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Abstract

Background: The availability of central nervous system stimulants has risen in recent years, along with increased dispensing
of stimulantsfor treatment of, for exampl e, parent-reported attention-deficit/hyperactivity disorder in children and new diagnoses
during adulthood. Typologies of drug use, as has been done with opioids, fail to include a sufficient range of behavioral factors
to contextualize person-centric circumstances surrounding drug use. Understanding these patterns across drug classeswould bring
public health and regulatory practices toward precision public health.

Objective: The objective of this study was to quantitatively delineate the unique behaviora profiles of adults who currently
nonmedically use stimulants and opioids using a latent class analysis and to contrast the differences in findings by class. We
further evaluated whether the subgroups identified were associated with an increased Drug Abuse Screening Test-10 (DAST-10)
score, which isan indicator of average problematic drug use.

Methods: This study used a national cross-sectional web-based survey, using 3 survey launches from 2019 to 2020 (before the
COVID-19 pandemic). Datafrom adults who reported nonmedical use of prescription stimulants (n=2083) or prescription opioids
(n=6127) in the last 12 months were analyzed. A weighted latent class analysis was used to identify the patterns of use. Drug
types, motivations, and behaviors were factors in the model, which characterized unique classes of behavior.

Results: Five stimulant nonmedical use classes were identified: amphetamine self-medication, network-sourced stimulant for
alertness, nonamphetamine performance use, recreational use, and nondiscriminatory behaviors. The drug used nonmedically,
acquisition through afriend or family member, and use to get high were strong differentiators among the stimulant classes. The
latter 4 classes had significantly higher DAST-10 scores than amphetamine self-medication (P<.001). In addition, 4 opioid
nonmedical use classeswereidentified: moderate pain with low mental health burden, high pain with higher mental health burden,
risky behaviors with diverse motivations, and nondiscriminatory behaviors. There was a progressive and significant increase in
DAST-10 scores across classes (P<.001). The potency of the opioid, pain history, the routes of administration, and psychoactive
effect behaviors were strong differentiators among the opioid classes.

Conclusions: A more precise understanding of how behaviors tend to co-occur would improve efficacy and efficiency in
developing interventions and supporting the overall health of those who use drugs, and it would improve communication with,
and connection to, those at risk for severe drug outcomes.

(J Med Internet Res 2023;25:e46742) doi: 10.2196/46742
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Introduction

Background

Central nervous system stimulants are treatments for a variety
of illnesses. There are pharmaceutical treatments for
attention-deficit/hyperactivity disorder (ADHD), such as
treatments using amphetamine and methylphenidate [1], and
for narcolepsy, shift work sleep disorder, and obstructive sleep
apnea, such as treatment using modafinil [2]. In recent years,
the availability of these drugs has risen. Among children and
adolescents aged 3to 17 years, the prevalence of parent-reported
ADHD had risen steadily to 9.6% in 2018 [3], whereas
dispensing rates for stimulants remained stable from 2014
through 2019 [4]. Among adults, the prevalence of diagnosed
ADHD was estimated at 2.5% in 2009 [1], and the rates of
dispensing, particularly among female individual s, were on the
rise from 2014 to 2019 [4]. Heterogeneity in the clinica
presentation of ADHD among adults makes clinical diagnoses
more difficult during adulthood than during adolescence [5]. In
the United States, an estimated 536,000 (0.2%) individuals aged
>12 years used modafinil in 2020 [6]. Given the effects of
prescription stimulants on the central nervous system, all types
have the potential to be misused or abused [ 7], and the diversion
of prescription stimulants is well documented [8].

In 2020, in the United States, an estimated 5.1 million (1.8%)
people aged =12 years misused a prescription stimulant, 5.2
million used cocaine, and 2.5 million used methamphetamine.
However, 50% more people initiated prescription stimulant
misuse than cocaine, and 400% more people misused
prescription stimulants than methamphetamine[6]. Prescription
stimulant misuse, or nonmedical use, has been documented in
severa sectors of society, particularly among younger adults
and adolescents [8,9]. Most of those who misuse prescription
stimulants are not novel drug users; the majority also report
using other recreational drugs or misuse of other prescription
drugs (95.3%) and report that their misuse behaviors were
preceded by other drug use (77.6%) [10]. In addition, mortality
involving illicit and prescription psychostimulants has risen
dramatically, with 22.9% of drug overdose deaths involving a
stimulant in 2019 [11], and amphetamine-involved deaths are
also on the rise, albeit at lower levels [12]. As drug use
behaviors shift, and new medications become more prevalent,
our characterization of behavioral patterns should also change.

Typologies of drug use among persons who use opioids have
been studied using a latent class anaysis (LCA), with a
substantial emphasis on understanding polysubstance use
[13,14]. However, few studies have investigated the behavioral
constructsthat might underlie opioid use. Apart from accounting
for injection or inhalation, typology analysesinvolving opioids
have not factored in behavioral indicators such as the source of
the drug or reasons for use, athough the association of
behavioral indicatorswith the severity of drug useiswell known
[15-17]. Precision public health [18], which heralds a move to
providing theright intervention to theright individual, is needed
and requires an understanding of the diversity in drug use
patternsin real-world settings. Drug class—specific use patterns
may present as heterogeneous typologies; in addition, the
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typologies of use are not expected to be similar among drug
classes. The behavioral typologiesof both stimulantsand opioids
are understudied, and distinguishing behavioral patternsamong
drug classes would be a step toward person-centric precision
public health.

Objectives

This study aimed to delineate more nuanced behavioral patterns
among those who use prescription stimulants and opioids using
anationa survey inthe United Statesand an LCA. An objective
of this study was to compare the differences in how the latent
classes manifested in each of the stimulant and opioid classes
across a similar set of behavioral indicators. This approach
allows the data-driven discovery of use patterns across many
novel behavioral indicators, which broadens the understanding
of the typologies of use for both drug classes. A direct
comparison between prescription stimulant and opioid
typologies from the same data source and study period contrasts
important similarities and differences between these
psychoactive substances [13].

Methods

Study Population

Thisstudy used cross-sectiona datafrom the Researched Abuse,
Diversion and Addiction-Related Surveillance System’s Survey
of the Nonmedical Use of Prescription Drugs (NMURKX)
program. Detailed methods for the NMURX program are
provided elsewhere [19]. Briefly, this program conducts 2
launches of the survey per year to a web-based panel targeting
the general adult population (aged =18 years); respondents can
only participate once per year. The survey includesinformation
about the individual’s characteristics and risk factors, as well
as their motivations and behaviors surrounding prescription
drug use. The questions focus on major psychoactive drug
classes, including stimulants and opioids. Respondents are
surveyed based on a nonprobability-based quota sampling
collection mechanism. Exclusion criteria are then applied to
remove respondents who demonstrate careless or inattentive
responses. Finally, the sample is weighted using a generalized
calibration weighting scheme. This approach has been shown
to generate reliable and valid drug use estimates in the United
States among adults [19,20]. This study used both survey
launches from 2019 and the first launch from 2020; data
collection was compl eted before widespread disruption to daily
lifein March 2020 from the COVID-19 pandemic.

M easures

This study focused on those who have nonmedically used
prescription stimulants or prescription opioids in the last 12
months. Nonmedical use was defined as a prescription drug
“use in away not directed by a health care professional.” The
prescription stimulants of interest were amphetamine,
methylphenidate, and modafinil. Given the many different types
of prescription opioids, these were classified by morphine
milligram equivalent conversion factors into 4 indicator
variables: low-potency opioids (codeine, dihydrocodeine,
tramadol, and tapentadol), medium-potency opioids
(hydrocodone, morphine, and oxycodone), high-potency opioids
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(fentanyl, hydromorphone, and oxymorphone), and opioids used
commonly in opioid use disorder maintenance therapy
(buprenorphine and methadone) [21]. Drug use behaviors were
classified as indicator variables. Reasons for nonmedical use
aretailored to each drug class; afull list of reasons by classis
provided in Multimedia Appendix 1. The routes of
administration included swallowing, other oral methods
(including crushing, chewing, or dissolving in mouth), inhaling
(snorting or smoking), and injecting the medication. The sources
of the prescription included a valid prescription for onesdlf,
friend, or family member; dealers; or another form of diversion
(aforged prescription; stolen from pharmacy, clinic, or hospital;
or purchased without a prescription abroad or on the internet).
Finally, nonpharmaceutical stimulant (cocaine, crack cocaine,
methamphetamine, illicit amphetamine, or
3,4-methylenedioxy-methamphetamine [MDMA])  and
nonpharmaceutical opioid (heroin or nonpharmaceutical
fentanyl) usein the last year were defined as nonpharmaceutical
drug useindicator variablesfor each of the stimulant and opioid
models. All drug use indicators were included as predictorsin
the LCA models.

Other demographic and risk factors were included to describe
the sample and the resultant latent classes. In particular, the
Drug Abuse Screening Test-10 (DA ST-10) was used to provide
aquantitative score for class-agnostic severity of drug use[22].
This self-administered tool is a 10-item questionnaire that is
not substance specific; hence, scores can be compared across
populations. A score of >3 on the DAST-10 discriminates well
for people with lifetime drug use disorders with or without
diagnoses[23]. Participation in adrug treatment program in the
last 12 months for drug use disorders involving prescription or
illegal substances was self-reported.

Ethical Consider ations

The NMURX program study protocol has received ongoing
approval from the Colorado Multiple Ingtitutional Review Board
since 2016 (#16-0922). Participants consented to be surveyed
(Multimedia Appendix 2) and were compensated in points,
which could be redeemed for gift cards at commercial vendors
valued up to US $3. Privacy in the survey is protected by a
certificate of confidentiality from the National Institutes of
Health, and personally identifiableinformation was not collected
by the researchers.

Statistical Analysis

Demographics and national prevalence of drug use, as well as
nonmedical use for each prescription drug and 95% CI, were
estimated among all adultsin the United States using calibration
weights. Among those who nonmedically used a prescription
stimulant or opioid, the percentage and 95% ClI for each drug,
reason, route, and source were estimated separately.

The populations of those who nonmedically used prescription
stimulants or opioids were independently explored using an
LCA. Other studies that have explored the patterns of drug use
behaviors have taken similar approaches [13,14]. This
multivariable technique assumes that the study population
consists of several subgroups engaging in a mix of distinct
behaviors that are defined by observed characteristics [24].
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These subgroupswerelatent, meaning that they were not directly
observed and wereinstead discerned fromindividual behaviors.
Subgroups derived by the data can differ between the 2
prescription drug types, however, naming the identified
subgroupswas qualitative and dictated by the researchers based
on the patterns observed.

To develop the LCA models, several exploratory subsets of the
model indicators were used from the categories of drug type,
reason for nonmedical use, route of administration, and source.
The selection process was performed to improve model
performance and interpretability [24,25]. There was no apriori
number of latent classes specified; therefore, models with
different latent classes were tested and compared with the
Bayesian information criterion (BIC) and other fit statistics.

Degrees of freedom for the G? likelihood ratio test were
calculated from the fitted model, which is the number of cells
in a contingency table representing permutations of behaviors
minus the number of parameters estimated minus 1. Other
diagnostic criteria evaluated were the smallest class count
(sample size of >50 or >5% of the sample), entropy (>0.8), and
average latent class posterior membership probability (>0.9)
[25]. LCA models that did not converge are not shown. The
NMURX program calibration weights were incorporated into
the models using a pseudolikelihood estimation approach.

The latent class modeling results presented are the gamma (y)
parameters (the latent class membership probabilities or
prevalence estimates) and rho (p) parameters (the item-response
probabilities given latent class membership). Individuals were
assigned to alatent class with the highest probability based on
the Bayes theorem, given the observed data [24]. The
distributions of demographic and health factors were stratified
by latent class. Differencesin these characteristics across class
membership were assessed using chi-square testsfor categorical
variables and ANOVA for continuous variables; P values were
adjusted using the Holm correction for multiple comparisons.

Finally, it was hypothesized that subgroupswith more advanced
drug use behaviors would be associated with an increased
DAST-10 score, as an indicator of average problematic drug
use, and with attending drug use treatment in thelast 12 months.
When evaluating distal outcomes, we used the naive approach,
wherethe latent class assignment was used in subsequent models
without including the error or bias associated with class
membership probabilities[26,27]. Other methods for accounting
for thiserror or bias have been published, but the naive approach
allowed the incorporation of the NMURX program weighting
scheme. This resulted in an acceptable trade-off between
potentially attenuated effect sizes and the representative
modeling results of the general population. Both crude and
adjusted models were assessed. The association of class
membership with mean DAST-10 score was modeled with a
linear regression controlling for sex, age, race (Black, White,
or other), ethnicity, and tobacco use in the last 12 months to
adjust for confounding. The odds of drug use treatment in the
last 12 monthswere model ed with logistic regression controlling
for the same variables plus a history of acute or chronic pain.

All analyseswere conducted in SAS (version 9.4; SASIngtitute)
using the PROC LCA package [28].
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Results

Study Sample

Acrossthe study period, there were 89,383 surveysrepresenting
87,786 unique individuals between the 2 survey years. Of the
87,786 uniqueindividuals, 2083 (2.37%) indicated honmedical
use of stimulants, and 6127 (6.98%) indicated nonmedical use
of opioids in the last 12 months. In the study, 1.79%
(1597/89,383) surveys were from repeat individuas; this was
considered ignorable in the analysis.

The national prevalence among adults for any prescription
stimulant use in the last 12 months was 5% (95% CI
4.9%-5.2%), including the use of amphetamine (4%, 95% ClI
3.8%-4.1%), methylphenidate (1%, 95% CI 1.0%-1.1%), and
modafinil (0.7%, 95% CI 0.6%-0.7%). The national prevalence
of nonmedical use of prescription stimulants was 1.9% (95%
Cl 1.8%-2.0%), including amphetamine (1.6%, 95% ClI
1.5%-1.6%), methylphenidate (0.3%, 95% CI 0.3%-0.4%), and
modafinil (0.2%, 95% CI 0.2%-0.3%). The national prevalence
of nonmedical use of any prescription opioid was 5.5% (95%
Cl 5.4%-5.7%), including medium-potency opioids (3.4%, 95%
Cl 3.2%-3.5%), low-potency opioids (2.9%, 95% CI
2.8%-3.1%), high-potency opioids (0.7%, 95% CI 0.6%-0.8%),
and maintenance opioids (0.7%, 95% CI 0.6%-0.7%).

Overall, compared with the general population, the adults who
nonmedically used prescription drugs were younger and
consisted of higher proportionsof maleindividuals, individuals
who identified as Hispanic, those who had never married, and
current students or health care professionals (Table Sl in
Multimedia Appendix 1). In thelast 12 months, there was also
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a higher proportion of alcohol use, an overnight stay in the
hospital, and receipt of counseling for alcohol or drug use. The
proportionsfor thelifetime history of 10 mental health diagnoses
were =2-fold higher among those who had nonmedically used
prescription medications. Finally, the average DAST-10 score
was higher among those who reported nonmedical use of
prescription stimulants compared with those who reported
nonmedical use of opioids or the total population.

Subgroups of Stimulant Nonmedical Use

Item Response and Model Fit Overview

Among adults who nonmedically used prescription stimulants,
amphetamine was the most common drug (79.9%), followed
by nonpharmaceutical stimulants (35.3%; Table S2 in
Multimedia Appendix 1). The most common reasons for
nonmedical use included to focus or get work done (62.8%)
and to stay awake or be alert (59.6%), whereas in the case of a
littte more than one-third of adults, the reasons included for
enjoyment and to get high (35.2%). A friend or family member
was the most common source (55.4%) of the prescription
stimulant, followed by individuals who used their own valid
prescriptions (41.5%).

The stimulant LCA resulted in up to 5 latent classes across
converged models, and the 5-class model had the lowest BIC
and appropriatefit statistics (Tables 1 and 2). Full item-response
probabilities and 95% CI for each observed variable across the
classes are included in Table S3 in Multimedia Appendix 1.
Among adults nonmedically using prescription stimulants, the
interpretation of the 5 latent classes and their prevalence
estimates (Figure 1; Table S4 in Multimedia Appendix 1) are
provided in the following subsections.

Table 1. Latent class analysis model evaluation (model fit criteria) by drug group.

Drug group and number of classes Model fit criteria

BIC? AlCP Gzc(df) Log-likelihood

Nonmedical use of prescription stimulants

1 11,168.9 11,084.3 11,054.3 (32,752) -17,687.9

2 8682.6 8507.7 8445.7 (32,736) -16,383.6

3 7439.6 7174.5 7080.5 (32,720) -15,701.0

4 6990.6 6635.2 6509.2 (32,704) -15,415.4

5 6518.2 6072.5 5914.5 (32,688) -15,118.0
Nonmedical use of prescription opioids

1 34,598.9 34,484.7 34,450.7 (131,054) -56,757.0

2 24,098.1 23,862.8 23,792.8 (131,036) -51,428.1

3 22,355.3 21,999.1 21,893.1 (131,018) -50,478.2

4 20,671.7 20,194.6 20,052.6 (131,000) —-49,557.9

3B C: Bayesian information criterion.
BAIC: Akaike information criterion.
CLikelihood ratio chi-square statistic for null hypothesis.
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Table 2. Latent class analysis model evaluation (diagnostic criteria) by drug group.

Drug group and num-
ber of classes

Diagnostic criteria

Smallest classcount, n (%) Smallest classweighted prevalence (%) Entropy Average latent class posterior probability

Nonmedical use of prescription stimulants (n=2083)

1 2083 (100) 100 1.00 1.00
2 844 (40.5) 324 0.78 0.94
3 627 (30.1) 32 0.81 0.92
4 362 (17.4) 217 0.83 0.91
5 320 (15.4) 134 0.85 0.91
Nonmedical use of prescription opioids (n=6127)
1 6127 (100) 100 1.00 1.00
2 1999 (32.6) 28.2 0.87 0.96
3 1336 (21.8) 245 0.88 0.95
4 1215 (19.8) 19.2 0.85 0.92

Figure 1. Stimulant nonmedical use latent class item-response probabilities.
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swallowing the medication (p=0.92) and sourcing it through a

Amphetamine Self-Medication valid prescription (p=0.76). This class had almost 2-fold higher

Thisclass (25.6%) was defined by amphetamine users (p=1.00)
with an extremely low probability of other stimulant use. This
class had a moderate probability of nonmedically using
amphetamine for addressing medical conditions or symptoms
(p=0.49) or alertness (p=0.65) as well as high probabilities of
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proportionsof ADHD diagnosesthan other classesand similarly
high proportions of anxiety disorders. Nonpharmaceutical drug
use was lowest among the classes, and the prevalence was
largely comparable with the general population prevalence
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estimates. This class had low but nonzero probability of
nonmedical use of low- and medium-potency opioids.

Network-Sourced for Alertness

Thisclass (19%) was a so defined by amphetamine use (p=1.00),
with moderate nonpharmaceutical stimulant use (p=0.28). This
class had high probabilities of nonmedically using stimulants
to stay awake or be aert (p=0.89) and swallowing the
medication (p=1.00). Thisclassamost exclusively sourced the
stimulants through friends and family networks (p=0.99), with
very low probability of using a valid prescription or sourcing
from dealers. Thisclass had the lowest proportion of diagnosed
ADHD despite high amphetamine use. Cocaine and MDMA
use were also elevated in this group. As in the amphetamine
self-medication group, this class had low but nonzero probability
of nonmedical use of low- and medium-potency opioids.

Nonamphetamine Performance Use

This class (13.7%) was defined by higher probabilities of
prescription methyl phenidate (p=0.55) and modafinil (p=0.49)
use and distinctly not amphetamine use (p=0.08). This class
had high probabilities of nonmedically using the stimulantsfor
alertness (p=0.70), swallowing the medication (p=0.68), and
sourcing it through valid prescriptions (p=0.50), although no
single source was highly probable. This class had high
proportions of self-assessed very good or excellent health while
having generally lower proportions of mental health diagnoses.
High-potency opioid use was more likely in this class than in
the amphetamine self-medication or network-sourced for
alertness classes.

Recreational Use

This class (23.9%) had a high probability of amphetamine use
(p=1.00), with the highest probability of nonpharmaceutical
stimulant use across classes (p=0.58). This class had high
probabilities of nonmedically using stimulants for aertness
(p=0.82) and for enjoyment or to get high (p=0.60). This class
had moderate probabilities of both swallowing (p=0.70) and
inhaling the medication (p=0.54), aswell as primarily sourcing
it through friends and family networks (p=0.70) and from
dealers (p=0.53). This class aso had higher proportions of
prescription drug treatment in thelast 12 months and nonmedical
use of opioids of all potencies. This class had the highest
proportions of anxiety disorders, major depressive disorders,
and posttraumatic stress disorder. This group also had high
proportions of nonpharmaceutical stimulant use, with
approximately 1in 3 using cocaine or methamphetaminein the
last 12 months.

https://www.jmir.org/2023/1/e46742
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Nondiscriminatory Behaviors

Thislatent class (17.9%) showed high probabilities across most
of the drugs, reasons, routes, and sources. This indicates that
all these behaviorswere prevalent in combination, but no single
combination of behaviors particularly defined the class. This
class consisted of a population that indiscriminately used
prescription stimulants. This class had the highest likelihood of
injecting prescription stimulants. It also had the highest
proportion of drug treatment in thelast 12 months (21%), while
also having the highest proportion of self-assessed very good
or excellent health (73%). In general, it had some of the highest
proportions of mental health disorders. In this class, the
proportion of nonpharmaceutical stimulant use ranged from
22% for MDMA to 28% for methamphetamine.

Demographic and Other Drug Use Characteristics

When looking at the demographic characteristics that differ
among these 5 latent classes, 4 of them consisted of majority
male individual s, whereas 1 (the network-sourced for alertness
class) consisted of majority female individuas (61%). The
amphetamine self-medication, nonamphetamine performance
use, and nondiscriminatory behaviors classes in genera had
higher proportions of those who were married and had higher
levels of education. The nonamphetamine performance use and
nondiscriminatory behaviors classes had higher proportions of
current or former armed forces personnel. There were no
differences across classes regarding current student status, but
there were differences in the proportions of health care
professionals, with the highest proportions found in the
nonamphetamine performance use and nondiscriminatory
behaviors classes. The estimated mean age ranged from 32 to
34 years.

Association of Class Membership With DAST-10 Score
and Drug Use Treatment

When modeling the association of class membership with
DAST-10 score and drug use treatment in the last 12 months,
the adjustment for confounders attenuated the effect estimates.
Every class still had a statistically significant increase in mean
DAST-10 score (P<.001) above the amphetamine
self-medication class (Figure 2; Table S5 in Multimedia
Appendix 1) after adjusting for confounding. The mean increase
in estimates ranged from 0.48 DAST-10 points for the
network-sourced stimulant for alertness classto 2.19 DAST-10
points for the recreational use class. The association of class
membership with receiving treatment for the use of prescription
or other illegal drugs in the last 12 months was elevated only
for the recreational use class (odds ratio [OR] 2.23, 95% CI
1.35-3.67) and the nondi scriminatory behaviorsclass (OR 2.87,
95% Cl 1.71-4.83) after adjusting for confounding compared
with the amphetamine self-medication class.
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Figure 2. Latent class membership association with Drug Abuse Screening Test-10 (DA ST-10) score and drug treatment history in the last 12 months.
(A) Prescription stimulant nonmedical use. (B) Prescription opioid nonmedical use.
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Subgroups of Opioid Nonmedical Use

Item Response and Model Fit Overview

Among adults who nonmedically used prescription opioids,
medi um-potency opioidswere the most common drug (60.8%),
followed by low-potency opioids (52.9%). The prevalence of
use of nonpharmaceutical opioids was <6% each (Table S2in
Multimedia Appendix 1). The most common reasons for
nonmedical use included to reduce pain (77.7%) and to relax
or reduce stress or sleep (46.8%), whereasin the case of alittle
lessthan one-third of adults, the reasonsincluded for enjoyment
and to get high (28.1%). Receiving the prescription opioid
through a valid prescription for oneself was the most common
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source (55%), followed by receiving from a friend or family
member (49.9%).

The opioid LCA resulted in up to 4 latent classes across
converged models, and the 4-class model had the lowest BIC
and appropriatefit statistics (Tables 1 and 2). Full item-response
probabilities and 95% CI for each observed variable across the
classes are included in Table S6 in Multimedia Appendix 1.
Among adults nonmedically using prescription opioids, the
interpretation of the 4 latent classesrelied both on item-response
probabilities and the posterior distributions of health factors to
best understand the results. Their descriptions and prevalence
estimates (Figure 3; Table S7 in Multimedia Appendix 1) are
provided in the following subsections.
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Figure 3. Opioid nonmedical use latent class item-response probabilities.

Rockhill et al

Moderate pain
with low mental
health burden
(21.9%)

High pain
with higher mental
health burden
(38.4%)

Risky behaviors
diverse
motivations
(20.8%)

Nondiscriminatory
behaviors
(18.9%)

Low-potency opicids =
Medium-potency opioids =
High-potency opioids =

Maintenance opioids =

Nonpharmaceutical |
opioids

To treat pain =

To treat other medical _|
condition or symptoms

To relax or sleep =

To get high =

To treat withdrawal or |
come down

Factor

Swallow =

Chew or dissolve =
Inhale or inject =
Valid prescription =
Friends or family =
Dealer =

Other diversion =

Moderate Pain With Low Mental Health Burden

This class (21.9%) was primarily defined by exclusive
probability of the use of low-potency opioids (p=1.00), with
zero probability of the use of other opioids. This class had a
high probability of nonmedically using opioids to reduce pain
(p=0.76); 51% had chronic or acute pain in the last 12 months,
and 38% saw aphysician for thispain. Thisclasshad amoderate
probability of sourcing these low-potency opioids through a
valid prescription (p=0.50) and through friends or family
members (p=0.40). There was aso a high probability of
swallowing the medication (p=0.98), which istheintended route
for most of these opioids. In comparison with the other classes,
therewere overall lower proportions of mental health diagnoses
in this class.

High Pain With Higher Mental Health Burden

This class (38.4%) was primarily defined by medium-potency
opioid use (p=1.00), with amoderate probability of low-potency
opioid use (p=0.33). This class had the highest probability of
nonmedically using opioids to reduce pain (p=0.85) and
swallowing the medication (p=1.00). This class had the highest
proportion of individual swho had experienced acute or chronic
pain (60%), had seen a physician for this pain (44%), and had
received a prescription opioid for this pain (34%). Similarly,
this class had amoderate probability of sourcing opioidsthrough
a valid prescription (p=0.56) and through friends or family
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members (p=0.50). However, the proportions of anxiety
disorders (38%) and major depressive disorder (15%) were
elevated compared with other classes, considering that this class
did not have the other risky drug-related behavior profiles.

Risky Behaviors With Diverse Motivations

This class (20.8%) was not defined by any 1 type of opioid use,
meaning that all types, including maintenance drugs and
nonpharmaceutical opioid use, were common among the class.
This class had the lowest probability of nonmedically using
opioids to reduce pain (p=0.62); reasons such as to prevent or
treat withdrawal symptoms or a comedown from a high were
elevated compared with the first 2 described classes. As there
were diverse reasons for use, thisindicates that the population
was managing multiple drug effects beyond managing pain.
This class showed approximately egqual probabilities of some
higher-risk behaviors such as other oral routes (chewing or
dissolving medications, p=0.52) and nonoral routes (inhal ation
or injection, p=0.32). The use of stimulants was higher for this
classthan for the pain-oriented classes. This class had the lowest
percentage of individualswho had experienced acute or chronic
pain (45%). Compared with the other classes, there were higher
proportions of several mental health disorders, including autism
spectrum disorder and bipolar disorder. Notably, this class began
to show higher nonpharmaceutical opioid use, including heroin
(8%) and fentanyl (5%) use.
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Nondiscriminatory Behaviors

Asin the case of the stimulant analysis, a latent class (18.9%)
appeared that had high probabilities across most of the drugs,
reasons, routes, and sources. This indicates that all these
behaviors were prevalent in combination, but no single
combination of behaviors particularly defined the class. This
class consisted of a population that indiscriminately used
opioids. This class had the highest likelihood of injecting
prescription opioids and nonmedically using stimulants. This
class also had the highest proportions (at most 2-fold higher)
of mental health disorders across classes, and 55% had
experienced acute or chronic paininthelast year. Notably, there
was 21% heroin use and 18% fentanyl useinthelast 12 months.

Demographic and Other Drug Use Characteristics

When looking at the demographic characteristics that differ
among these 4 latent classes, the risky behaviors with diverse
motivations and nondiscriminatory behaviors classes consisted
of majority male individuals, whereas the other 2 classes
consisted of approximately equal numbers of male individuals
and female individuals. The nondiscriminatory behaviors class
in general had higher proportions of those who had advanced
education and were health care professionals, current students,
or current or former armed forces personnel. There were no
differences across classes acrossincome, marital status, or most
race categories. The mean age ranged from 33 to 41 years.

Association of Class Membership With DAST-10 Score
and Drug Use Treatment

When modeling the association of class membership with
DAST-10 score and drug use treatment in the last 12 months,
the adjustment for confounders attenuated the effect estimates.
Every class still had a statistically significant increase in mean
DAST-10 score (P<.001) above the moderate pain with low
mental health burden class (Figure 2; Table S8 in Multimedia
Appendix 1) after adjusting for confounding. These mean
increase in estimates ranged from 0.35 DAST-10 pointsfor the
high pain with higher mental health burden class to 2.36
DAST-10 pointsfor the nondiscriminatory behaviorsclass. The
association of class membership with receiving treatment for
the use of prescription or other illegal drugsinthelast 12 months
were elevated for the risky behaviors with diverse motivations
(OR 4.91, 95% CI 3.09-7.80) and nondiscriminatory behaviors
(OR 9.74, 95% Cl 6.22-15.26) classes after adjusting for
confounding compared with the moderate pain with low mental
health burden class.

Discussion

Principal Findings

Overall, among adults in the United States, the prevalence of
prescription stimulant nonmedical use was lower than that for
prescription opioids, with amphetamine having the highest
prevalence at 1.9% and methyl phenidate and modafinil having
similar preval ence estimates of 0.2% to 0.3%. Both prescription
stimulant and opioid nonmedical use populations were
heterogeneous, with distinct behavioral patterns and associated
demographic, mental health, and risk factor profiles. This is
consistent with other latent profile work demonstrating that
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drug use can peak at many different points throughout
adulthood, and peaks are associated with a multitude of prior
factors[17]. Among adults who nonmedically used prescription
stimulants, 5 distinct latent classes emerged, ranging in
prevalence rates from 14% to 26%, indicating that there is no
one dominant use pattern. Among adults who nonmedically
used prescription opioids, 4 distinct latent classes emerged,
where the high pain with higher mental health burden classwas
twice as common as the other classes. For each drug category,
the identity of the drug used was a factor that differentiated
classes, but other behavioral characteristics were important to
the class definitions as well.

Unsurprisingly, amphetamine use largely separated from other
prescription stimulant use, which is consistent with dispensing
volume. The amphetamine self-medication class largely used
amphetamine to treat medical symptoms and therefore could
represent a group of individuals with untreated or undertreated
ADHD because less than half of the subgroup reported an
ADHD diagnosis. The appearance of this latent class was
expected among the general population of adults, where ADHD
diagnoses are challenging [29]. However, our analysisidentified
2 latent classes of stimulant usersthat are unique contributions
to our understanding of those who use prescription stimulants.
First, weidentified the network-sourced for a ertness | atent class
with a prevalence of 20%. Although the behaviora pattern
seems similar to behavioral patterns documented among
college-aged students [30], we demonstrated that this type of
behavioral patternis not confined to college students or young
adults. This latent class consisted of predominately femae
individuals (61%), had lower diagnoses of ADHD, and obtained
their medications almost exclusively through friends or family.
Thiscould be evidence pointing toward some femaleindividuals
with underdiagnoses of ADHD self-medicating, with other
behaviors being low risk, such as mostly swallowing their
medication and low report of use to get high. Prior work has
shown that female individuals may have been a clinically
underdiagnosed population for ADHD, given the differences
inclinical symptomology between maleindividualsand female
individuals, particularly with lower rates of diagnoses in
childhood [29]. Second, this is the first study to identify a
subgroup of prescription stimulant userswho seemto belargely
using the stimulants for performance reasons but are
predominately using nonamphetamine drugs such as
methylphenidate and modafinil. This group, although the least
common, seems to also have a higher-risk behavioral profile,
including routes that involve tampering, such as inhalation or
chewing of medications, and sourcing through diversion,
potentially exposing them to adulterated drug products. Both
classes may need diverseintervention strategiesto addresstheir
health risks.

Both prescription stimulant and opioid LCAs in this study
identified asimilar class, the nondiscriminatory behaviors class,
which was characterized by a high probability of the use of
multiple substances and risky behaviors, particularly injection
of the drug and nonmedical use across drug classes. These
classes were also characterized by increased proportions of
mental health disorders and previous substance use treatment.
Thisfinding is consistent with the findings of 2 other LCAs of
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prescription stimulants[31,32] and asystematic review of latent
classes among opioid users [13]. In addition, there is aso
evidence that similar classes of behavioral patterns are present
among adolescents who nonmedically use prescription
stimulants [31], potentially indicating that, for some, these use
patterns may begin early when health care providers are more
likely to interface with adolescents, allowing for opportunities
for education.

A systematic review of other stimulant use studies found that
the acquisition of prescription stimulantsfrom friends and family
networks [8] ranged from 50% to 90%, and this study found
that 55% of the respondents reported receiving the medication
from a friend or family member. Interestingly, some of the
distinct latent classes were almost exclusively obtaining their
medicines through these networks. The network-sourced for
alertness, recreational use, and nondiscriminatory behaviors
subgroups (accounting for 60% of this population) are
particularly concerning because these classes tended to not
obtain the drug from a health care professional and therefore
are potentially less exposed to information guiding proper
dosage, risks of co-use with other drugs, contraindications to
stimulant use, and other safe medication practices typically
communicated through health care professionals. Furthermore,
interventions primarily implemented through a hedth care
professional would have limited direct impact on these groups.
Future interventions may need to target specific subgroups; for
instance, the increased proportion of health care professionals
among severa of the stimulant use classes can be presumed to
be aware of therisks and may warrant adifferent approach than
more traditional risk education.

The opioid LCA showed more variance among mental health
disorders and substance use treatment than the stimulant
population. Generally, the 4 latent classes identified among
those who have nonmedically used a prescription opioid were
largely distinguished by type of opioid use, pain history, and
mental health burden. These findings were generally consistent
with those of a systematic review of all LCAs among persons
who use opioids and do indicate that there is a subgroup of
opioid users at risk who are not necessarily at the level of
requiring treatment but should be considered for interventions
to prevent progression to opioid use disorders [14]. However,
the findings presented here go beyond past works, which have
focused on polysubstance use and transition behaviors
[13,14,33], to include a series of behaviorsthat better represent
aperson-centric perspective on factorsthat compose drug-related
behaviorsin adults.
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A precision public health approach [18] aimed at preventing
progression to more severe drug-related outcomeswould address
the differences in subgroups who nonmedically use stimulants.
The most common providers of prescription stimulantsinclude
the 3 speciaties of psychiatry, pediatrics, and primary care
physicians[4]. For the amphetamine self-medication class, the
lack of high-risk behaviors could mean that an intervention with
this subgroup would focus more on treating unrecognized mental
health conditions rather than high-risk conseguences, whereas
an intervention with other latent classes such astherecreational
use and nondiscriminatory behaviors classes, which show
adjusted DAST-10 scores on average amost 2 points higher,
would likely involve evaluating substance use disorders. A next
step in studying prescription stimulant nhonmedical use could
be to connect the subgroup behaviors to the resulting
consequences and estimate the effectiveness of potential
interventions.

Strengthsand Limitations

This study has several notable strengths. First, the NMURX
program sampling was not related to drug use, and the adults
in the sample more likely represent the full range of stimulant
subgroups to study, whereas many other studies focus on more
specialized populationswith | ess generalizabl e results. Second,
the large sample size and the inclusion of behaviorsin addition
to specific substances in our latent models allowed us to
distinguish more nuanced behavioral patterns among
prescription stimulant nonmedical users, identifying 2 classes
inthe general population that are underrepresented in research.
One limitation to this study is the drug-centric approach,
focusing on separate stimulant and opioid profiles. Future
research would benefit from performing similar analyses
considering al drug use profiles and exploring more
polysubstance use behaviorsto further our understanding of the
evolving drug use landscape.

Conclusion

To increase the effectiveness of drug-related health
interventions, the diversity in how and why people use drugs
must be considered. A more precise understanding of how
behaviors tend to co-occur would improve efficacy and
efficiency in deploying resources to support the overall health
of those who use drugs, and it would improve how we
communicate with, and connect to, those at risk for severe drug
outcomes.

The research reported in this manuscript was supported by the US Food and Drug Administration (FDA; 75F40120C00151). The
role of the FDA in this research was restricted to funding, planning, and project management. The findings and conclusions in
this paper are those of the authors and do not necessarily represent the views of the FDA.

Authors Contributions

KMR, JCB, and JLI were responsible for the concept and design of the study. KMR, RO, and JCB were responsible for data
acquisition and analysis. KMR drafted the manuscript, which was critically revised by al authors. RO, JCB, JLI, and RCD

obtained funding. RO provided administrative support.

https://www.jmir.org/2023/1/e46742

JMed Internet Res 2023 | vol. 25 | 46742 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Rockhill et al

Conflictsof Interest

Authors have no individual declarations of interest. This work was performed using the Researched Abuse, Diversion and
Addiction-Related Surveillance (RADARS) System. The RADARS System is supported by subscriptions from pharmaceutical
manufacturers, government agencies, and nongovernment agenciesfor surveillance, research, and reporting services. The RADARS
System is the property of Denver Health and Hospital Authority, a political subdivision of the state of Colorado, United States.
Denver Health and Hospital Authority retains exclusive ownership of all data, databases, and systems. No subscriber participated
in the conception, analysis, drafting, or review of this manuscript.

Multimedia Appendix 1

Additional results.
[DOCX File, 67 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Consent language.
[DOCX File, 16 KB-Multimedia Appendix 2]

References

1.  SimonV, Czobor P, Balint S, Mészaros A, Bitter |. Prevalence and correl ates of adult attention-deficit hyperactivity disorder:
meta-analysis. Br J Psychiatry 2009 Mar;194(3):204-211 [doi: 10.1192/bjp.bp.107.048827] [Medline: 19252145]

2.  BanerjeeD, Vitiello MV, Grunstein RR. Pharmacotherapy for excessive daytime sleepiness. Sleep Med Rev 2004
Oct;8(5):339-354 [doi: 10.1016/j.smrv.2004.03.002] [Medline: 15336235]

3. Zablotsky B, Black L1. Prevalence of children aged 3-17 yearswith developmental disabilities, by urbanicity: United States,
2015-2018. Natl Health Stat Report 2020 Feb(139):1-7 [FREE Full text] [Medline: 32510313]

4. Board AR, Guy G, Jones CM, Hoots B. Trends in stimulant dispensing by age, sex, state of residence, and prescriber
speciaty - United States, 2014-2019. Drug Alcohol Depend 2020 Dec 01;217:108297 [FREE Full text] [doi:
10.1016/j.drugal cdep.2020.108297] [Medline: 32961454]

5. Katzman MA, Bilkey TS, Chokka PR, Fallu A, Klassen LJ. Adult ADHD and comorbid disorders: clinical implications of
adimensional approach. BMC Psychiatry 2017 Aug 22;17(1):302 [FREE Full text] [doi: 10.1186/s12888-017-1463-3]
[Medline: 28830387]

6. 2020 National Survey of Drug Use and Health (NSDUH) rel eases. Substance Abuse and Mental Health Services
Administration. URL: https.//www.samhsa.gov/data/rel ease/2020-nati onal -survey-drug-use-and-heal th-nsduh-rel eases
[accessed 2023-02-09]

7.  Dart RC. Monitoring risk: post marketing surveillance and signal detection. Drug Alcohol Depend 2009 Dec 01;105 Suppl
1:S26-S32 [doi: 10.1016/].drugal cdep.2009.08.011] [Medline: 19748743]

8. Faraone SV, Rostain AL, Montano CB, Mason O, Antshel KM, Newcorn JH. Systematic review: nonmedical use of
prescription stimulants: risk factors, outcomes, and risk reduction strategies. JAm Acad Child Adolesc Psychiatry 2020
Jan;59(1):100-112 [FREE Full text] [doi: 10.1016/j.jaac.2019.06.012] [Medline: 31326580]

9.  McCabe SE, West BT. Medical and nonmedical use of prescription stimulants: results from a national multicohort study.
JAm Acad Child Adolesc Psychiatry 2013 Dec;52(12):1272-1280 [FREE Full text] [doi: 10.1016/j.jaac.2013.09.005]
[Medline: 24290460]

10. Sweeney CT, Sembower MA, Ertischek MD, Shiffman S, Schnoll SH. Nonmedical use of prescription ADHD stimulants
and preexisting patterns of drug abuse. JAddict Dis 2013;32(1):1-10 [FREE Full text] [doi: 10.1080/10550887.2012.759858]
[Medline: 23480243]

11. Mattson CL, Tanz LJ, Quinn K, KariisaM, Patel P, Davis NL. Trends and geographic patternsin drug and synthetic opioid
overdose deaths - United States, 2013-2019. MMWR Morb Mortal Wkly Rep 2021 Feb 12;70(6):202-207 [FREE Full text]
[doi: 10.15585/mmwr.mm7006a4] [Medline: 33571180]

12. Black JC, Bau GE, Iwanicki JL, Dart RC. Association of medical stimulants with mortality in the US from 2010 to 2017.
JAMA Intern Med 2021 May 01;181(5):707-709 [FREE Full text] [doi: 10.1001/jamainternmed.2020.7850] [Medline:
33523100]

13. Karamouzian M, Pilarinos A, Hayashi K, Buxton JA, Kerr T. Latent patterns of polysubstance use among people who use
opioids: asystematic review. Int JDrug Policy 2022 Apr;102:103584 [ FREE Full text] [doi: 10.1016/j.drugpo.2022.103584]
[Medline: 35074608]

14. deJonge MC, Bukman AJ, van Leeuwen L, Onrust SA, Kleinjan M. Latent classes of substance usein young adults - a
systematic review. Subst Use Misuse 2022;57(5):769-785 [doi: 10.1080/10826084.2022.2040029] [Medline: 35188870]

15. Lopez-Quintero C, Pérez de los Cobos J, Hasin DS, Okuda M, Wang S, Grant BF, et al. Probability and predictors of
transition from first use to dependence on nicotine, alcohol, cannabis, and cocaine: results of the National Epidemiologic

https://www.jmir.org/2023/1/e46742 JMed Internet Res 2023 | vol. 25 | e46742 | p. 11
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v25i1e46742_app1.docx&filename=fd7e3478c32b23e9afb7bab5178a4548.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e46742_app1.docx&filename=fd7e3478c32b23e9afb7bab5178a4548.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e46742_app2.docx&filename=308d29791612dfdeaf4804cb35286f2d.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e46742_app2.docx&filename=308d29791612dfdeaf4804cb35286f2d.docx
http://dx.doi.org/10.1192/bjp.bp.107.048827
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19252145&dopt=Abstract
http://dx.doi.org/10.1016/j.smrv.2004.03.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15336235&dopt=Abstract
http://www.cdc.gov/nchs/data/nhsr/nhsr139-508.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32510313&dopt=Abstract
https://europepmc.org/abstract/MED/32961454
http://dx.doi.org/10.1016/j.drugalcdep.2020.108297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32961454&dopt=Abstract
https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-017-1463-3
http://dx.doi.org/10.1186/s12888-017-1463-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28830387&dopt=Abstract
https://www.samhsa.gov/data/release/2020-national-survey-drug-use-and-health-nsduh-releases
http://dx.doi.org/10.1016/j.drugalcdep.2009.08.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19748743&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0890-8567(19)30470-8
http://dx.doi.org/10.1016/j.jaac.2019.06.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31326580&dopt=Abstract
https://europepmc.org/abstract/MED/24290460
http://dx.doi.org/10.1016/j.jaac.2013.09.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24290460&dopt=Abstract
https://europepmc.org/abstract/MED/23480243
http://dx.doi.org/10.1080/10550887.2012.759858
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23480243&dopt=Abstract
https://doi.org/10.15585/mmwr.mm7006a4
http://dx.doi.org/10.15585/mmwr.mm7006a4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33571180&dopt=Abstract
https://europepmc.org/abstract/MED/33523100
http://dx.doi.org/10.1001/jamainternmed.2020.7850
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33523100&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0955-3959(22)00006-8
http://dx.doi.org/10.1016/j.drugpo.2022.103584
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35074608&dopt=Abstract
http://dx.doi.org/10.1080/10826084.2022.2040029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35188870&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Rockhill et al

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Survey on Alcohol and Related Conditions (NESARC). Drug Alcohol Depend 2011 May 01;115(1-2):120-130 [FREE Full
text] [doi: 10.1016/j.drugalcdep.2010.11.004] [Medline: 21145178]

McCabe SE, Schulenberg JE, O'Malley PM, Patrick ME, Kloska DD. Non-medical use of prescription opioids during the
transition to adulthood: a multi-cohort national longitudinal study. Addiction 2014 Jan;109(1):102-110 [FREE Full text]
[doi: 10.1111/add.12347] [Medline: 24025114]

McCabe SE, Schulenberg JE, Schepis TS, Evans-Polce RJ, Wilens TE, McCabe V'V, et a. Trajectories of prescription drug
misuse among US adults from ages 18 to 50 years. JAMA Netw Open 2022 Jan 04;5(1):€2141995 [FREE Full text] [doi:
10.1001/jamanetworkopen.2021.41995] [Medline: 34982159]

Khoury MJ, lademarco MF, Riley WT. Precision public health for the era of precision medicine. Am JPrev Med 2016
Mar;50(3):398-401 [FREE Full text] [doi: 10.1016/j.amepre.2015.08.031] [Medline: 26547538]

Black JC, Rockhill K, Forber A, Amioka E, May KP, Haynes CM, et a. An online survey for pharmacoepidemiological
investigation (survey of non-medical use of prescription drugs program): validation study. JMed Internet Res 2019 Oct
25;21(10):€15830 [FREE Full text] [doi: 10.2196/15830] [Medline: 31654568]

Black JC, Forber A, Severtson SG, Rockhill K, May KP, AmiokaE, et al. Drug product dispensing and estimates of use
in ageneral population survey asasigna detection problem. Pharmacoepidemiol Drug Saf 2021 Aug;30(8):1132-1139
[FREE Full text] [doi: 10.1002/pds.5260] [Medline: 33931917]

Dowell D, Haegerich TM, Chou R. CDC guideline for prescribing opioids for chronic pain--United States, 2016. JAMA
2016 Apr 19;315(15):1624-1645 [FREE Full text] [doi: 10.1001/jama.2016.1464] [Medline: 26977696]

Skinner HA. The drug abuse screening test. Addict Behav 1982;7(4):363-371 [doi: 10.1016/0306-4603(82)90005-3]
[Medline: 7183189]

Yudko E, Lozhkina O, Fouts A. A comprehensive review of the psychometric properties of the Drug Abuse Screening Test.
J Subst Abuse Treat 2007 Mar;32(2):189-198 [doi: 10.1016/j.jsat.2006.08.002] [Medline: 17306727]

CoallinsLM, Lanza ST. Latent Class and Latent Transition Analysis: With Applicationsin the Social, Behavioral, and
Health Sciences. Hoboken, NJ: Wiley; 2010.

Weller BE, Bowen NK, Faubert SJ. Latent classanalysis: aguideto best practice. JBlack Psychol 2020 Jun 05;46(4):287-311
[doi: 10.1177/0095798420930932]

Bakk Z, Kuha J. Relating latent class membership to external variables: an overview. Br JMath Stat Psychol 2021
May;74(2):340-362 [FREE Full text] [doi: 10.1111/bmsp.12227] [Medline: 33200411]

Nagin D. Group-based Modeling of Devel opment. Cambridge, MA: Harvard University Press; Apr 25, 2005.

Lanza ST, Collins LM, Lemmon DR, Schafer JL. PROC LCA: a SAS procedure for Latent class analysis. Struct Equ
Modeling 2007;14(4):671-694 [ FREE Full text] [doi: 10.1080/10705510701575602] [Medline: 19953201]

Katzman MA, Bilkey T, Chokka PR, Fallu A, Klassen LJ. Re: is adult attention-deficit hyperactivity disorder being
overdiagnosed? Can J Psychiatry 2016 Jan;61(1):60-61 [FREE Full text] [doi: 10.1177/0706743715620143] [Medline:
27582455]

Teter CJ, McCabe SE, LaGrange K, Cranford JA, Boyd CJ. Illicit use of specific prescription stimulants among college
students: preval ence, motives, and routes of administration. Pharmacotherapy 2006 Oct;26(10):1501-1510 [ FREE Full text]
[doi: 10.1592/phco.26.10.1501] [Medline: 16999660]

Chen LY, Crum RM, Martins SS, Kaufmann CN, Strain EC, Mojtabai R. Patterns of concurrent substance use among
nonmedical ADHD stimulant users: results from the National Survey on Drug Use and Health. Drug Alcohol Depend 2014
Sep 01;142:86-90 [FREE Full text] [doi: 10.1016/j.drugal cdep.2014.05.022] [Medline: 24957742)

Timko C, Han X, Woodhead E, Shelley A, Cucciare MA.. Polysubstance use by stimulant users: health outcomes over three
years. JStud Alcohol Drugs 2018 Sep; 79(5):799-807 [FREE Full text] [doi: 10.15288/jsad.2018.79.799] [Medline: 30422794]
Barton AW, Reinhart CA, Campbell CC, Smith DC, Albarracin D. Opioid use at the transition to emerging adulthood: a
latent class analysis of non-medical use of prescription opioids and heroin use. Addict Behav 2021 Mar;114:106757 [doi:
10.1016/j.addbeh.2020.106757] [Medline: 33310393]

Abbreviations

ADHD: attention-deficit/hyperactivity disorder
AIC: Akaikeinformation criterion

BIC: Bayesian information criterion

DAST-10: Drug Abuse Screening Test-10

LCA: latent classanaysis

MDMA: 3,4-methylenedioxy-methamphetamine
NMURx: Nonmedical Use of Prescription Drugs
OR: oddsratio

https://www.jmir.org/2023/1/e46742 JMed Internet Res 2023 | vol. 25 | e46742 | p. 12

(page number not for citation purposes)


https://europepmc.org/abstract/MED/21145178
https://europepmc.org/abstract/MED/21145178
http://dx.doi.org/10.1016/j.drugalcdep.2010.11.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21145178&dopt=Abstract
http://hdl.handle.net/2027.42/102152
http://dx.doi.org/10.1111/add.12347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24025114&dopt=Abstract
https://europepmc.org/abstract/MED/34982159
http://dx.doi.org/10.1001/jamanetworkopen.2021.41995
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34982159&dopt=Abstract
https://europepmc.org/abstract/MED/26547538
http://dx.doi.org/10.1016/j.amepre.2015.08.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26547538&dopt=Abstract
https://www.jmir.org/2019/10/e15830/
http://dx.doi.org/10.2196/15830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31654568&dopt=Abstract
https://doi.org/10.1002/pds.5260
http://dx.doi.org/10.1002/pds.5260
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33931917&dopt=Abstract
https://europepmc.org/abstract/MED/26977696
http://dx.doi.org/10.1001/jama.2016.1464
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26977696&dopt=Abstract
http://dx.doi.org/10.1016/0306-4603(82)90005-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7183189&dopt=Abstract
http://dx.doi.org/10.1016/j.jsat.2006.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17306727&dopt=Abstract
http://dx.doi.org/10.1177/0095798420930932
https://europepmc.org/abstract/MED/33200411
http://dx.doi.org/10.1111/bmsp.12227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33200411&dopt=Abstract
https://europepmc.org/abstract/MED/19953201
http://dx.doi.org/10.1080/10705510701575602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19953201&dopt=Abstract
https://europepmc.org/abstract/MED/27582455
http://dx.doi.org/10.1177/0706743715620143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27582455&dopt=Abstract
http://hdl.handle.net/2027.42/90069
http://dx.doi.org/10.1592/phco.26.10.1501
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16999660&dopt=Abstract
https://europepmc.org/abstract/MED/24957742
http://dx.doi.org/10.1016/j.drugalcdep.2014.05.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24957742&dopt=Abstract
https://europepmc.org/abstract/MED/30422794
http://dx.doi.org/10.15288/jsad.2018.79.799
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30422794&dopt=Abstract
http://dx.doi.org/10.1016/j.addbeh.2020.106757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33310393&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Rockhill et al

Edited by A Mavragani; submitted 24.02.23; peer-reviewed by M Mackesy-Amiti, L Narbey; comments to author 13.04.23; revised
version received 03.05.23; accepted 18.08.23; published 20.09.23

Please cite as:

Rockhill KM, Olson R, Dart RC, Iwanicki JL, Black JC

Differing Behaviors Around Adult Nonmedical Use of Prescription Stimulants and Opioids: Latent Class Analysis
J Med Internet Res 2023;25:e46742

URL: https://www.jmir.org/2023/1/e46742

doi: 10.2196/46742

PMID:

©Karilynn M Rockhill, Richard Olson, Richard C Dart, Janetta L Iwanicki, Joshua C Black. Originally published in the Journal
of Medical Internet Research (https://www.jmir.org), 20.09.2023. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medica Internet
Research, is properly cited. The complete bibliographic information, alink to the original publication on https.//www.jmir.org/,
aswell asthis copyright and license information must be included.

https://www.jmir.org/2023/1/e46742 JMed Internet Res 2023 | vol. 25 | e46742 | p. 13
(page number not for citation purposes)

RenderX


https://www.jmir.org/2023/1/e46742
http://dx.doi.org/10.2196/46742
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

