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Abstract

Background: Prescription opioid misuse (POM) is often implicated in heroin initiation, despite 

evidence that POM does not predict heroin initiation any better than other drug use. Additionally, 

prescription misuse and illicit use behaviors tend to respectively “cluster” together. This study 

aimed to test a series of theory-driven factor models to explore how POM and heroin use 

are situated within the broader constellation of drug use that typically occurs alongside opioid 

(mis)use.

Methods: 36,309 individuals from NESARC-III (56.31% female; mean age=45.63 [SD=17.53]) 

reported their lifetime (mis)use of prescription opioids, prescription stimulants, prescription 

sedatives, heroin, cannabis, cocaine/crack, illicit stimulants (e.g., methamphetamine), club drugs, 

hallucinogens, and inhalants, and were administered a DSM-5 substance use disorder (SUD) 

assessment. Bifactor, correlated factors, and one-factor confirmatory factor models were fit using 

all drug use/SUD variables and subsequently compared.

Results: POM was most strongly correlated with prescription sedative misuse; heroin use was 

most strongly correlated with cocaine/crack use. All factor models fit the data well. Highly 

correlated factors and patterns of factor loadings suggested that POM and heroin use were most 

parsimoniously captured within a general factor alongside all other forms of drug use. This was 

also the case for SUD. Additional analyses testing an alternate factor structure provided further 

support for unidimensionality.

Conclusions: POM and heroin use, as well as prescription- and heroin-based SUDs, were 

neither separable nor distinctly associated. Future research should account for other drug use more 

comprehensively rather than isolating POM as a primary risk factor in heroin use and use disorder.
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1. Introduction

Opioid use, misuse, and overdose represent a significant health burden across the globe 

(Krausz et al., 2021). This is particularly pronounced in the United States (US), where the 

opioid crisis remains a major public health concern (Scholl et al., 2019; Wilson, 2020). 

Approximately 9.5 million people in the US aged 12 or older reported prescription opioid 

misuse (POM; i.e., use without a prescription, not as prescribed, or for a reason not 

medically indicated) and/or heroin use in the past year (SAMHSA, 2021). POM has been 

implicated in the initiation and perpetuation of the US opioid crisis, and the notion that POM 

leads to heroin use has become deeply engrained in the cultural perception of the opioid 

crisis (Volkow, 2014).

Missing in many examinations of the relationship between POM and heroin use is sufficient 

acknowledgement of the lack of specificity in the POM-heroin association. In almost no case 

is POM the only substance, or prescription drug, (mis)used prior to heroin initiation (Muhuri 

et al., 2013), yet POM is frequently, and often compellingly, implicated in narratives of 

heroin initiation (Compton et al., 2016; Mars et al., 2014; McCabe et al., 2021; Siegal et al., 

2003). Though such findings tend to be conspicuously de-emphasized in studies aiming to 

explicate the POM-to-heroin trajectory, there is ample evidence that prior non-opioid drug 

use is also robustly associated with heroin use, including among individuals reporting POM 

(Thomas et al., 2022). For example, a prospective study of high school students found that 

the association between heroin initiation and prior POM was no stronger than the association 

between heroin initiation and prior use of other drugs (Kelley-Quon et al., 2019). Similarly, 

a prospective study of young adults reporting recent POM found that cocaine, LSD, sedative, 

MDMA/ecstasy, and stimulant use each predicted heroin initiation comparably to or more 

robustly than prescription-based opioid dependence. Further, POM to self-medicate a health 

condition was negatively related to heroin initiation (Carlson et al., 2016). Such findings 

suggest that POM may not add any predictive value above and beyond use of other drugs 

when predicting heroin use, and, as a result, that the nature of the relationship between POM 

and heroin use cannot be accurately captured without explicitly addressing other drug use 

behaviors.

In addition to the apparent lack of discriminant predictive value of POM in the context of 

heroin initiation, evidence suggests that POM tends to “cluster” more closely with other 

prescription misuse behaviors, while heroin use tends to “cluster” more closely with use 

of other illicit drugs. For example, rates of lifetime prescription sedative and tranquilizer 

misuse are significantly higher among those reporting POM without heroin use (43% and 

45%) or both POM and heroin use (88% and 88%) as compared to those reporting heroin 

use without POM (16% and 14%) (Wu et al., 2011). Conversely, individuals reporting POM 

without heroin use report lower rates of lifetime cannabis (78%), cocaine (43%), inhalant 
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(18%), and hallucinogen use (46%) than those reporting heroin use without POM (97%, 

70%, 24%, and 68%, respectively) or both POM and heroin use (100%, 91%, 46%, and 

97%, respectively) (Wu et al., 2011). Rates of past year cannabis and other non-heroin illicit 

drug use are also significantly lower among individuals reporting POM without heroin use 

(50% and 25%, respectively) than those reporting heroin use without POM (63% and 62%, 

respectively) (Rigg and Monnat, 2015). Findings from a latent class analysis of drug use 

mirror these patterns, identifying classes of 1) prescription misuse, characterized by POM, 

sedative misuse, and prescription stimulant misuse, with lower rates of other illicit drug use, 

and 2) illicit drug use, characterized by use of drugs such as illicit opioids (e.g., heroin), 

cocaine, hallucinogens, and inhalants, with lower rates of prescription misuse (Dash et al., 

2021). These “clustering” patterns suggest that conceptualizing POM and heroin as elements 

subsumed by broader prescription misuse and illicit use factors, respectively, alongside other 

forms of drug use may be a valid approach to understanding the presentation of these 

behaviors (Dash et al., press; Kendler et al., 2007).

1.1. Present study

The findings described above underscore the importance of examining POM and heroin 

use within the greater context of other drug use that typically occurs among individuals 

engaged in opioid (mis)use (Pandika et al., 2022). Patterns observed in the extant literature 

suggest two possible ways that the association between POM and heroin use may be 

contextualized within the broader scope of drug use behaviors. First, studies showing a 

lack of differentiation in heroin use’s association with POM versus use of other drugs 

potentially suggest a unidimensional structure of drug use behavior, such that a general 

liability undergirds the spectrum of drug use behavior across drug types. Second, studies 

showing a differentiable “clustering” of prescription misuse and illicit drug use potentially 

suggest a two-factor structure, such that prescription misuse and illicit drug use form distinct 

dimensions but remain meaningfully associated through some common mechanism. The 

present study aimed to critically evaluate the POM-heroin association by testing these 

dimensional conceptualizations of drug use via a series of confirmatory factor models. 

We anticipated that drug use would be best captured by a bifactor model reflecting 1) a 

prescription misuse factor influencing prescription opioid, stimulant, and sedative misuse, 2) 

an illicit drug use factor influencing heroin, cannabis, cocaine/crack, illicit stimulant, club 

drug, hallucinogen, and inhalant use, and 3) a general liability factor that accounts for the 

association between the prescription misuse and illicit use factors.

2. Material and methods

2.1. Participants and procedure

Data were drawn from the National Epidemiologic Survey on Alcohol and Related 

Conditions (NESARC)-III. NESARC-III is a cross-sectional epidemiologic survey based 

on a representative sample of the civilian, non-institutionalized population age 18 and over. 

Between April 2012 and June 2013, 36,309 subjects participated in face-to-face interviews 

(56.31% female; 52.86% White, 21.39% Black, 1.41% American Indian/Alaska Native, 

4.96% Asian, 19.38% Hispanic [any race]; mean age=45.63 [SD=17.53], range=18–90). 

NESARC-III procedures have been detailed extensively elsewhere (Grant et al., 2014).
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2.2. Measures

Participants were interviewed using the Alcohol Use Disorder and Associated Disabilities 

Interview Schedule-5 (AUDADIS-5) (Grant et al., 2015). All participants were instructed 

to report lifetime drug use with the prompt: “Now I’d like to ask you about your 

experiences with medicines and other kinds of drugs that you may have used on your 

own- that is, without a doctor’s prescription; in greater amounts, more often, or longer 

than prescribed, or for a reason other than a doctor said you should use them. People 

use these medicines and drugs on their own to feel more alert, to relax or quiet their 

nerves, to feel better, to enjoy themselves, to get high, or just to see how they work.” 

Substances queried included prescription opioids, prescription stimulants, prescription 

sedatives, heroin, cannabis, cocaine/crack, illicit stimulants, club drugs, hallucinogens, and 

inhalants. Examples of drug types (e.g., “painkillers, for example…methadone, codeine, 

Demerol, Vicodin, OxyContin, Percocet, Percodan, morphine”) and common slang terms 

(e.g., “heroin, for example…smack, black tar, poppy”) were included in the query for each 

drug. Participants were also administered a DSM-5 diagnostic assessment for lifetime use 

disorder of each drug that they endorsed using in their lifetime. Use disorders assessed 

included prescription opioid, prescription sedative, heroin, cannabis, cocaine/crack, any 

stimulant, club drug, hallucinogen, and inhalant. Participants who did not endorse use were 

coded as having no lifetime use disorder.

2.3. Analytic plan

2.3.1. Primary models—Analyses were conducted in Mplus version 8 (Muthén, 2017). 

Three confirmatory factor models were fit: 1) a bifactor model, 2) a correlated factors 

model, and 3) a one-factor model (see Fig. 1) (Caspi et al., 2014). Sex, age, race/ethnicity, 

and education level were included as covariates in all models; sampling weights, cluster, 

and stratification variables were included to account for the complex survey design of 

NESARC-III. The bifactor model tested the hypothesis that drug use behaviors reflect both 

general liability for drug use and more specific forms of drug use liability (i.e., prescription 

misuse and illicit use); that is, whether a common trait accounts for a substantive overlap in 

latent factors despite some degree of theoretically indicated orthogonal multidimensionality. 

In this model, general liability was represented by a factor that influenced all drug use 

variables and the specific factors reflected prescription misuse and illicit drug use. The 

prescription misuse factor included prescription opioid, stimulant, and sedative misuse; the 

illicit use factor included heroin, cannabis (recreational cannabis was illegal in nearly every 

state at the time of data collection), cocaine/crack, illicit stimulant, club drug, hallucinogen, 

and inhalant use. Each drug use variable loaded jointly onto the general liability factor and 

its associated specific factor. The correlated factors model was used to test the hypothesis 

that there are latent trait factors- in this case, a prescription misuse factor and an illicit use 

factor- each of which influences a subset of the drug use phenotypes and which may also be 

correlated. The one-factor model tested whether the specific factors are needed, or if drug 

use can be adequately represented as a unidimensional construct. This series of models was 

also fit to the drug use disorder variables.

2.3.2. Alternate models—There is evidence that individuals may seek out particular 

types of drugs due to individual differences, such as personality, affect, and impulsivity 
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(Dash et al., press; Mahu et al., 2019). Perhaps rather than conceptualizing drug (mis)use 

and use disorder as existing on prescription and illicit dimensions, these behaviors may 

be better modeled according to overlapping pharmacodynamic, physiologic, and subjective 

drug effects. To explore this alternate hypothesis, we ran an additional set of bifactor and 

correlated factors models on both drug use and use disorder phenotypes. These models 

tested three specific factors: “uppers” (stimulants, cocaine/crack), “downers” (prescription 

opioids, sedatives, heroin), and “all-arounders” (cannabis, club drugs, hallucinogens, 

inhalants) (Inaba and Cohen, 2014). This configuration permitted POM and heroin use 

to be modeled on the same specific factor, thereby providing an additional test of their 

relationship; that is, whether they capture a unique but overlapping liability that would 

indicate specificity in the POM-heroin association.

2.3.3. Supplemental models—In an effort to capture the full range of substances, 

we conducted a supplemental sequence of analyses that included alcohol and nicotine. 

Supplemental models mirrored the structure of the primary models (bifactor, correlated 

factors, and one-factor models for both substance use and substance use disorder), with 

alcohol and nicotine modeled on the “licit” factor. The purpose of this was to further test 

the viability of this dimensional model and to create more balanced factors as a means of 

mitigating overrepresentation of illicit drugs in the primary models.

2.3.4. Model evaluation—Determination of model fit was based on three fit indices 

(McDonald and Ho, 2002; Schreiber et al., 2006): the root mean-square error of 

approximation (RMSEA) (Steiger, 1990), the non-normed fit index (NNFI; i.e., Tucker-

Lewis Index or TLI) (Tucker and Lewis, 1973) and the comparative fit index (CFI) (Bentler, 

1990). Assessment of model fit was based on accepted cutoffs in the literature: RMSEA 

〈0.05, TLI〉 0.95, and CFI >0.95 (Chen et al., 2008; Hooper et al., 2008; Hu and Bentler, 

1999; Yu, 2002). The chi square (χ2) statistic is reported per convention, but models were 

not rejected on the basis of a significant chi square due to its sensitivity to sample size. 

Chi-square difference tests for weighted least squares estimation were implemented via 

the difftest option in Mplus for the purpose of conducting formal model comparison, but 

were not relied upon to select the best-fitting model due to sensitivity to sample size, 

demonstrated bias toward bifactor models, and potential lack of power to detect model 

misspecification (Shi et al., 2018). In light of recommendations to avoid sole reliance on 

global fit indices to interpret bifactor models, we also evaluated patterns of factor loadings, 

wherein strong general and specific factor loadings in addition to good global fit would 

provide support for a bifactor structure (Bornovalova et al., 2020; Waldman et al., 2022).

3. Results

Prevalence rates of use and use disorder for each substance are presented in Table 1. The 

weighted estimate of any lifetime use drug was 36.57%. The weighted average number of 

drugs used was 0.85 (SE=0.02) in the full sample and 2.37 (SE=0.02) among respondents 

who endorsed any lifetime drug use. Weighted estimates for lifetime opioid (mis)use were 

11.31% for POM and 1.61% for heroin use; weighted estimates for lifetime opioid use 

disorder (OUD) were 2.05% for prescription-based disorder and 0.48% for heroin-based 

disorder. Prevalence rates for number of drugs used in the lifetime and number of lifetime 
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use disorders are available in Supplemental Table S1. Tetrachoric correlations between 

study variables are presented in Table 2. The correlation between POM and heroin use 

was robust (r = 0.70), but the magnitude of this correlation was similar to those of POM 

and heroin use with each of the other substance use variables. For POM, correlations with 

other substance use variables ranged from 0.59–0.85, with prescription sedative misuse 

being the strongest and cannabis use the weakest. For heroin use, correlations with other 

substance use variables ranged from 0.55–0.78, with cocaine/crack use being the strongest 

and illicit stimulant use the weakest. Similar results were obtained for the use disorder 

variables. The correlation between prescription- and heroin-based OUD was unsurprisingly 

robust (0.72), but this association was, again, not uniquely strong. For prescription-based 

OUD, correlations ranged from 0.53–0.81, with sedative use disorder being the strongest 

and cannabis use disorder the weakest. For heroin-based OUD, correlations ranged from 

0.46–0.72, with prescription-based OUD being the strongest and cannabis use disorder the 

weakest.

3.1. Prescription misuse and illicit use confirmatory factor models

Results of the three primary drug use models are presented in Table 3 (results for a 

bifactor model in which specific factors were permitted to correlate are presented in 

Supplemental Table S2). All models provided excellent fit to the data, though the bifactor 

model had the highest CFI and TLI and lowest RMSEA and chi square values. Difference 

testing also indicated superior fit of the bifactor model compared to the correlated factors 

(χ2(16)=420.28, p<.001) and one-factor model (χ2(24)=994.03, p<.001), as well as superior 

fit of the correlated factors model compared to the one-factor model (χ2(8)=500.80, 

p<.001). In the bifactor model, loadings on the general factor were high across all drug 

use variables (λ=0.699–0.919), with the highest loading for sedative misuse and the 

lowest loading for inhalant use. Loadings on the prescription factor were modest for both 

prescription opioid and sedative misuse (λ=0.280–0.380); unexpectedly, the loading for 

prescription stimulant misuse was negative (λ=−0.374). Loadings on the illicit use factor 

were moderate for cannabis, cocaine/crack use, club drug, hallucinogen, and inhalant use 

(λ=0.390–0.593), but less so for heroin (λ=0.284) and illicit stimulant use (λ=0.207). Thus, 

despite good global fit, several relatively weak loadings on the specific factors suggest that 

the bifactor model does not capture the data well.

In the correlated factors model, all items loaded strongly on their respective specific factors 

(λ=0.820–0.940). Sedative misuse showed the highest loading on the prescription factor 

(λ=0.916) and hallucinogen use showed the highest loading on the illicit factor (λ=0.940). 

Coupled with good global fit, this pattern suggests that the two correlated factors explain the 

structure of drug use well, though the correlation between the factors was quite high (r = 

0.86, 95% CI [.84–0.87], p<.001), suggesting that they may not be truly separable.

The one-factor model showed uniformly high loadings across all drugs (λ=0.807–0.932), 

with the highest loading for hallucinogen use and the lowest loading for inhalant use. 

Taken together with the inconsistent factor loadings in the bifactor model, the high factor 

correlation in the correlated factors model, and the good global fit of the one-factor 
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model, this pattern suggests that drug (mis)use may be most parsimoniously captured as 

a unidimensional construct.

3.2. Prescription misuse and illicit use disorder confirmatory factor models

It was not possible to precisely replicate the structure of the drug use models using the use 

disorder variables because stimulant use disorder was not disaggregated into prescription- 

and illicit-based disorders. Due to the negative loading of prescription stimulant misuse on 

the prescription misuse factor in the bifactor model of drug use, stimulant use disorder was 

placed on the illicit factor. With only two indicators remaining on the prescription factor, 

loadings were constrained to equality to achieve model identification.

Results of the three primary drug use disorder models are presented in Table 4 (results 

for a bifactor model in which specific factors were permitted to correlate are presented 

in Supplemental Table S3). All models provided good global fit to the data, though again 

difference testing indicated superior fit of the bifactor model compared to the correlated 

factors (χ2(15)=148.69, p<.001) and one-factor model (χ2(22)=292.79, p<.001), as well as 

superior fit of the correlated factors model compared to the one-factor model (χ2(7)=141.49, 

p<.001). In the bifactor model, loadings on the general factor were moderate to large across 

all drug use disorder variables (λ=0.596–0.863), with the highest loading for hallucinogen 

use disorder and the lowest loading for cannabis use disorder. Loadings on the prescription 

factor were modest but significant for both prescription-based OUD and sedative use 

disorder (λ=0.361–0.389). Loadings on the illicit factor were modest to moderate for 

cannabis (λ=0.625), hallucinogen (λ=0.375), and club drug use disorders (λ=0.369), but 

far less so for heroin (λ=−0.076, ns), stimulant (λ=0.142), cocaine/crack (λ=0.185), and 

inhalant use disorders (λ=0.266). This pattern suggests that the bifactor model does not 

explain the data well despite good global fit.

In the correlated factors model, all items loaded strongly on their respective specific 

factors (λ=0.762–0.951). Prescription-based OUD and sedative use disorder both loaded 

strongly on the prescription factor (λ=0.901) and hallucinogen use disorder showed the 

highest loading on the illicit factor (λ=0.951). Coupled with good global fit, this pattern 

suggests that the two correlated factors explain the structure of drug use well. However, the 

prescription misuse and illicit use factors were, again, very highly correlated (r = 0.87, 95% 

CI [.84–0.89], p<.001), suggesting that they may not be truly separable.

The one-factor model again showed uniformly high loadings across all drugs (λ=0.751–

0.943). As in the drug use models, a unidimensional solution appeared to most 

parsimoniously capture the drug use disorder construct.

3.3. Alternate confirmatory factor models

3.3.1. Uppers, downers, all-arounders: use factors—Results of the alternate drug 

use models are presented in Table 5 (results for a bifactor model in which specific 

factors were permitted to correlate are presented in Supplemental Table S4). Both models 

provided good global fit to the data. Again, difference testing indicated superior fit of the 

bifactor model compared to the correlated factors (χ2(13)=537.11, p<.001) and one-factor 
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model (χ2(30)=1181.50, p<.001), as well as superior fit of the correlated factors model 

as compared to the one-factor model (χ2(17)=740.38, p<.001). In the bifactor model, 

loadings on the general factor were large across all drug use variables (λ=0.735–0.937), 

with the lowest loading for POM and the highest loading for cocaine/crack use. Loadings 

on the “uppers” factor were moderate for prescription stimulant misuse (λ=0.590) and 

illicit stimulant use (λ=0.328), but not for cocaine/crack use (λ=−0.078). Loadings on 

the “downers” factor were also modest to moderate (λ=0.174–0.623), with the highest 

loading for POM and the lowest loading for heroin use. Interestingly, loadings for POM and 

sedative misuse were 2.5–3.5 times the magnitude of the loading for heroin use, suggesting 

that POM may be “more similar” to sedative misuse than to heroin use. Loadings on the 

“all-arounders” factor were relatively modest (λ=0.176–0.443), with the highest loading for 

club drug use and the lowest loading for inhalant use.

In the correlated factors model, all items loaded strongly on their respective specific factors 

(λ=0.832–0.948), suggesting that these three factors also capture the data well. Cocaine/

crack use showed the highest loading on the “uppers” factor (λ=0.937), sedative misuse 

showed the highest loading on the “downers” factor (λ=0.936), and hallucinogen use 

showed the highest loading on the “all-arounders” factor (λ=0.948). The three factors were 

very highly correlated (r = 0.81–0.95, ps<0.001).

While both of these alternative models appear statistically and theoretically sound, they 

do not appear to be appreciably superior to either the primary hypothesized models or the 

one-factor model. As such, the one-factor model once again presents the most parsimonious 

solution despite plausible validity of other multidimensional structures (see Table 3).

3.3.2. Uppers, downers, all-arounders: use disorder factors—Results of the 

alternate drug use disorder models are presented in Table 6 (results for a bifactor model in 

which specific factors were permitted to correlate are presented in Supplemental Table S5). 

Both models provided good global fit to the data. Again, difference testing also indicated 

superior fit of the bifactor model compared to the correlated factors (χ2(13)=41.81, p<.001) 

and one-factor model (χ2(29)=289.85, p<.001), as well as superior fit of the correlated 

factors model compared to the one-factor model (χ2(16)=261.32, p<.001). In the bifactor 

model, loadings on the general factor were large across all drug use variables (λ=0.666–

0.920), with the lowest loading for cannabis use disorder and the highest loading for 

hallucinogen use disorder. Loadings on the “uppers” factor were small and nonsignificant 

(λ=0.097–0.100). Loadings on the “downers” factor were moderate (λ=0.379–0.562), with 

the highest loading for prescription-based OUD and the lowest loading for heroin-based 

OUD. Loadings on the “all-arounders” factor were all small and nonsignificant (λ=0.095–

0.178), except for that of cannabis use disorder (λ=0.568). Overall, the pattern of loadings 

on the specific factors suggests that the bifactor configuration is not a sound solution.

In the correlated factors model, all items loaded strongly on their respective specific 

factors (λ=0.780–0.961). Cocaine/crack and stimulant use disorders loaded strongly on 

the “uppers” factor (λ=0.845), sedative use disorder showed the highest loading on the 

“downers” factor (λ=0.917), and hallucinogen use disorder loaded most strongly on the 

“all-arounders” factor (λ=0.961). The factors were, again, very highly correlated (r = 0.81–
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0.95). This pattern of model results provides further support for the unidimensional nature of 

drug use disorder (see Table 4).

3.4. Supplemental confirmatory factor models

3.4.1. Licit and illicit use factors—Fit indexes, standardized factor loadings, and 

factor correlations for the three supplemental substance use models are presented in 

Supplemental Table S6 (results for a bifactor model in which specific factors were permitted 

to correlate are presented in Supplemental Table S7). All models provided good fit to the 

data with acceptable global fit indexes, though the bifactor model again had the highest 

CFI and TLI and lowest RMSEA and chi square values. Difference testing also indicated 

superior fit of the bifactor model compared to the correlated factors (χ2(18)=1663.69, 

p<.001) and one-factor model (χ2(26)=2096.00, p<.001), as well as superior fit of the 

correlated factors model compared to the one-factor model (χ2(8)=584.68, p<.001). In the 

bifactor model, loadings on the general factor were quite large (λ=0.611–0.870), with lowest 

loadings for alcohol (λ=0.652) and nicotine use (λ=0.611). Loadings on the licit factor 

were quite small, with the exception of nicotine (λ=0.544), which seemed to essentially 

form its own factor; this may be because nicotine use was the only item for which a 

positive screen required repeated use (i.e., participants were screened positively for nicotine 

use if they endorsed 100 or more cigarette uses, 50 or more cigar uses, etc.), and thus 

reflected a higher level of use involvement than the other items. Interestingly, the loadings 

for the prescription misuse variables on the licit factor were all negative (λ=−0.386–0.122). 

Loadings on the illicit factor were more substantive (λ=0.356–0.505), with the exception 

of heroin (λ=0.184) and methamphetamine use (λ=0.098). This pattern of loadings is 

not reflective of an underlying bifactor structure despite good model fit. In the correlated 

factors model, items loaded highly on their respective factors (λ=0.816–0.937) with the 

exception of more moderate loadings for alcohol (λ=0.660) and nicotine use (λ=0.596) 

on the licit factor. The licit and illicit factors were very highly correlated (r = 0.90, 95% 

CI [.88–0.91], p<.001). The one-factor model showed uniformly high loadings across all 

drugs (λ=0.805–0.931), again with the exception of more moderate loadings for alcohol 

(λ=0.633) and nicotine use (λ=0.557). Taken together, this series of models may indicate 

that alcohol and nicotine use are be best modeled as their own factor, considering their 

relatively low loadings on common factors and seemingly opposing variance to prescription 

misuse behaviors.

3.4.2. Licit and illicit use disorder factors—Fit indexes, standardized factor 

loadings, and factor correlations for the three supplemental use disorder models are 

presented in Table S7 (results for a bifactor model in which specific factors were permitted 

to correlate are presented in Supplemental Table S8). The bifactor model appeared to 

provide best fit to the data; while the RMSEAs for the correlated factors and one-factor 

models indicated acceptable fit, the CFI and TLI values were below the established 

cutoff. Difference testing also indicated superior fit of the bifactor model compared to the 

correlated factors (χ2(17)=522.72, p<.001) and one-factor model (χ2(25)=569.80, p<.001), 

as well as superior fit of the correlated factors model compared to the one-factor model 

(χ2(8)=58.62, p<.001). In the bifactor model, loadings on the general factor were generally 

large (λ=0.721–0.887); alcohol and nicotine again displayed the lowest loadings (λ=0.721–

Dash et al. Page 9

Drug Alcohol Depend Rep. Author manuscript; available in PMC 2022 December 30.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



0.731). Loadings on the licit factor were modest for all use disorders (λ=0.288–0.310) 

except alcohol (λ=−0.089). Loadings on the illicit factor were modest-to-moderate for all 

use disorders (λ=0.121–0.555) except heroin (λ=0.016, ns). Such a pattern again indicates 

the absence of an underlying bifactor structure despite superior model fit. In the correlated 

factors model, items loaded highly on their respective factors (λ=0.701–0.926). The licit and 

illicit factors were very highly correlated (r = 0.93, 95% CI [.90–0.95], p<.001). The one-

factor model showed uniformly high loadings across drug use disorders (λ=0.764–0.922), 

but loadings for alcohol (λ=0.732) and nicotine (λ=0.686) use disorder were more modest. 

Overall, the pattern of findings was consistent with the substance use models.

4. Discussion

The present study aimed to provide insight into the relationship between POM and heroin 

use by testing a series of dimensional models of drug use and use disorder. Importantly, 

this study integrated a uniquely broad spectrum of drug use within which to contextualize 

POM and heroin use, both of which rarely occur in isolation from use of other non-

opioid substances. Testing a series of novel, theory-driven configurations of plausible 

dimensional models of drug use while explicitly modeling non-opioid drug use- rather than 

treating it as a covariate or nuisance variable- we did not uncover compelling evidence 

for empirical differentiation of POM and heroin use as items subsumed by distinct but 

correlated prescription misuse and illicit use factors. Additionally, an alternate factor model 

informed by pharmacodynamic, physiologic, and subjective drug effects did not support the 

hypothesis that POM and heroin use form a shared factor distinct from most other forms of 

drug use. More specifically, our results did not suggest that POM operates as a unique risk 

factor in the context of heroin use, but rather that (mis)use of non-opioid drugs may be as 

valuable in predicting heroin use as is POM.

These findings are not unprecedented, though most studies investigating substance use in 

this type of latent variable framework have operationalized POM and heroin use as a single, 

aggregated opioid (mis)use variable and have included fewer forms of other drug use/use 

disorder. Consistent with the present results, this aggregate form of opioid (mis)use has 

been found to form a single substance use factor alongside other substance use in prior 

phenotypic (Pandika et al., 2022) and genomic studies (Hatoum et al., 2021). Twin studies 

have demonstrated similar findings, with aggregate opioid (mis)use loading on a single 

genetic factor shared with cannabis, cocaine, hallucinogen, sedative, and stimulant use, with 

no drug-specific genetic effects (Karkowski et al., 2000; Kendler et al., 2003). In fact, 

twin studies suggest that there may be no drug-specific genetic influence on any drug use 

disorders, including OUD (Kendler et al., 2003). Such patterns may explain the lack of 

specificity in prediction of heroin use from POM versus other forms of drug use. Across 

both phenotypic and genetically-informed studies, findings indicate that individual-specific 

environmental experiences, particularly partner and peer substance use, contribute to the use 

of one substance versus another, while the majority of variance in drug use and use disorder 

is attributable to nonspecific liability for any drug use (Kendler et al., 2003; Pandika et 

al., 2022). As such, existing universal prevention/intervention approaches targeting refusal 

self-efficacy, refusal skills, and normative feedback on peer drug use may be a feasible and 

efficacious way to address opioid (mis)use.
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It is also worthwhile to note that these findings reflect many of the concerns regarding the 

bifactor model that have been increasingly raised in the literature (Bonifay et al., 2017; 

Waldman et al., 2022). The bifactor model tends to fit most possible data, which often 

reflects an artifact of overfitting as opposed to provision of a superior explanatory model 

(Bonifay and Cai, 2017; Bonifay et al., 2017). This was evinced in our model comparisons, 

wherein the bifactor model provided superior fit in all cases (p<.001), even those in which 

the pattern of factor loadings clearly did not display a pattern consistent with an underlying 

bifactor structure. Consonant with recent simulation studies, the bifactor models presented 

here had higher standard errors for factor loading estimates and specific factor loadings that 

were weaker and less interpretable than those in the correlated factors and one-factor models 

(Waldman et al., 2022). This study adds to the growing body of literature that suggests 

critical evaluation of the bifactor model in studies of human behavior is warranted.

4.1. Limitations

Despite the strength of NESARC-III as a large, nationally-representative epidemiologic 

study, it is not without limitations. National surveys may not be ideally equipped to 

accurately capture rates of heroin use at the population level, resulting in underestimation 

(Reuter et al., 2021). Relevant to this are issues of data censoring. That is, estimates of 

use prevalence may be biased due to factors such as incarceration and premature mortality 

(i.e., systematic exclusion of a subset of people who initiated use but could not be included 

in data collection), and initiation of use post-data collection (i.e., temporal limitations of 

capturing a respondent’s complete pattern of use over the lifetime).

Though the most incisive way to understand the relationship between POM and heroin 

use is to study use over time, this approach was not feasible in these cross-sectional 

data. Future studies may consider longitudinal applications, network modeling, and cross-

sectional survival analysis, which could extend the findings presented here by integrating 

salient factors such as age of onset and initiation sequence. Additionally, separate measures 

of prescription and illicit stimulant use disorder were not available, limiting our ability to 

build fully comparable models across use and use disorder. The use disorder models should 

be interpreted in light of the fact that the inclusion of individuals who do not use may have 

resulted in these models effectively differentiating use versus non-use rather than providing 

unique information about use disorder. This could potentially explain the similarity in results 

across the use and use disorder models, though unfortunately the nature of the multivariate 

analyses precluded exclusion of participants based on use status of any one, or of all, drugs. 

Finally, the analyses presented here should be considered exploratory given that we did not 

replicate factor structures in an independent sample. Despite these limitations, the present 

study provides a novel approach to understanding the relationship between POM and heroin 

use, and how they are situated within broader patterns of drug use.

4.2. Conclusions

POM and heroin use are often conceptualized as two sides of the same “opioid use” coin, 

with POM implicated as a step on the path to heroin use. However, studies aiming to address 

this topic often do so while insufficiently addressing the broader drug use context in which 

most opioid (mis)use occurs. The present study identified evidence for unidimensionality 

Dash et al. Page 11

Drug Alcohol Depend Rep. Author manuscript; available in PMC 2022 December 30.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



in both drug (mis)use and drug use disorder, which aligns with often overlooked findings 

showing that non-opioid drug use predicts heroin use at least as robustly as does POM. 

Simple explanations of the POM-to-heroin pathway, while intuitive, have proven to have 

deleterious downstream effects, including undertreatment of patient pain and uncertainty 

about best practices for opioid-based pain management among medical providers (Ebbert 

et al., 2018; Rose, 2018). A more nuanced approach to understanding how and under 

what conditions POM can confer risk for heroin use is requisite to balancing the potential 

negative sequalae of opioid use while avoiding an “over-correction” that ultimately results in 

unintended harm.
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Fig. 1. 
Simplified depiction of three confirmatory factor models of drug (mis)use.
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