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Introduction: While polysubstance use has consistently been associated with higher rates of relapse, few studies 

have examined subgroups with specific combinations and time course of polysubstance use (i.e., polysubstance 

use patterns). This study aimed to classify and compare polysubstance use patterns, and their associations with 

relapse to regular opioid use in 2637 participants in three large opioid use disorder (OUD) treatment trials. 

Methods: We explored the daily patterns of self-reported substance use in the 28 days prior to treatment entry. 

Market basket analysis (MBA) and repeated measure latent class analysis (RMLCA) were used to examine the sub- 

groups of polysubstance use patterns, and multiple logistic regression was used to examine associations between 

identified classes and relapse. 

Results: MBA and RMLCA identified 34 “associations rules ” and 6 classes, respectively. Specific combinations 

of polysubstance use and time course (high baseline use and rapid decrease of use prior to initiation) predicts a 

worse relapse outcome. MBA showed individuals who co-used cocaine, heroin, prescription opioids, and cannabis 

had a higher risk for relapse (OR = 2.82, 95%CI = 1.13, 7.03). In RMLCA, higher risk of relapse was observed in 

individuals who presented with high baseline prescription opioid (OR = 1.9, 95% CI = 1.3, 2.76) or heroin use 

(OR = 3.54, 95%CI = 1.86, 6.72), although use decreased in both cases prior to treatment initiation. 

Conclusions: Our analyses identified subgroups with distinct patterns of polysubstance use. Different patterns of 

polysubstance use differentially predict relapse outcomes. Interventions tailored to these individuals with specific 

polysubstance use patterns prior to treatment initiation may increase the effectiveness of relapse prevention. 
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. Introduction 

The staggering impact of opioid use disorder (OUD) is compounded

y polysubstance use ( Cicero et al., 2020 ; Compton et al., 2021 ). While

stimates on the percentage of people with OUD who use multiple sub-

tances vary, the most recent estimates suggest that polysubstance use

s the norm in people with OUD ( Cicero et al., 2020 ; Makarenko et al.,

018 ; Soyka et al., 2017 ). Rates of polysubstance use among people

n treatment for OUD range between 65% ( Jarlenski et al., 2017 ) to

5% ( Raffa et al., 2007 ). While some overdoses occur in the con-

ext of unintentional ingestion of multiple substances, such as carfen-

anil mixed with heroin, other people actively seek out multiple drugs

 Ataiants et al., 2020 ). However, little is known about the patterns in
∗ Corresponding author. 

E-mail address: panyue@med.miami.edu (Y. Pan) . 

ttps://doi.org/10.1016/j.dadr.2022.100128 

eceived 10 August 2022; Received in revised form 1 December 2022; Accepted 2 D

772-7246/© 2022 The Authors. Published by Elsevier B.V. This is an open access ar

 http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
hich various types of drugs are used. Some combinations, such as opi-

ids with benzodiazepines, are frequently used together and likely con-

ribute to overdose events ( Hernandez et al., 2018 ; Seth et al., 2018 ).

ess is known about other combinations, such as opioids with marijuana

r opioids with alcohol, and their impact on treatment response is un-

lear ( Hassan and Le Foll, 2019 ; Wagner et al., 2018 ). There is a need

o better characterize which substances are used together and whether

he patterns of use change prior to engagement in treatment. 

Polysubstance use researchers focusing on drugs other than opi-

ids, such as cannabis ( Connor et al., 2013 , 2014 ) and tranquilizers

 Votaw et al., 2020 ), have used a classic statistical method, Latent Class

nalysis (LCA) ( Collins and Lanza, 2009 ), to identify drug use patterns.

n extension of LCA, repeated measures latent class analysis (RMLCA),
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Table 1 

Structured drug use variables from three harmonized studies and how they were 

categorized for repeated measure latent class analyses. 

Name CTN-0027 CTN-0030 CTN-0051 Drug category 

Alcohol Yes Yes Yes Alcohol 

Heavy Drinking ∗ ∗∗ Yes 

Cannabinoids Yes Yes Yes Cannabis 

Cocaine Yes Yes Yes Cocaine 

Crack ∗ No Yes Cocaine 

Amphetamine Yes Yes Yes Amphetamine 

Methamphetamine Yes Yes No Amphetamine 

Opiates Yes Yes Yes Opioid 

Benzodiazepines Yes Yes Yes Benzodiazepines 

Propoxyphene Yes Yes No Opioid 

Oxycodone Yes Yes No Opioid 

Other Yes ∗∗∗ Yes 

Morphine No Yes No Heroin 

Hydromorphone No Yes No Heroin 

Codeine No Yes No Opioid 

Hydrocodone No Yes No Opioid 

Sedatives Not Benzo No Yes Yes Depressants 

Heroin/Opium No Yes Yes Heroin 

Hallucinogens/MDMA No No Yes Hallucinogens 

Buprenorphine No No Yes 

Inhalants No No Yes 

∗ Can be calculated. 
∗∗ Only a count of days. 
∗∗∗ If yes to opiates, then follow up for which drug. 
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onsiders repeated drug exposure patterns and how they cluster through

ime ( Collins and Lanza, 2009 ). Knowing which drugs are used together

nd how this does or does not change over time allows for identify-

ng patterns in multiple comorbid conditions, such as depression and

nxiety frequently co-occurring in “wide-range substance users. ” Under-

tanding these patterns may, in turn, lead to more targeted treatments

 Carlsen et al., 2020 ). 

While methods like LCA are useful for finding such patterns, par-

icularly when dealing with a small number of grouping features (e.g.,

 to 12 drugs or classes of drugs), modern machine learning methods

uch as market basket analyses (MBA) are adept at identifying patterns

hen there are many features ( Lantz, 2019 ). The method has been ap-

lied to identify co-occurring patterns in a host of domains, such as

etecting patterns of genes associated with disease, co-occurring food

llergies, and even detecting tactical patterns in elite beach volleyball

 Aguinis et al., 2013 ; Wenninger et al., 2019 ). This ability to detect pat-

erns, even in the presence of rarely used drugs out of a pool of many

ossible substances, makes MBA a useful tool for studying polysubstance

se. MBA, as opposed to RMLCA, focuses on polysubstance use over

hort periods (e.g., in the same day). 

Although studies have documented the rate of polysubstance use

nd/or reported on drugs frequently used together with opioids

 Hser et al., 2017 ; Northrup et al., 2015 ; Ruglass et al., 2019 ), few have

ooked at the fine details of drug use patterns and how substance use

hanges through time in people with OUD before entering treatment.

ere we explore the daily patterns of substance use self-reported in the

Timeline Followback ” in the 28 days before the onset of Medication

or Opioid Use Disorder (MOUD) in three National Institute on Drug

buse (NIDA) Clinical Trials Network (CTN) studies. Data from these

hree CTN studies were harmonized as part of a fourth CTN study (CTN-

094) to allow more extensive secondary analyses of OUD treatment.

ifferent from the previous studies that model the trajectories of out-

omes ( Hser et al., 2017 ; Northrup et al., 2015 ; Ruglass et al., 2019 ),

e focused on modeling trajectories of substance use prior to treatment

nitiation as predictors for relapse. We report patterns of drug use using

BA and RMLCA. MBA is useful to identify patterns of all individual

rugs used on any given day, while RMLCA allows exploring patterns

ver longer periods of time. We examine daily reports of use across 12

road classes of substances over the 28 days before starting MOUD. As-

ociations between selected RMLCA classes with relapse outcomes were

lso examined. We hypothesized that subgroups of polysubstance use,

ith different prevalence, can be identified by MBA and RMLCA, and

hat some of these patterns are more likely than others to be associated

ith relapse to regular opioid use during treatment. 

. Material and methods 

.1. Study population 

Full protocols for the individual studies were previously published

 Lee et al., 2016 ; Saxon et al., 2013 ; Weiss et al., 2011 ). Briefly, all

hree studies enrolled individuals who met the criteria of DSM-IV-TR for

pioid dependence (CTN-0027/CTN-0030) or DSM-5 diagnosis of OUD

CTN-0051). The trials enrolled adult participants over 18, with very

road pragmatic inclusion and few exclusions except for major medi-

al and unstable psychiatric comorbidities. CTN-0027 was the most in-

lusive, whereas CTN-0030 excluded individuals with OUD who only

sed heroin, and CTN-0051 excluded individuals currently receiving

ethadone treatment. CTN-0027 randomized individuals to buprenor-

hine and methadone for outpatient treatment for 24 weeks. CTN-

030 randomized individuals to two different types of psychotherapy

rograms, and all participants received identical medication treatment

n two phases: in the initial phase, participants received a buprenor-

hine taper, and those who relapsed (about 90% of all participants),

ere treated with buprenorphine maintenance over 12 weeks in the
2 
econd phase. CTN-0051 randomized patients from inpatient treat-

ent facilities and they either received buprenorphine or extended-

elease naltrexone after discharge and were followed as outpatients for

4 weeks. 

.2. Substance use measures 

We focused our analysis on polysubstance use prior to treatment ini-

iation as a baseline predictor of treatment outcomes. For all partici-

ants who enrolled in the above three studies, substance use history in

he 28 days prior to treatment initiation was surveyed with the Time-

ine Followback method ( Sobell and Sobell, 1992 ). The free text drug

ames were harmonized to account for spelling errors and differences

n names (generic, brand versus street) and to remove superfluous infor-

ation (e.g., mg/capsule/oz), resulting in a set of 44 distinct substances.

hese data included both high-frequency drugs of use which were also

dentified in structured questions and low-frequency substances of use

e.g., cathinones N = 5 events), drugs of concern (e.g., gabapentin

 = 21), as well as other drugs such as antiemetics ( N = 18), non-opioid

ain killers (e.g., acetaminophen N = 5) and antipsychotics ( N = 3).

hese values were used for MBA. To allow LCA to operate on a more

ractable set of options, these harmonized drug names were grouped

nto twelve “drug categories. ” Table 1 lists the drugs that were sur-

eyed as part of structured questions in the three studies and how they

ere grouped for LCA. Other repeatedly occurring drugs were: fentanyl

nd opium (grouped-with/classified-as Heroin for LCA); GHB (Gamma

ydroxybutyrate) (Depressants); K2 (Synthetic cannabinoids); merperi-

ine, tramadol, oxymorphone (Opioids); barbiturate, sedative-hypnotic

Depressants); MDMA (3,4-Methyl enedioxy methamphetamine), hal-

ucinogen unspecified (Hallucinogens); muscle relaxant unspecified,

oma, methocarbamol, flexeril, baclofen, carisoprodol (Relaxant). 

.3. Relapse 

Relapse was defined by four consecutive opioid use weeks between

1 days after treatment initiation and the end of the 12-week treat-

ent period. An opioid use week was defined as having either a urine

rug screen (UDS) positive for any non-prescribed opioid or a miss-
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ng/refused UDS in that week. We defined relapse as a categorical vari-

ble representing three possible outcomes: 0 indicated that the defini-

ion of relapse was not met (50% of the sample), 1 indicated at least

ne opioid-positive UDS during four consecutive weeks with positive or

issing UDSs (indicating that the participant, albeit positive for non-

rescribed opioids, showed up to the clinic at least once; 29% of the

ample), and 2 indicated missing UDS data for four consecutive weeks

21% of the sample). This definition closely followed a more complex

efinition from CTN-0051, but only required UDS results and not the

elf-reported drug use information gathered on the Timeline Follow-

ack. 

.4. Statistical analysis 

MBA was originally designed to guide business decisions using mas-

ive datasets, such as all the transactions in a supermarket for a month.

n these scenarios, traditional hypothesis testing with p-values becomes

eaningless because anything is statistically significant with a big

nough sample size. Instead of focusing on p-values, MBA methods rely

n three statistics to assess the importance of an association: lift, sup-

ort, and confidence. These measures assess the chances of seeing drug

 and drug B (or a set of drugs which we will label A and a different set

hat we will label as B) appearing on a drug screening on the same day.

ift, which assesses if an association exists, is calculated as 
𝑃 ( 𝐴 ∩ 𝐵 ) 
𝑃 ( 𝐴 )∗ 𝑃 ( 𝐵) . It

s the ratio of the actual probability of drug A and drug B occurring on a

iven day divided by the probability of seeing drug A on any day times

he probability of seeing drug B on any day. In other words, it is the

ncreased or decreased probability of seeing both drugs relative to their

verall chance of either one appearing (assuming their co-occurrence is

andom). Support is synonymous with probability of seeing the various

ets of drugs being examined. MBA practitioners focus on the support

or A and B, 𝑃 ( 𝐴 ∩ 𝐵 ) , that is, the probability of seeing both items on

he same day. Support is of decreasing utility as the number of possible

rugs in the set increases. Confidence, which describes the probability

hat a set of items appears given that one has already occurred, is cal-

ulated as 
𝑃 ( 𝐴 ∩ 𝐵 ) 

𝑃 ( 𝐴 ) . In other words, it is the conditional probability of

eeing drug B given that you see A, 𝑃 ( 𝐵|𝐴 ) . 
Using these concepts, it is possible to think of predictive association

ules where A leads to B (which is written as A - > B ) . It is useful to think

f the relationship between lift and confidence: 𝑙𝑖𝑓 𝑡 ( 𝐴 → 𝐵 ) = 

𝑃 ( 𝐵 | 𝐴 ) 
𝑃 ( 𝐵) .

mportantly, A and B are not interchangeable in the confidence equa-

ions. That is, the chances of seeing chips after seeing guacamole (gua-

amole - > chips) is not the same as the chances of seeing guacamole

fter seeing chips (chips - > guacamole). This “directional ” property al-

ows MBA to make predictions that can describe the greatly increased

isk of drug B if the person has used drug A, but seeing drug B may not

ncrease the chances of seeing drug A. 

For MBA, the a priori algorithm was used after excluding drugs with

 support of less than 0.001. That is, drugs that occurred with a fre-

uency of less than twice a month per transaction (28 ∗ 2/56,000) were

xcluded. The algorithm was set to extract all rules with a confidence

f at least 0.5. We then selected the top ten rules based on the lift (i.e.,

atio of the support of the antecedent drugs co-occurring with the con-

equent drugs, divided by the probability that the antecedent and con-

equent drugs co-occur if the two are independent) and created a binary

lass to indicate the particular basket of polydrug use. Participants who

eported using all substances in the basket rule during the study period

ere identified and categorized into different polydrug baskets. 

RMLCA for the drugs used in the 28 days leading up to MOUD ini-

iation was conducted using the drug groups described above. First,

lass enumeration was done without covariates by estimating mod-

ls with increasing numbers of classes until the sample size in each

atent class was considered to be too small for practical interpreta-

ion (less than 5% of the total sample size) and/or information crite-

ia showed worse model fit. To ensure the models converged to the
3 
lobal maximum, 1000 random starts and 100 replicated likelihoods

ere used for each model. Model fit statistics for each of the mod-

ls were used to determine the model that best fit the data, includ-

ng entropy ( Celeux and Soromenho, 1996 ) and penalized informa-

ion criteria (Bayesian Information Criteria (BIC), Akaike’s Information

riteria (AIC) ( Vrieze, 2012 ), Vuong-Lo-Mendell-Rubin, Lo-Mendell-

ubin adjusted LRT tests ( Nylund et al., 2007 ), and bootstrapped like-

ihood ratio tests (BLRT) ( Asparouhov and Muthén, 2014 ; Feng and

cCulloch, 1996 ). Second, once the best-fitting class structures were

etermined, a 3-step approach using the R3STEP ( Asparouhov and

uthén, 2014 ) procedure was used to examine between-class differ-

nces in the relapse covariate using multinomial logistic regression. The

-step procedure ensures that the inclusion of the covariates does not

hange the class structure. 

Logistic regressions were used to test for the effects of RMLCA classes

nd MBA top lift baskets on relapse controlling for which of the three

rials, and treatment arms within the trials. Odds ratios (OR) and 95%

onfidence intervals (CIs) were reported. P-values < 0.05 for two-sided

ests were considered statistically significant. Demographic and sub-

tance use data from CTN-0027, 0030, and 0051 were harmonized us-

ng SAS 9.4. Exploratory data analyses and MBA were conducted with

 3.6.2 with packages including haven ( Wickham and Miller, 2021 )

version 2.2), tidyverse ( Wickham et al., 2019 ) (version 1.3), arules

 Hahsler et al., 2022 , 2011 ; Hornik et al., 2005 ) (version 1.6–5), and

rulesViz ( Hahsler, 2017 ; Hahsler and Chelluboina, 2021 ) (version 1.3–

). Haven was used to export the data from SAS, and tidyverse was used

or data cleaning. Arules and arulesViz were used for MBA. RMLCA anal-

ses were conducted in Mplus (version 8.3). 

. Results 

.1. Parent study and participants 

All people who provided drug use Timeline Followback from CTN-

027 ( N = 1300), CTN-0030 ( N = 661) and CTN-0051 ( N = 676) were

ncluded in this study. Participants typically provided full drug use infor-

ation for the 28 days prior to initiation of MOUD, and 97.9% provided

ore than three weeks of history. Despite different participant selection

riteria and differences in available data across the three trials, Table 2

hows similar patterns in terms of baseline demographic and psychiatric

o-morbidities. 

.2. Market basket 

The ( N = 2637) participants reported using at least one drug on

6,098 (89%) days in the 28 days prior to MOUD initiation and random-

zation. Fig. 1 shows the top 10 frequently used substances. The most

ommonly occurring substances were heroin (reported on N = 40,740

ays), oxycodone ( N = 12,289 days), cannabis ( N = 9183 days), hy-

rocodone ( N = 7336), and methadone ( N = 3663 days). Almost two-

hirds (64%) of drug use days involved using a single substance (mean

rugs used per day = 1.45). Participants used two substances on 29%,

hree substances on 6%, and four substances on 6% of drug use days.

ne person reported using 13 substances on a single day. 

The a priori MBA algorithm identified 34 association rules. As can

e seen in Table 3 , these rules included extremely strong predictions for

are events, for example, a 16-fold increase (with 71% confidence) in the

hance of seeing heroin with the use of opium (lift = 16, count = 69).

redictions were also strong for relatively more common events, such

s using heroin with crack (lift = 1.46, count = 2884) or cocaine

lift = 1.35, count = 2598). The algorithm noted several large effect-

ize combinations, such as the 13-fold increase in the chances of re-

orted cocaine use when a combination of heavy drinking, opioid,

nd cannabis was observed, and a 6.13-fold increase in the chances

f cannabis in a combination of cocaine, heavy drinking, and opioid.
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Table 2 

Demographic details on 2637 participants from three clinical trials, who self-reported drug use in the 28 days 

before initiation of medication for opioid use disorder and randomization. 

CTN-0027 CTN-0030 CTN-0051 Overall 

( N = 1300) ( N = 661) ( N = 676) ( N = 2637) 

Age 

Mean (SD) 36.9 (11.1) 32.6 (10.2) 33.9 (9.63) 35.1 (10.7) 

Median [Min, Max] 35.5 [18.0, 67.0] 30.0 [18.0, 77.0] 31.0 [19.0, 67.0] 33.0 [18.0, 77.0] 

Missing 0 (0%) 0 (0%) 106 (15.7%) 106 (4.0%) 

Sex 

Female 420 (32.3%) 265 (40.1%) 199 (29.4%) 884 (33.5%) 

Male 880 (67.7%) 396 (59.9%) 477 (70.6%) 1753 (66.5%) 

Race 

Black 131 (10.1%) 22 (3.3%) 88 (13.0%) 241 (9.1%) 

Other 236 (18.2%) 35 (5.3%) 80 (11.8%) 351 (13.3%) 

Refused/missing 6 (0.5%) 1 (0.2%) 8 (1.2%) 15 (0.6%) 

White 927 (71.3%) 603 (91.2%) 500 (74.0%) 2030 (77.0%) 

Ethnicity 

Hispanic 212 (16.3%) 33 (5.0%) 118 (17.5%) 363 (13.8%) 

Not Hispanic 1088 (83.7%) 628 (95.0%) 558 (82.5%) 2274 (86.2%) 

Education 

Less than HS 46 (3.5%) 100 (15.1%) 130 (19.2%) 276 (10.5%) 

HS/GED 61 (4.7%) 261 (39.5%) 251 (37.1%) 573 (21.7%) 

More than HS 58 (4.5%) 298 (45.1%) 232 (34.3%) 588 (22.3%) 

Missing 1135 (87.3%) 2 (0.3%) 63 (9.3%) 1200 (45.5%) 

Marital Status 

Married or Partnered 26 (2.0%) 186 (28.1%) 86 (12.7%) 298 (11.3%) 

Never married 87 (6.7%) 332 (50.2%) 447 (66.1%) 866 (32.8%) 

Separated/Divorced/Widowed 52 (4.0%) 139 (21.0%) 140 (20.7%) 331 (12.6%) 

Unknown 1135 (87.3%) 4 (0.6%) 3 (0.4%) 1142 (43.3%) 

Bipolar 

No 1147 (88.2%) 622 (94.1%) 548 (81.1%) 2317 (87.9%) 

Yes 147 (11.3%) 38 (5.7%) 88 (13.0%) 273 (10.4%) 

Missing 6 (0.5%) 1 (0.2%) 40 (5.9%) 47 (1.8%) 

Schizophrenia 

No 1260 (96.9%) 653 (98.8%) 627 (92.8%) 2540 (96.3%) 

Yes 33 (2.5%) 8 (1.2%) 9 (1.3%) 50 (1.9%) 

Missing 7 (0.5%) 0 (0%) 40 (5.9%) 47 (1.8%) 

Major Depression 

No 941 (72.4%) 440 (66.6%) 439 (64.9%) 1820 (69.0%) 

Yes 354 (27.2%) 220 (33.3%) 197 (29.1%) 771 (29.2%) 

Missing 5 (0.4%) 1 (0.2%) 40 (5.9%) 46 (1.7%) 

Anxiety/Panic Disorder 

No 902 (69.4%) 447 (67.6%) 350 (51.8%) 1699 (64.4%) 

Yes 392 (30.2%) 213 (32.2%) 286 (42.3%) 891 (33.8%) 

Missing 6 (0.5%) 1 (0.2%) 40 (5.9%) 47 (1.8%) 

Brain Damage 

No 1172 (90.2%) 543 (82.1%) 560 (82.8%) 2275 (86.3%) 

Yes 120 (9.2%) 118 (17.9%) 76 (11.2%) 314 (11.9%) 

Missing 8 (0.6%) 0 (0%) 40 (5.9%) 48 (1.8%) 

Epilepsy 

No 1254 (96.5%) 639 (96.7%) 584 (86.4%) 2477 (93.9%) 

Yes 41 (3.2%) 22 (3.3%) 52 (7.7%) 115 (4.4%) 

Missing 5 (0.4%) 0 (0%) 40 (5.9%) 45 (1.7%) 
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hile the majority of the rules (76%) predicted heroin use after con-

uming other drugs, 18% of the rules were associated with cannabis

se. 

.3. RMLCA 

RMLCA with three to eight classes was fit to all the harmonized data.

it indices for each LCA model are presented in Appendix Table A1.

he Vuong-Lo-Mendell-Rubin test and Lo-Mendell-Rubin adjusted LRT

est, both with p-values of 0.811, suggested that a six-class solution was

n adequate fit and that seven classes were not needed. However, the

ootstrapped parametric likelihood ratio test, with a p-value < 0.0001,

uggested seven classes. Given the large improvement in adjusted BIC

etween the five and the six-class solutions and the fact that the seven-

lass solution has some classes with smaller size groups, we selected the

ix-class solution (Table A1). 

The daily probability and prevalence of drug use by latent class for

he six-class solution are shown in Fig. 2 (by days) and Fig. 3 (by drug
4 
se). More comprehensive figures by days, and by drug use, stratified

y the three studies are provided as in the appendix (Figs. A1–A6). The

argest class was C1- “All time low ” ( n = 829, 31.4%), which describes

 group of patients who used few substances, including any opioids, in

he 28 days prior to treatment initiation. This group primarily included

articipants from CTN-0030 ( n = 466), CTN-0051 ( n = 208) and CTN-

027 ( n = 155). The second largest class was C2-High opioid decreasing

 n = 824, 31.3%). This class was comprised of individuals who had a

elf-initiated decrease of prescription opioids in the 28 days prior to

he date of assessment on treatment entry. This group likely represents

ndividuals who voluntarily decreased opioid intake in preparation for

ither inpatient (CTN-0051, n = 13) or outpatient treatment (CTN-0027

 = 811); no CTN-0030 participants were represented in this class. As

an be seen in the corresponding figures, across all classes except the low

ubstance use group, there was a precipitous drop-off in substance use

n the two weeks leading up to treatment initiation, particularly heroin,

ethadone, opioid, and cannabis use. However, the degree of reduction

iffered by drug. 
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Table 3 

Market basket analysis result, sorted by lift, shows which drug is predicted (C is consequent) given the presence of other drugs ( + shows antecedents) which were used on the same day. 

Amphetamine Benzodiazepine Cocaine Crack Heavy 

Drinking 

Heroin Light 

Drinking 

Methamphetamine Opioid Opium Cannabis Lift Confidence Coverage Support Count 

+ + C + 16 0.71 0.001 0.001 69 

C + + + 13 0.61 0.002 0.001 69 

+ + + C 6.1 0.85 0.001 0.001 69 

+ + + C 4.8 0.67 0.002 0.001 85 

+ + + C 4.8 0.66 0.002 0.001 71 

+ + + C 4.7 0.65 0.002 0.001 89 

+ + C 4.3 0.6 0.004 0.002 147 

+ + C 4.1 0.56 0.002 0.001 90 

C + 1.6 1 0.001 0.001 97 

+ + C + 1.6 0.99 0.001 0.001 89 

+ C + 1.5 0.92 0.001 0.001 71 

+ + C + 1.5 0.92 0.001 0.001 71 

+ + C 1.5 0.92 0.002 0.002 130 

+ C 1.5 0.9 0.048 0.044 2884 

+ C + 1.4 0.88 0.002 0.001 93 

+ + C 1.4 0.85 0.002 0.002 136 

+ C + 1.4 0.85 0.005 0.005 301 

+ C 1.4 0.83 0.047 0.039 2598 

C + 1.3 0.81 0.027 0.022 1431 

C + 1.3 0.81 0.008 0.007 433 

C + + 1.3 0.8 0.004 0.003 212 

+ C 1.3 0.8 0.016 0.013 851 

+ C + 1.3 0.78 0.002 0.002 116 

+ + C 1.3 0.77 0.002 0.002 122 

+ C + 1.2 0.72 0.003 0.002 129 

+ C + 1.2 0.72 0.008 0.005 357 

+ + C 1.1 0.69 0.004 0.002 163 

+ C 1.1 0.67 0.032 0.021 1415 

+ + C 1.1 0.66 0.003 0.002 140 

+ C + 1.1 0.65 0.006 0.004 272 

C 1 0.62 1.000 0.616 40,740 

+ C + + 1 0.59 0.002 0.001 85 

C + 0.9 0.55 0.139 0.076 5011 

+ C + 0.9 0.53 0.009 0.005 317 

∗ + : Antecedent; C: Consequent. 

5
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Fig. 1. Substance use frequency (Top 10). 

Table 4 

Association between relapse and Market Basket top 10 lift baskets. 

Relapse ∗ 

OR (95% CI) Yes vs. No Missing vs. No 

MB Top 10 Lift Baskets 

Cocaine, Heavy Drinking, Cannabis, Opioid ( n = 218, 8.6%) 0.76 (0.53, 1.09) 0.44 (0.25, 0.78) 

Benzodiazepine, Heroin, Opioid, Cannabis ( n = 624, 24.6%) 1.43 (0.98, 2.09) 0.58 (0.39, 0.86) 

Cocaine, Heroin, Opioid, Cannabis ( n = 694, 27.4%) 2.82 (1.13, 7.03) 5.13 (1.44, 18.22) 

Benzodiazepine, Cocaine, Heroin, Cannabis ( n = 487, 19.2%) 1.21 (0.39, 3.69) 0.54 (0.14, 2.17) 

Cocaine, Opioid, Cannabis ( n = 806, 31.8%) 1.3 (0.53, 3.21) 0.34 (0.09, 1.29) 

Benzodiazepine, Cocaine, Cannabis ( n = 581, 22.9%) 0.64 (0.23, 1.77) 1.37 (0.38, 4.94) 

Opium, Heroin ( n = 84, 3.3%) 1.16 (0.58, 2.31) 1.82 (0.68, 4.84) 

∗ Relapse defined as Yes = at least one positive Urine Drug Screen (UDS) during four consecu- 

tive weeks with positive or missing UDS; No = No consecutive missing or positive for four weeks; 

Missing = Missing UDS for four consecutive weeks. Odds ratios (OR) and 95% confidence intervals 

(CIs) were reported. P-values < 0.05 for two-sided tests were considered statistically significant and 

are in bold font. 
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Table 5 

Association between relapse and classes. 

Relapse ∗ 

OR (95% CI) Yes vs. No Missing vs. No 

Classes 

1. All-Time Low ref ref 

2. High Opioid Decrease 1.9 (1.3, 2.76) 1.05 (0.71, 1.56) 

3. High Heroin Decrease 3.54 (1.86, 6.72) 1.5 (0.97, 2.31) 

4. Mid Opioid, Alcohol Decrease 0.92 (0.6, 1.43) 0.74 (0.47, 1.17) 

5. High Cannabis, Mid Opioid Decrease 0.88 (0.54, 1.42) 1.1 (0.68, 1.79) 

6. High Methadone Decrease 0.54 (0.29, 1.03) 1.54 (0.9, 2.65) 

∗ Relapse defined as Yes = at least one positive Urine Drug Screen (UDS) dur- 

ing four consecutive weeks with positive or missing UDS; No = No consecutive 

missing or positive for four weeks; Missing = Missing UDS for four consecutive 

weeks. Odds ratios (OR) and 95% confidence intervals (CIs) were reported. P- 

values < 0.05 for two-sided tests were considered statistically significant and 

are in bold font. 

“  

t  

2  

l  
.4. Association between relapse and top 10 lift baskets 

We selected the top 10 lift rules based on the MBA (Table 4). Individ-

als co-using cocaine, heroin, opioids, and cannabis had a higher risk

f having a relapse event defined by the presence of at least one opioid-

ositive UDS (OR = 2.82, 95% CI = 1.13, 7.03) or exclusively missing

DS for four consecutive weeks (OR = 5.13, 95% CI = 1.44, 18.22)

ompared to individuals who did not report use of this particular drug

ombination, controlling for other polydrug baskets and trial. Individu-

ls who reported polydrug use of cocaine, heavy drinking, cannabis, and

pioids had a lower risk of relapse defined by four consecutive missing

DS (OR = 0.44, 95% CI = 0.25, 0.78). Similarly, we identified decreased

dds of relapse for individuals who reported polydrug use of benzodi-

zepine, heroin, opioid, and cannabis (OR = 0.58, 95% CI = 0. 39, 0.86).

he number of participants with polydrug patterns represented by the

op 10 lift baskets is listed in Appendix Table 2. 

.5. Association between relapse and RMLCA classes 

Table 5 shows the association between relapse and the six latent

lasses. Compared to the C1 “All-time low ” class, individuals in the C2
6 
High opioid decreasing ” class had a higher risk of relapse defined by

he presence of at least one opioid-positive UDS (OR = 1.9, 95% CI = 1.3,

.76). Similarly, C3 “High Heroin decreasing ” had a higher risk of re-

apse (OR = 3.54, 95% CI = 1.86, 6.72) compared to the C1 class. How-
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Fig. 2. Six class solution by RMLCA class (Overall). 
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ver, there were no significant associations between C4-C6 classes and

elapse risk. 

. Discussion 

This study provides novel evidence on patterns of polysubstance use

n the immediate period prior to treatment initiation among individuals

ith OUD. Polysubstance use was common, and both RMLCA and MBA

ffer valuable insights into the specific patterns. RMLCA is a repeated

easures extension of LCA and person-centered data analytic technique.

herefore, this approach helps identify latent patterns of responses to

ategorical items with varying probabilities of endorsement. Compared

ith other data segmentation methods, such as hierarchical clustering,

MLCA derives clusters using a formal probabilistic approach and can be

sed in conjunction with multivariate methods to estimate parameters.

t helps determine how many patterns of responses/behavior are present

n the data, how prevalent each pattern is, and how likely item endorse-
7 
ent is in each latent class. The optimal number of classes minimizes

he degree of relationship among cases belonging to different classes. To

elect the optimal number, methods such as the Bayesian Information

riterion are used, which capitalize on the value of the negative log-

ikelihood function, a well-established measure of the goodness of fit of

 statistical model. MBA was used to reveal the most common combi-

ations of substances used together on the same day and it affords addi-

ional insights that are otherwise masked by broad drug classes needed

or traditional LCA. 

Our results indicate, for example, that opium users were also us-

ng heroin, alcohol, and cannabis, and there were several unidirectional

elationships where the use of specific drugs (e.g., benzodiazepine, co-

aine, and cannabis) was likely to lead to heroin use. RMLCA identified

ix broad classes of polysubstance use patterns prior to treatment ini-

iation and revealed that a large number of patients either had shown

ow use of all substances, including opioids or substantially reduced use

rior to treatment initiation. Further, both methods used in our anal-
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Fig. 3. Six class solution by drug use (Overall). 
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ses revealed subgroups of polysubstance use patterns associated with

elapse outcomes. 

We found some unexpected associations between specific MBA bas-

ets and relapse by week 12: the observance of a combination of co-

aine, cannabis, and heavy drinking with prescription opioids did not

egatively impact the odds of eventual relapse but instead was corre-

ated with decreased odds of relapse. In contrast, the appearance of the

ame combination with heroin predicted a marked increase in the odds

f relapse. This suggests that a polysubstance “binge ” is not automat-

cally associated with relapse to regular opioid use or non-attendance

t scheduled clinic visits (i.e., missed UDS). In fact, the occurrence of a

olysubstance heroin binge portends a worse prognosis, and a polysub-

tance binge with prescription opioids much less so. 

Most importantly, the different RMLCA classes and MBA poly-

rug use groups had different relationships with relapse. For example,

MLCA revealed that people in both the “high opioid decreasing ” and

high heroin decreasing ” classes were more likely to relapse to regular
8 
pioid use. The implication is that even if patients decrease their use

f opioids prior to treatment engagement, their risk of relapse is still

ubstantially higher compared to those who start with lower levels of

se or who have more sporadic usage patterns. MBA also showed that

here were subgroups among opioid users and one of the subgroups who

lso consumed heroin, cocaine, and cannabis, was more likely to have

 potentially worse outcome —consecutive non-attendance at scheduled

linic visits (i.e., missed UDSs) for four weeks between 21 days after ran-

omization and the end of the 12-week treatment period. These results

emonstrate that there are quantifiably different subgroups among poly-

rug users associated with clinically meaningful differences in treatment

utcomes. 

These results should be considered in light of several limitations.

easures of substance use are self-reported and may be subject to er-

or because of social desirability and/or recall bias. Comparing the

wo models, MBA is a marginal model across time and therefore does

ot allow conclusions about the timing of the use of different drug
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ombinations. In contrast, RMLCA specifically clusters the data on time

atterns. This may be useful in evaluating predictors of treatment suc-

ess due to the importance of a period of abstinence prior to induction

n extended-release naltrexone and to a lesser extent, buprenorphine.

trengths of our study include the use of geographically diverse sites

nd large samples from three randomized clinical trials. In addition,

e were able to establish a temporal relationship between identified

MLCA classes and MBA groups before treatment initiation and relapse

utcomes after treatment initiation. Observing the pattern of polysub-

tance use prior to initiation of treatment may facilitate early identifi-

ation of patients with unique needs and different probabilities of re-

ponding to treatment. Our ongoing work, using both traditional and

odern machine learning methods to predict response to MOUD, will

se these features to help identify who is best suited for different kinds

f treatment. 

Our data harmonization efforts highlight the need to standardize

imeline Followback questions. The fact that CTN-0030 did not gather

ata on unspecified, non-opioid substances was a missed opportunity

o assess details of how other unexpected drugs may impact OUD. Dif-

erences in the breadth of drug categories, grouping hallucinogens with

DMA versus listing individual drugs as structured questions versus free

ext, may also limit the interpretability and clinical usefulness of our re-

ults. Furthermore, inconsistencies in the way in which substances are

escribed or entered as free text (leading to more than a dozen spellings

f “street buprenorphine ” and half a dozen spellings of Adderall), and

nstances where respondents reported a set of drugs as a single free text

event ” suggests a need for additional tools to support uniform Timeline

ollowback data collection. Future directions include tools that would

utomatically map clinical datasets, such as those obtained from medical

ecords, to structured datasets such as Timeline Followback, providing

 venue to replicate our findings on larger observational datasets. 

In summary, this study suggests the presence of subgroups with dis-

inct patterns of polysubstance use among individuals with OUD prior

o MOUD treatment initiation. We reported the most prevalent poly-

ubstance use combinations and identified six subgroups with different

ubstance use behaviors during the 28 days leading up to MOUD initi-

tion as well as associations between the effects of RMLCA classes and

BA top lift baskets to predict relapse in treatment. Our results suggest

hat patterns of substance use prior to treatment initiation may be use-

ul in tailoring OUD interventions. Future studies should replicate these

ndings in larger datasets and different treatment contexts. 
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