.g., injecting instead of snorting). Participants 
were presented with this item list and asked to select 
all that applied to their drug use in the past month. We 
dichotomized the responses into ten variables by scoring 
selected risk behaviors as one (1) and those unselected as 
zero (0).

Psychosocial factors
Using the CFA/SEM RCT study sample, we assessed par-
ticipants for the following psychosocial factors potentially 
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associated with an increased risk for an opioid-related 
overdose, all of which were coded dichotomously as pre-
sent (1) or absent (0): severe psychological distress (SPD); 
homelessness; trauma exposure; and criminal justice 
involvement.

We assessed for SPD using Kessler’s K6-scale, a brief, 
widely used and validated 6-item scale consisting of 
questions related to symptoms of anxiety and depression 
(e.g., How often in the past 30 days did you feel nervous?; 
How often did you feel hopeless?, etc.). Scores range from 
0 – 24 with scores above 12 indicating SPD and at least 
moderate functional impairment [40, 41].

Homelessness was assessed with a single question: 
Thinking about the past year, what kind of place would 
you say you lived in most of the time throughout the year? 
Participants who responded they were homeless and 
lived on the streets most of the time in the past year were 
counted as experiencing homelessness (1), whereas all 
others were scored as not homeless (0).

We assessed trauma exposure using two questions: 
1) Have you ever experienced violence or trauma in any 
setting (including community or school violence, domes-
tic violence, etc.) and 2) In the past 30  days, how often 
have you been hit, kicked, slapped, or otherwise physi-
cally hurt? Participants answering yes to both or either 
question were indicated as having been trauma exposed 
(1). Those answering no to both questions were coded as 
non-exposed to trauma (0).

To assess past-year criminal justice involvement, we 
used responses to the following single question, with 
those answering yes counted as having criminal justice 
involvement (1) and those responding no as not criminal 
justice involved (0): Not counting minor traffic violations, 
were you arrested, booked, or charged for breaking a law 
in the past 12 months?

Fentanyl preference and drug injection use
As mentioned, a considerable body of research indicates 
opioid-involved overdoses and fatalities occur owing to 
fentanyl and other synthetic opioids such as carfentanil 
mixed with or supplanting heroin and other drugs such 
as cocaine in the illegally manufactured drug supply [42–
45]. Because such a large proportion of our sample had 
been exposed to fentanyl — baseline urinalysis testing 
of 240 study participants revealed a majority (N = 225, 
93.7%) tested positive for recent fentanyl use — there was 
not enough variation in fentanyl use to include it as a var-
iable. Instead, to differentiate fentanyl use among partici-
pants, we asked how many days in the past month they 
intentionally used fentanyl, reasoning that those inten-
tionally using fentanyl would be more likely to seek out 
suppliers thought to provide fentanyl and/or to obtain 
and use illegally manufactured drugs with higher fentanyl 

potency. We coded those who said they intentionally 
used fentanyl on one or more days in the past month as 
having a fentanyl preference (1) and those who reported 
no intentional fentanyl use as having no preference for 
fentanyl (0).

We asked participants at baseline if they had ever 
injected drugs in their lifetime. Those who responded 
affirmatively were subsequently presented with a list of 
five specific drugs as well as an option to indicate any 
drug not listed and asked which drug or drugs they had 
injected in the past year. Participants who indicated 
injecting any drug in the past year were counted as being 
past-year injection drug users (1); those indicating they 
had never injected drugs or had not injected in the past 
year were counted as non-injectors (0).

Past‑year overdose
The dependent variable in the SEM structural models 
was any past-year overdose. Participants were first asked: 
As of today, how many times in your life would you say 
you have ever overdosed on drugs? Those who responded 
they had overdosed one or more times were asked for 
their most recent overdose and the number of times in 
the past year they had overdosed. Because this variable 
was highly right-skewed  and kurtotic (skew = 6.43; kur-
tosis = 64.77), we created a dichotomous indicator rep-
resenting any past-year overdose (1) versus no past-year 
overdose (0).

Demographics
We obtained the following demographic information 
from participants at baseline: biological sex at birth 
(male or female); race (Black/African American; White, 
Other, Multi-racial); ethnicity (Latino/not Latino); and 
age in years. Race and ethnicity were coded into a single 
dichotomous variable represented as non-white (1) and 
white (0).

Analyses
We used Stata v.17.1 [46] to generate bivariate descrip-
tive statistics and Mplus v.8.8 for the EFA, CFA, and 
SEM analyses [47]. A series of bivariate statistics for 
both samples were generated, excluding 20 of the 150 
EFA sample participants who completed a shortened 
interview that did not include demographic informa-
tion. Significant differences were calculated within each 
sample, disaggregated by past-year overdose status 
(yes/no). Fisher’s Exact Test was used to assess statisti-
cal differences among the nominal measures and t-tests 
for interval/ratio level measures. For the EFA, CFA, 
and SEM models we used a standard set of fit statis-
tics and thresholds to assess the adequacy of model fit: 
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comparative fit index (CFI) >  = 0.95; Tucker-Lewis index 
(TLI) >  = 0.95; and root mean square error of approxima-
tion (RMSEA) <  = 0.06) [48–50].

An EFA was run using data from ten drug use risk items 
collected from the first sample as factor indicators. We 
used principal component extraction estimated by mean 
and variance-adjusted weighted least squares (WLSMV) 
to obtain the optimal factor structure based on chi-
square comparisons of model fit and retaining factors 
with eigenvalues > 1.0. Factor extraction was followed by 
geomin rotation to obtain loadings for each indicator. We 
next ran a CFA using the RCT-based sample, constrain-
ing the model based on the best-fitting factor structure 
from the EFA run on the first sample. The CFA analysis 
on the RCT sample also used WLSMV estimation. These 
analyses yielded a two-factor solution (see results). As 
one of the factors comprised items related to use of mul-
tiple drugs and mixing specific other drugs such as ben-
zodiazepines and alcohol with opioids, we added fentanyl 
preference to this factor and reran the CFA model using 
the RCT sample to confirm the model continued to fit 
the data well.

We then assessed a series of SEM structural mod-
els. We began by including psychosocial and demo-
graphic variables as well as the two latent drug use risk 
factors identified in the EFA/CFA steps. All SEM mod-
els included the dichotomous indicator of past-year 
overdose as an endogenous variable. Our intent was to 
identify the best-fitting, most parsimonious model that 
significantly predicted past-year overdose.

The first model (model 1) included all the psychosocial 
and demographic variables enumerated above and the 
two identified latent risk factors. This model included 
the psychosocial and demographic variables as individ-
ual exogenous predictors of any past-year overdose and 
incorporated direct as well as indirect pathways mediated 
by the latent risk factors. For the second model (model 
2), we removed the direct pathways from the psychoso-
cial and demographic factors as none were significant 
and included only the indirect pathways mediated by the 
latent factors. In the next model (model 3), we reduced 
the number of psychosocial and demographic indicators 
by removing those that did not have a significant medi-
ated path to past-year overdoses. For the fourth model 
(model 4) we removed the remaining demographic vari-
ables and restructured the psychosocial variables by 
modeling them as a single exogenous latent factor that 
directly affected the two EFA/CFA-identified risk fac-
tors. This model included a direct path from the psycho-
social latent factor to past-year overdose as well as paths 
to the drug-related latent factors to capture indirect 
effects on past-year overdose. In the final model (model 
5), we removed the non-significant  direct path between 

the psychosocial risk factors and past-year overdose. The 
specific paths and variables included in each of these 
models, associated model fit statistics, and the correla-
tion matrix for the items analyzed for the final model are 
provided as supplementary material.

Results
Descriptive statistics
Table  1 shows the demographic, psychosocial, and 
drug use behaviors, including past year overdoses, for 
both study samples. Intrasample statistical compari-
sons between those reporting and those not report-
ing a past-year overdose yielded significant differences. 
For the EFA sample, those not experiencing a past-year 
overdose had experienced fewer lifetime overdoses 
(mean = 3.3, sd = 4.6) than those experiencing an over-
dose (mean = 5.8, sd = 4.9), and were less likely to report 
using drugs in a new location (46.2% versus 67.3%) or to 
have used drugs in combination with alcohol (19.2% ver-
sus 42.2%).

Exploratory and confirmatory factor analyses 
Table 2 shows the results for the EFA and CFA measure-
ment model. Based on data from the first sample, EFA 
yielded a 2-factor model as optimal based on fit statistics 
and scree plot analysis. A chi-square test comparing the 
1- and 2-factor models was statistically significant (chi-
square = 44.3, p < 0.001) indicating the 2-factor model 
afforded a better fit to the data. The 3-factor model failed 
to converge, suggesting it was too complex for the data 
available and hence, we did not consider a 4-factor model. 
Factor loadings for the rotated 2-factor model solution 
indicate the first factor is represented by items related 
to drug acquisition and context: using in a new location, 
using with new people, and having a new source/supplier. 
Items loading more highly on factor 2 reflected drug use 
risk behaviors and, in particular, polydrug use such as 
using alcohol and/or benzodiazepines concurrently with 
opioids as well as using differing amounts, using alone, 
and using in a different way than usual.

The CFA results, based on model 2 and obtained by 
constraining the measurement model to two factors iden-
tified by the highest loading items determined by the EFA 
had a good fit: CFI = 0.972; TLI = 0.963; RMSEA = 0.046 
(95% CI = 0.020-0.069). Because the highest loading 
items on factor 2 pertained to aspects of drug use per se, 
we added the variable representing fentanyl preference 
to this factor and reran the CFA. As the resulting model 
continued to show a good, even slightly  improved fit – 
CFI = 0.978; TLI = 0.972; RMSEA = 0.037 (95%CI = 0.000—
0.059) – we retained fentanyl preference as an indicator 
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Table 1 Demographics, psycho‑social syndemic factors, and drug use risk behaviors by analysis sample

All significance test were calculated using Fisher’s Exact Test with one-sided probabilities. Interval or ratio-level variable mean differences were assessed for 
significance using t-tests. The N for the EFA sample data shown above was 130. Twenty additional participants in the EFA sample who did not have demographic, 
syndemic, or number of lifetime or past-year overdoses, provided overdose risk behavior information, increasing the analytic N to 150 for the EFA analyses

NS non-significant, * = p < .05, ** = p < .01, *** = p < .001, - = not estimated

Table 2 Exploratory factor analysis rotated factor loadings and confirmatory factor analysis standardized parameter estimates

EFA model sample N = 270. EFA conducted with principal components factor extraction and geomin rotation. Items shaded in grey indicate those selected as 
representative of a given factor in the CFA model. Parameter estimates for the CFA measurements model are standardized coefficients

NA not assessed, * = p < .05, *** = p < .001
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for the drug use factor in the subsequent structural 
models.

Structural model
As indicated above, a number of alternative models 
were considered with details on each provided with the 
supplementary materials. Here, we focus on the final 
model as presented in Fig. 1, which shows the standard-
ized parameter estimates; unstandardized estimates are 
included with the supplementary materials. This model, 
in our estimation, best represented the data in terms of 
both fit (CFI = 0.984, TLI = 0.981, RMSEA = 0.024, Chi-
square (df=86) = 99.27, p = 0.155) and parsimony. In this 
model, the latent variable representing psychosocial risk 
factors was associated with increases in drug acquisi-
tion/contextual risks (β = 0.683, p = 0.001) as well as 
risky drug use behaviors (β = 0.567, p = 0.001). As medi-
ated by both latent factors, psychosocial risks were asso-
ciated with an increase in the probability of a past-year 
overdose reflected in the total indirect effect (β = 0.234, 
p = 0.001). While there was a statistically significant 
association between drug acquisition and drug use risk 
behaviors (r = 0.421, p < 0.001), only drug use risk behav-
iors (β = 0.287, p = 0.04) but not drug acquisition/context 
(β = 0.105, p = 0.461) had a significant and positive direct 
association with any past-year overdose. In total, the 

model accounted for thirteen percent (r-square = 0.131, 
p = 0.02) of the variance in the probability of experiencing 
a past-year overdose.

Discussion
Principal findings
Revisiting study hypotheses, the results supported that 
drug use risk behaviors are influenced by psychosocial 
factors such as homelessness and that drug use risks 
directly influence the probability of an overdose. The 
results also supported the hypothesis that psychosocial 
risk factors indirectly affect the probability of an over-
dose, mediated by drug use risk behaviors. Conversely, 
we did not find that any demographic measure influenced 
drug use risk or acquisition, nor were any associated 
with experiencing an overdose; our assessed models fit 
the data well without including demographic measures. 
When such measures were included, there was often 
a decrement in model fit among the alternative models 
considered. We did not have specific hypotheses about 
the factor structure of the drug use risk behaviors consid-
ered, but the resulting two-factor structure whereby risk 
items relating to how drugs are acquired tended to clus-
ter on one factor and risk items relating specifically to 
how drugs are used clustering on a second made intuitive 

Fig. 1 Final structural model with standardized coefficients and significant levels. * = p < .05; *** = p < .001
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sense and also fit the data well when reassessed using 
CFA.

We also found that participants who experienced 
homelessness, which was associated with experiencing 
severe psychological distress and trauma exposure, were 
more likely to engage in polydrug use, to use different 
amounts across occasions, and to use alone. Even absent 
a higher likelihood of obtaining a greater-than-expected-
potency fentanyl dose, using opioids with benzodiaz-
epines or other depressants such as alcohol also increases 
the risk of an overdose [51]. In our model, such drug use 
risk behaviors had a direct and positive association with 
experiencing an overdose. Riskier drug acquisition and 
drug use behaviors among those with psychosocial risks 
combined to further increase the likelihood of an over-
dose beyond that resulting from riskier drug use and 
acquisition behaviors alone.

Strengths and weaknesses in relation to prior studies
A prior study of non-fatal overdose risks among opioid 
users seeking treatment also found that those with “mark-
ers of socio-structural marginalization” had a higher 
overdose risk [25]. Our results replicate this finding and 
suggest a mechanism for how being socially marginalized 
increases overdose risk. While we did not find a direct 
association between psychosocial risk and experiencing 
an overdose, we did find an indirect association. In our 
study, being homeless, having serious psychological dis-
tress, and trauma exposure, all of which were associated 
with each other, were associated with an increased prob-
ability an opioid misuser will engage in riskier acquisi-
tory/contextual behaviors such as buying drugs from a 
new dealer or using with new people in a new location. 
Psychosocial risks were also associated with riskier drug 
use behavior such as combining opioids with benzodiaz-
epines or alcohol, using alone, or using in a different way 
than usual. Our model suggests that psychosocial factors 
related to social marginalization are associated with an 
increased probability of an overdose through their asso-
ciation with riskier drug use and acquisition behaviors.

We might speculate that the joint effect of the psycho-
social risks considered as a latent factor represents insta-
bility, the effect of which is to narrow a person’s options 
for consistently obtaining illegal opioids from a single 
supplier and for using with the same group of people in 
the same place. Homeless persons, who are often invol-
untarily displaced, are more itinerant than persons with 
stable housing and consequently are more likely, when 
acquiring and using drugs, to be among unfamiliar per-
sons and to use in different locations [52]. Increased 
social and environmental instability at a time when local 
fentanyl concentrations in drug supplies are known to 
temporally and geographically fluctuate [24] could make 

it more likely a homeless person who uses illegal opioids 
obtains a “hot dose”, with higher-than-expected fentanyl 
potency. A recent study of the frequent involuntary dis-
placement of homeless persons who inject drugs found 
that such displacements contributed to an estimated 
increase in mortality rates of 15.6% to 24.4% [52]. Based 
on our findings, we expect at least some of the height-
ened mortality rates in this population is due to fatal 
overdoses.

Somewhat surprisingly, we did not find significant asso-
ciations among the assessed demographic risk factors 
and overdose risk. This was especially unexpected given 
the consistent research findings of higher overdose rates 
among males compared with females [16]. One thought 
is that studies that have identified biological sex as asso-
ciated with higher overdose risk have not examined sex 
in combination with psychosocial, drug acquisition, and 
specific drug use risks. It is possible that differences 
among males and females on the risk factors assessed in 
this study could account fully or partially for the gender/
sex differences found in prior studies. Unfortunately, we 
did not have a large enough sample to conduct a multi-
group analysis of the model by biological sex to fully test 
this assertion. Past-year injection drug use was assessed 
but was also found to not improve model fit when added 
to the drug use latent factor nor was it independently 
associated with experiencing an overdose. We are not 
sure of the reasons for this as we expected injection use 
to be associated with both the drug use latent risk factor 
as well as with experiencing an overdose. Given that the 
majority of our sample, about seventy five percent, were 
injection users, the variation in injection use might have 
been too limited to detect an effect.

Limitations
As data for this study were collected in Chicago, Illinois, 
in the United States and from persons who use illegally 
manufactured and/or sold opioids and are predominantly 
injection users, we do not know the extent to which the 
results apply to other locations and populations also at 
risk for an opioid-involved overdose such as those misus-
ing prescription opioids. That we used data from partici-
pants already engaged in SSP services and/or interested 
in beginning treatment for an OUD could further limit 
the generalizability of the findings to those most ame-
nable to harm reduction and treatment services. The 
sample size of 270 participants for the structural model 
was adequate but minimal and did not afford us the abil-
ity to test more complex models with interaction terms 
or additional latent factors or, as mentioned, to conduct 
multi-group analyses. While EFA and CFA were car-
ried out using separate samples, we assessed the meas-
urement and structural models using the same sample 
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derived from the RCT study. Having additional partici-
pants would have allowed us to split the sample and test 
measurement and structure separately.

All study measures are based on self-report and could 
have been subject to over or under-reporting. Owing to 
extreme skew, we dichotomized past-year overdose as 
the dependent variable, which did not allow us to con-
sider differences among persons who experience fewer 
or more overdoses over a given time. We also relied on 
self-report of experiencing an overdose the definition of 
which could vary by participant. Similarly, trauma expo-
sure was also dichotomized out of necessity given the 
interview questions asked. As trauma exposure can take 
many forms have varying intensity and duration, our 
operationalization was a simplification of this construct. 
More detailed information on trauma exposure could 
provide additional insight into its association with drug 
use, acquisition, and overdosing.

As noted by Kline, many alternative models can fit the 
data equally or nearly equally as well when using SEM as 
an analytic technique [53]. Therefore, there is some sub-
jectivity when selecting a “best-fitting” model. Although 
we attempted to examine a number of alternative mod-
els before selecting the structural model we believed best 
represented the data, there are certainly other models 
that could have been conceived of and tested and which 
might have been stronger statistically and/or concep-
tually. To remedy these limitations, other investigators 
might consider testing not only the model we developed 
but also alternative models with other data sets and 
samples.

Finally, our model explained only about thirteen per-
cent of the variance in the probability of experiencing 
an overdose. This indicates other factors not included in 
the model are associated with overdose risk. These might 
include rapid changes in the local drug market whereby 
illegal drugs sold as heroin or “dope” could contain a 
higher dose of fentanyl or potent semisynthetic drugs 
than usual, or a novel drug just introduced into the local 
supply [24]. Then too, we asked participants to character-
ize their drug use and acquisition behaviors over the past 
three months. It is very likely that these behaviors vary 
from one drug use occasion to the next and that someone 
who is cautious one time, might be less so the next and 
consequently their overdose risk profile varies over time, 
variance for which the measurements used in this study 
can’t account. To capture such variance, a more dynamic 
model of data collection such as ecological momentary 
assessment would be required. [37].

Unanswered questions and future research
To the best of our knowledge, this study represents one of 
the first attempts to assess the associations among opioid 

overdose risks across multiple functional domains: drug 
acquisition, drug use, and psychosocial factors. The results 
show these domains interact with persons who experience 
homelessness, have severe psychological distress, and who 
are trauma-exposed more likely to experience an overdose. 
We have speculated that the likely mechanism underlying 
the association between unstable social and living circum-
stances is that they drive acquiring and using drugs from 
unfamiliar sources and using in unfamiliar circumstances. 
Such individuals also appear to be more prone toward risky 
drug use behaviors, particularly polydrug use, that place 
them at higher risk of an overdose. We consider the results 
of this study to be preliminary given the limitations noted 
above. Research that replicates and/or extends this study’s 
design and methods to assess the generalizability of the 
model to other opioid-using populations at risk for over-
dosing and which includes more detailed information on 
complex psychosocial constructs such as trauma exposure 
is clearly warranted. Direct assessment of the associations 
among psychosocial instability and drug use risk behaviors 
would also be beneficial in better understanding the associ-
ative and causal mechanisms by which these factors inter-
act to increase overdose risk.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12889‑ 024‑ 19217‑y.

 Supplementary Material 1.

 Supplementary Material 2.

 Supplementary Material 3.

Acknowledgements
 The authors would like to thank the management and clinical staff at Com‑
munity Outreach Intervention Projects at the University of Illinois Chicago 
School of Public Health who provided space and access to their clients for the 
research projects on which this study was based. We would also like to thank 
Ms. Lisa Taylor for her able project management of both component studies.

Authors’ contributions
JAS conceived of, conducted analyses, wrote, and edited the manuscript. PZ 
conducted preliminary analyses and a literature review and wrote a prelimi‑
nary draft of the background section. DW was Co‑PI on the RCT component 
study and provided editorial and review assistance as did DF and ADJ. M‑E 
MA and RJ contributed to and advised on the SEM modeling strategy, model 
interpretation, and also reviewed and provided editorial assistance.

Funding
Funding for the component studies was provided by the Arnold Foundation 
and by the National Center for Advancing Translational Sciences (NCATS), 
National Institutes of Health, through Grant Award Number UL1TR002003. 
The content is solely the responsibility of the authors and does not necessarily 
represent the official views of the NIH.

Availability of data and materials
The datasets generated and/or analyzed during the current study are not 
publicly available as they contain identifying and private health information. 
A de‑identified version is available from the corresponding author on reason‑
able request.

https://doi.org/10.1186/s12889-024-19217-y
https://doi.org/10.1186/s12889-024-19217-y


Page 10 of 11Swartz et al. BMC Public Health         (2024) 24:1692 

Declarations

Ethics approval and consent to participate
The two component studies on which this secondary analysis was based were 
reviewed and approved by the University of Illinois Chicago (UIC), University 
of Notre Dame, and Chestnut Health Systems IRBs. As the second study was a 
randomized controlled trial (RCT), the UIC and Chestnut Health Systems IRBs 
also reviewed and approved the RCT study protocol (NCT04575324).

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1 Jane Addams College of Social Work, University of Illinois Chicago, 1040 W. 
Harrison St. MC (309), Chicago,  IL 60612, United States. 2 University of Notre 
Dame, 390 N. Corbett Family Hall, South Bend, IN 46556, United States. 3 Light‑
house Institute, Chestnut Health Systems, 221 W Walton St, Chicago, IL 60610, 
United States. 4 Community Outreach Intervention Projects, School of Public 
Health, University of Illinois Chicago, 1603 W. Taylor St, Chicago, IL 60612, 
United States. 

Received: 4 January 2024   Accepted: 20 June 2024

References
 1. Jannetto PJ. The North American opioid epidemic. Ther Drug Monit. 

2021;43(1):5.
 2. Ciccarone D. The rise of illicit fentanyls, stimulants and the fourth wave of 

the opioid overdose crisis. Curr Opin Psychiatry. 2021;34:344–50.
 3. Ahmad F. B., Cisewski J. A., Rossen L. M., Sutton P. Provisional drug over‑

dose death counts.: National Center for Health Statistics. 2023.
 4. Chandler R, Nunes EV, Tan S, Freeman PR, Walley AY, Lofwall M, et al. 

Community selected strategies to reduce opioid‑related overdose deaths 
in the HEALing (Helping to End Addiction Long‑term (SM)) communities 
study. Drug Alcohol Depend. 2023;245.

 5. Razaghizad A, Windle SB, Filion KB, Gore G, Kudrina I, Paraskevopoulos 
E, et al. The Effect of Overdose Education and Naloxone Distribu‑
tion: An Umbrella Review of Systematic Reviews. Am J Public Health. 
2021;111:e1–12.

 6. Bhuiyan I, Tobias S, Ti L. Responding to changes in the unregulated drug 
supply: the need for a dynamic approach to drug checking technologies. 
Am J Drug Alcohol Abuse. 2023;49(6):685–90.

 7. Laing MK, Tupper KW, Fairbairn N. Drug checking as a potential strategic 
overdose response in the fentanyl era. Int J Drug Policy. 2018;62:59–66.

 8. Maghsoudi N, Tanguay J, Scarfone K, Rammohan I, Ziegler C, Werb D, 
Scheim AI. Drug checking services for people who use drugs: a system‑
atic review. Addiction (Abingdon, England). 2022;117:532–44.

 9. Volkow N, Blanco C. Fentanyl and other opioid use disorder: Treatment 
and research needs. Am J Psychiatry. 2023;180:410–7.

 10. Park J. N., Rashidi E, Foti K, Zoorob M, Sherman S, Alexander G. C. Fentanyl 
and fentanyl analogs in the illicit stimulant supply: Results from U.S. drug 
seizure data, 2011‑2016. Drug Alcohol Depend. 2021;218:108416.

 11. Jones CM, Bekheet F, Park JN, Alexander GC. The evolving overdose epi‑
demic: Synthetic opioids and rising stimulant‑related harms. Epidemiol 
Rev. 2020;42:154–66.

 12. Ciccarone D. The triple wave epidemic: Supply and demand drivers of the 
US opioid overdose crisis. Int J Drug Policy. 2019;71:183–88.

 13. Palamar JJ, Ciccarone D, Rutherford C, Keyes KM, Carr TH, Cottler LB. 
Trends in seizures of powders and pills containing illicit fentanyl in the 
United States, 2018 through 2021. Drug Alcohol Depend. 2022;234.

 14. Griffiths PN, Seyler T, De Morais JM, Mounteney JE, Sedefov RS. Opioid 
problems are changing in Europe with worrying signals that synthetic 
opioids may play a more significant role in the future. Addiction. 2023. 
https:// doi. org/ 10. 1111/ add. 16420.

 15. Holland A, Copeland CS, Shorter GW, Connolly DJ, Wiseman A, Mooney J, 
et al. Nitazenes‑heralding a second wave for the UK drug‑related death 
crisis? Lancet Public Health. 2024;9:e71–2.

 16. Butelman ER, Huang Y, Epstein DH, Shaham Y, Goldstein RZ, Volkow ND, 
Alia‑Klein N. Overdose mortality rates for opioids and stimulant drugs 
are substantially higher in men than in women: state‑level analysis. Neu‑
ropsychopharmacology. 2023;48(11):1639–47. https:// doi. org/ 10. 1038/ 
s41386‑ 023‑ 01601‑8.

 17. Dahlman D, Ohlsson H, Edwards AC, Sundquist J, Hakansson A, Sundquist 
K. Socioeconomic correlates of incident and fatal opioid overdose among 
Swedish people with opioid use disorder. Subst Abuse Treat Prev Policy. 
2021;16:73.

 18. Gondre‑Lewis MC, Abijo T, Gondre‑Lewis TA. The Opioid Epidemic: a Crisis 
Disproportionately Impacting Black Americans and Urban Communities. 
J Racial Ethn Health Disparities. 2023;10:2039–53.

 19. van Draanen J, Tsang C, Mitra S, Karamouzian M, Richardson L. Socioeco‑
nomic marginalization and opioid‑related overdose: A systematic review. 
Drug Alcohol Depend. 2020;214.

 20. von Oelreich E, Eriksson M, Brattstrom O, Sjolund KF, Discacciati A, Larsson 
E, Oldner A. Risk factors and outcomes of chronic opioid use following 
trauma. Br J Surg. 2020;107:413–21.

 21. Doran KM, Fockele CE, Maguire M. Overdose and Homelessness‑Why We 
Need to Talk About Housing. JAMA Netw Open. 2022;5.

 22. Mital S, Wolff J, Carroll JJ. The relationship between incarceration history 
and overdose in North America: A scoping review of the evidence. Drug 
Alcohol Depend. 2020;213.

 23. van Draanen J, Tsang C, Mitra S, Phuong V, Murakami A, Karamouzian M, 
Richardson L. Mental disorder and opioid overdose: a systematic review. 
Soc Psychiatry Psychiatr Epidemiol. 2022;57:647–71.

 24. Kennedy MC, Dong H, Tobias S, Buxton JA, Lysyshyn M, Tupper KW, Ti L. 
Fentanyl Concentration in Drug Checking Samples and Risk of Overdose 
Death in Vancouver, Canada. Am J Prev Med. 2024;66(1):10–17. https:// 
doi. org/ 10. 1016/j. amepre. 2023. 08. 016.

 25. Crepeault H, Ti L, Jutras‑Aswad D, Wood E, Le Foll B, Lim R, et al. Correlates 
of nonfatal overdose among treatment‑seeking individuals with non‑
heroin opioid use disorder: Findings from a pragmatic, pan‑Canadian, 
randomized control trial. J Subst Use Addict Treat. 2023;155.

 26. Guarino H, Frank D, Quinn K, Kim D, Gile K, Ruggles K, et al. Syndemic 
factors associated with non‑fatal overdose among young opioid users in 
New York City. Front Public Health. 2023;11:1195657.

 27. Geddes L, Iversen J, Darke S, Dietze P, Maher L. Prevalence and correlates 
of multiple non‑fatal opioid overdoses among people who inject drugs 
who utilise needle syringe programs in Australia. Int J Drug Policy. 
2021;96.

 28. Altekruse SF, Cosgrove CM, Altekruse WC, Jenkins RA, Blanco C. Socioeco‑
nomic risk factors for fatal opioid overdoses in the United States: Findings 
from the Mortality Disparities in American Communities Study (MDAC). 
PLoS ONE. 2020;15.

 29. Adams EA, Aquino MRJ, Bartle V, Brennan‑Tovey K, Kennedy J, Koehne 
S, et al. International evidence on lived experiences of trauma during 
homelessness and effects on mental health including substance use: 
a co‑produced qualitative systematic review. Lancet. 2023;402(Suppl 
1):S18.

 30. Fine DR, Dickins KA, Adams LD, Horick NK, Critchley N, Hart K, et al. 
Mortality by Age. Gender, and Race and Ethnicity in People Experiencing 
Homelessness in Boston, Massachusetts, JAMA Netw Open. 2023;6.

 31. Spencer MR, Garnett MF, Miniño AM. Drug overdose deaths in the United 
States, 2002–2022. NCHS Data Brief, no 491. Hyattsville, MD: National 
Center for Health Statistics. 2024. https:// doi. org/ 10. 15620/ cdc: 135849.

 32. Drug Enforcement Administration [DEA],DEA warns of increase in 
mass‑overdose events involving deadly fentanyl: Drug Enforcement 
Administration; 2022. https:// www. dea. gov/ press‑ relea ses/ 2022/ 04/ 06/ 
dea‑ warns‑ incre ase‑ mass‑ overd ose‑ events‑ invol ving‑ deadl yfent anyl.

 33. Meyer M, Westenberg JN, Jang KL, Choi F, Schreiter S, Mathew N, et al. 
Shifting drug markets in North America ‑ a global crisis in the making? Int 
J Ment Health Syst. 2023;17:36.

 34. Aikens B, Jasmin W, Chung I, Arunkumar P, Kiely M, Aks S, et al. Annual 
opioid surveillance report ‑ Chicago 2019, Chicago. IL: Chicago Depart‑
ment of Public Health; 2021.

 35. Watson DP, Swartz JA, Robison‑Taylor L, Mackesy‑Amiti ME, Erwin K, 
Gastala N, et al. Syringe service program‑based telemedicine linkage to 

https://doi.org/10.1111/add.16420
https://doi.org/10.1038/s41386-023-01601-8
https://doi.org/10.1038/s41386-023-01601-8
https://doi.org/10.1016/j.amepre.2023.08.016
https://doi.org/10.1016/j.amepre.2023.08.016
https://doi.org/10.15620/cdc:135849
https://www.dea.gov/press-releases/2022/04/06/dea-warns-increase-mass-overdose-events-involving-deadlyfentanyl
https://www.dea.gov/press-releases/2022/04/06/dea-warns-increase-mass-overdose-events-involving-deadlyfentanyl


Page 11 of 11Swartz et al. BMC Public Health         (2024) 24:1692  

opioid use disorder treatment: protocol for the STAMINA randomized 
control trial. BMC Public Health. 2021;21:630.

 36. Swartz JA, Lieberman M, Jimenez AD, Mackesy‑Amiti ME, Whitehead HD, 
Hayes KL, et al. Current attitudes toward drug checking services and a 
comparison of expected with actual drugs present in street drug samples 
collected from opioid users. Harm Reduct J. 2023;20:87.

 37. Swartz JA, Mackesy‑Amiti ME, Jimenez AD, Robison‑Taylor L, Prete E. 
Feasibility study of using mobile phone‑based experience sampling to 
assess drug checking by opioid street drug users. Pilot Feasibility Stud. 
2023;9:91.

 38. Whitehead HD, Hayes KL, Swartz JA, Lieberman M. Development and vali‑
dation of a liquid chromatography tandem mass spectrometry method 
for the analysis of 53 benzodiazepines in illicit drug samples. Forensic 
Chemistry (Amsterdam, Netherlands). 2023;35:100512. https:// doi. org/ 10. 
1016/j. forc. 2023. 100512.

 39. American Psychiatric Association. Diagnostic and statistical manual of 
mental disorders (5th ed., text rev.) 2022. https:// doi. org/ 10. 1176/ appi. 
books. 97808 90425 787.

 40. Kessler RC, Green JG, Gruber MJ, Sampson NA, Bromet E, Cuitan M, et al. 
Screening for serious mental illness in the general population with the 
K6 screening scale: results from the WHO World Mental Health (WMH) 
survey initiative. Int J Methods Psychiatr Res. 2010;19(Suppl 1):4–22.

 41. Prochaska JJ, Sung HY, Max W, Shi Y, Ong M. Validity study of the K6 scale 
as a measure of moderate mental distress based on mental health treat‑
ment need and utilization. Int J Methods Psychiatr Res. 2012;21:88–97.

 42. Bell LA, Hadland SE. Unintentional overdoses: understanding the fentanyl 
landscape and reducing harm. Curr Opin Pediatr. 2023;35:408–14.

 43. Armenian P, Vo KT, Barr‑Walker J, Lynch KL. Fentanyl, fentanyl analogs and 
novel synthetic opioids: A comprehensive review. Neuropharmacology. 
2017;134:121–32.

 44. Mayer S, Boyd J, Collins A, Kennedy MC, Fairbairn N, McNeil R. Character‑
izing fentanyl‑related overdoses and implications for overdose response: 
Findings from a rapid ethnographic study in Vancouver. Canada, Drug 
Alcohol Depend. 2018;193:69–74.

 45. Centers for Disease Control and Prevention (U.S.) Increase in fatal drug 
overdoses across the United States driven by synthetic opioids before 
and during the COVID‑19 pandemic. 2020:438.

 46. StataCorp. Stata v17.1 for Mac. College Station: StataCorp; 2021.
 47. Muthén B, Muthén LK. Mplus v8.8. Los Angeles: Muthén & Muthén; 2022.
 48. West SG, Taylor AB, Wu W. Model fit and model selection in structural 

equation modeling. In: Hoyle RH, editor. Handbook of structural equation 
modeling. New York, NY: Guilford; 2012. p. 209–31.

 49. Byrne B. M. Structural equation modeling with Mplus (Multivariate appl‑
cations series), New York, NY: Taylor & Francis (Kindle edition); 2012.

 50. Shi D, Lee T, Maydeu‑Olivares A. Understanding the Model Size Effect on 
SEM Fit Indices. Educ Psychol Measur. 2018;79:310–34.

 51. Jones JD, Mogali S, Comer SD. Polydrug abuse: a review of opioid and 
benzodiazepine combination use. Drug Alcohol Depend. 2012;125:8–18.

 52. Barocas JA, Nall SK, Axelrath S, Pladsen C, Boyer A, Kral AH, et al. 
Population‑level health effects of involuntary displacement of people 
experiencing unsheltered homelessness who inject drugs in US cities. J 
Am Med Assoc. 2023;329:1478–86.

 53. Kline RB. Principles and practice of structural equation modeling (5th 
edition) New York. NY: Guilford Press; 2023.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1016/j.forc.2023.100512
https://doi.org/10.1016/j.forc.2023.100512
https://doi.org/10.1176/appi.books.9780890425787
https://doi.org/10.1176/appi.books.9780890425787

	Associations among drug acquisition and use behaviors, psychosocial attributes, and opioid-involved overdoses
	Abstract 
	Aims 
	Design 
	Setting and participants 
	Measurements 
	Findings 
	Conclusions 

	Introduction
	The present study

	Methods
	Setting
	Participants
	EFA sample
	CFA sample

	Measures
	Drug use behaviors
	Psychosocial factors
	Fentanyl preference and drug injection use
	Past-year overdose
	Demographics

	Analyses

	Results
	Descriptive statistics
	Exploratory and confirmatory factor analyses 
	Structural model

	Discussion
	Principal findings
	Strengths and weaknesses in relation to prior studies
	Limitations
	Unanswered questions and future research

	Acknowledgements
	References


