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Abstract 

Title of Dissertation: An Evaluation of the Effectiveness of Extended-Release 

Naltrexone 

Martin Hochheimer, Doctor of Philosophy, 2022 

Dissertation Directed by: Paul Sacco, PhD, MSW, Associated Dean for Research and 

Associate Professor, University of Maryland School of Social Work and George 

Jay Unick, PhD, MSW, Professor, University of Maryland School of Social Work 

Medications for the treatment of opioid use disorder (MOUDs) are 

considered the gold standard form of treatment for this condition. There are two 

forms of MOUD treatment, agonist, and antagonist. Agonist treatment has the 

medical system provide people with opioid use disorder methadone or 

buprenorphine which are long lasting opioids that do not produce a euphoric 

reaction with the goal of alleviating cravings and mitigating illicit use of opioids. 

Conversely, antagonist treatment blocks opioid absorption in the brain. Extended-

release naltrexone (XR-NTX) is the most common antagonist treatment it is 

administered as a once-monthly injection. During the month after injection, 

patients who use opioids will not experience their effect and by negating the 

reward of opioid use the treatment discourages continued use. This study 

evaluated the effectiveness of buprenorphine and XR-NTX treatment on three 

characteristics: treatment retention, risk of opioid related acute care incidents, and 

changes in healthcare costs during treatment. 

Data from the Truven Health MarketScan® databases which records the 

date, type of interaction, and cost of every interaction that a person insured 



 

privately with one of over 250 insurance providers has with the healthcare system 

was used to identify a sample of approximately 30,000 people who were treated 

with buprenorphine or and 617 who were treated with XR-NTX for opioid use 

disorder. Treatment episodes were constructed based on filled prescription 

information and a frailty model survival analysis was fit both to a matched sample 

and the whole sample to length of treatment for each medication. The risk of 

acute care incidents was evaluated using a generalized estimating equation, and 

healthcare costs were evaluated using fixed-effects regression models. 

The study found that there are no significant differences in treatment 

retention between the MOUDS. Treatment with either medication was associated 

with an approximately 10% reduction, per day in treatment, of the odds of 

experiencing an acute care incident during one month. Healthcare costs increased 

while people were in treatment, with either MOUD, between approximately 

0.85% and 1.5% for both opioid related and non-opioid related services. 
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Chapter 1: The Problem of Treatment Effectiveness and Cost of Opioid Use 

In the 1990s the medical community at the urging of drug manufacturers began 

aggressively treating pain (both chronic and acute) with opioids (Campbell & Rooney, 

2018). In the years that followed prescription opioids were often diverted to nonmedical 

use which in turn lead to an increase of heroin use (Kolodny et al., 2015; Unick et al., 

2013). Eventually, policies were put into place that limited the number of opioids 

prescribed and reduced the number of people with opioid use disorder (OUD) (Compton 

et al., 2016).  

Simultaneously, synthetic opioids were introduced to the US as admixtures to the 

heroin supply, possibly to increase the drug’s effect while lowering the cost of production 

and increasing the supply for the burgeoning demand (United States Drug Enforcement 

Administration, 2020). The combination has led to an increase in opioid overdoses from 

under 10,000 in the year 2000 to 49,860 in 2019, the last years for which statistics are 

available (National Institute on Drug Abuse, 2020). With a similar trend in heroin 

overdoses, which increased from under 2,000 in 2000 to 15,482 in 2017, dipping slightly 

in 2018 and 2019 to 14,019.  

In addition to being the cause of suffering and grief to those who have died from 

OUD and those with whom they were close, opioid use causes an economic burden to the 

US, which has been estimated at $78.5 billion for 2013 (Florence et al., 2016). (This 

figure was still reported as the annual economic impact on the Centers for Disease 

Control and National Institutes of Health websites in 2020.) In the same study, Florence 

et al. found that the cost of opioid use to the healthcare system due to increased need for 

services and substance use treatment was estimated at $28.9 billion. Though, most of the 
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healthcare cost of OUD is borne by the Medicaid system, private insurers are also 

responsible for increased payments due to opioid use. FAIR Healthcare, a consortium of 

private insurance companies, found that charges for opioid use disorder increased from 

$71.66 million in 2011 to $721.8 million in 2015 or a tenfold increase (FAIR Health, 

2016a).  

The same report found that in 2015, the per-patient charges to private insurance 

for all services for all patients was $11,404, while the per-patient charges for a person 

with OUD was $63,356 (FAIR Health, 2016a). While the actual cost was substantially 

reduced, the profit motive forces private insurance companies to increase premiums on 

all people to cover the expenses of those with OUD making this a problem that affects 

everyone. 

Another documented effect of the increase of people with OUD in the US is the 

proportional increase in people who wish to seek treatment to recover from OUD. This 

presents a problem for the healthcare delivery system. Front-line treatment involves 

opioid substitution, by providing people in treatment with either methadone or 

buprenorphine. These medications are opioids that can be used illicitly, and the US 

federal and state governments have chosen policies that restrict access to these 

medications to reduce their diversion. The result is that the current treatment system does 

not have enough capacity to enroll all treatment seekers (Jones et al., 2015).  

Brief History of the Biology of Opioids and Treatment of OUD 

Archaeologists have found that ancient people discovered, over 3,000 years ago, 

that derivatives of the opium poppy could be used to treat pain, and records of the 

addictive quality of opioids have been known to exist for over 2,000 years (Booth, 1996). 
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Though scientists took a long and circuitous route to understand the exact biological 

processes through which opioids effect the body, the same derivatives of the poppy plant 

remain the front-line pain-relieving medications in the modern era. 

As understood today, the human body produces small amounts of endogenous 

opioids, which bind to opioid receptors in the brain, these naturally reduce pain and 

induce pleasure by stimulating dopamine production (Noble et al., 2015). Some 

endogenous opioids are known as endorphins which cause what is known as ‘runner’s 

high’ or the calm euphoria that some people experience after heavy exercise. The sap of 

the opium poppy contains opioids that are chemically similar to the brain’s natural pain 

reducing and pleasure inducing systems and their ingestion produces the similar effects. 

These exogenous opioids bind to the same receptors in the brain as those produced by the 

body, but they often naturally (or have been synthetically engineered to) have stronger 

bonds and are therefore more difficult for the receptors to release. Once an exogenous 

opioid binds to its receptor, it triggers an intricate chain reaction, which results in an 

efflux of dopamine that reduces pain and can produce euphoria. 

Cessation of opioid use once begun produces withdrawal symptoms which are 

often viewed as a barrier to treatment entry. One study of providers (Schultz et al., 2016), 

found that fear of withdrawal was often communicated as a reason not to engage in 

treatment or to leave treatment early. Schultz et al., cited as an example one provider who 

reported "the most frequent thing that I hear is a very intense fear of the detox process.  

They say, 'I don’t want to be sick. I’m going to be throwing up and have diarrhea' …and 

they say it feels like the flu times ten on steroids." (p. 1334).  
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Agonist Treatments  

To overcome this barrier, as early as the mid-nineteenth century, people who wish 

to enter treatment for OUD were often given prescriptions for morphine or other opioids 

as a way to encourage recovery while eliminating withdrawal symptoms (Campbell & 

Lovell, 2012). The understanding at the time and until today is that if people are provided 

opioids in limited amounts and of the type that do not produce euphoria (a 'high') then the 

illegal acquisition of high-priced opioids would not be the central part of the person's day. 

Instead, they would be able to cease illegal and anti-social activity, become employed, 

and improve their mental health (Selby et al., 2011). Substitution became an 

acknowledged treatment method among the medical community to the point that in the 

early twentieth century morphine maintenance clinics were set up in several locations in 

the US under the direction of local departments of health (Campbell & Lovell, 2012; 

Drucker & Clear, 1999). However, by the end of the 1920s these clinics were closed, and 

doctors were penalized if they provided morphine as a treatment for heroin use due to the 

popular view of substance use disorder as stemming from a moral failure (Drucker & 

Clear, 1999). 

In the 1940s, methadone, a long-lasting synthetic opioid was developed and two 

decades later became popularized as treatment for people with OUD in the US (Raz, 

2017). Agonist therapy, as methadone treatment is technically known, works in a similar 

fashion as illicit opioids, that is, by binding to and occupying the opioid receptors in the 

brain. Once the opioid receptors are full, no further craving for opioids is felt by the 

person in treatment. In treatment, patients experience neither euphoria, nor withdrawal or 

craving, removing from them the need to seek or use illicit opioids which dominated their 
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lives prior to treatment. Agonist treatment with methadone has been found to be 

beneficial in reducing drug related harms, including reducing the spread of HIV (Metzger 

et al., 1993), decreasing injection drug use (Ball & Ross), improving psychosocial 

functioning, and lowering crime while increasing employment rates (Powers & Anglin, 

1993), when compared to those with OUD that are not treated.  

Agonist treatment has found an uncomfortable place in the US for several 

reasons, primarily that it is not a cure, rather in the mind of its critics, it prolongs the 

illness by keeping the patient addicted to opioids (Campbell & Lovell, 2012; Raz, 2017). 

A secondary reason is that the medication itself since it is an opioid has been diverted and 

used illicitly (Inciardi, 1977). This fear has led to methadone being only available at 

dedicated substance use disorder (SUD) treatment clinics and administered daily or 

quasi-daily (Doukas, 2011; National Academies of Sciences et al., 2019). 

A more recent medication for use as an agonist treatment is buprenorphine which 

was developed in the 1960s and 1970s as an analgesic but recognized by people in the 

field of addiction treatment as being able to overcome the problem of diversion that is 

inherent in methadone treatment (Campbell & Lovell, 2012). [The risk of diversion was 

reduced even further when buprenorphine was combined with naloxone (an opioid 

blocker) under the brand name Suboxone®.] Though chemically somewhat different than 

methadone, buprenorphine (a partial rather than complete agonist) performs the same role 

in OUD treatment, that of substitution for heroin or other illicit opioids (Boothby & 

Doering, 2007). However, after some political hurdles, buprenorphine was approved for 

the treatment of OUD in 2002 (Jaffe & O'Keeffe, 2003). Its low risk of diversion allowed 

federal and state governments to relax some of the regulations pertaining to its 
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distribution, including: permitting primary care physicians to prescribe buprenorphine in 

their office and for the dispensation of up to 30 days of medication at once (Campbell & 

Lovell, 2012). This has led one article to dub buprenorphine "the 'holy grail'—an office-

based pharmacotherapy for opioid addiction" (p. 137). 

Currently, "opioid substitution treatment, either with methadone or 

buprenorphine, is the first line treatment for opioid dependence" (O'Connor et al., 2020, 

p. 1) and should be classified as treatment as usual for OUD. 

Despite widespread acceptance as an effective treatment for OUD among 

treatment providers, substitution therapies still do not enjoy widespread popular or 

political support in the US due to lingering fear of diversion and continued skepticism of 

treating opioids with more opioids (Drucker & Clear, 1999; Frank, 2020).  

Development of Naltrexone 

Starting in the 1930s it was noticed that certain chemicals blocked the effect of 

opioids and were developed as a contrasting method of treating OUD. Naltrexone was 

first synthesized in 1965 as a liquid (Kleber, 1985), and is a “competitive antagonist” 

(Gonzalez & Brogden, 1988, p. 193), which means that since it is not an opioid, the 

chemical bond that it makes with the opioid receptors in a person’s brain are inert but are 

stronger than those of opioid agonists. Described differently, naltrexone will form a 

"tighter" bond than opioids to the opioid receptors in the brain, so even if the receptors 

are bound to an opioid, it will be displaced in favor of naltrexone, meaning that in the 

competition with other opioids for space at the opioid receptors naltrexone wins and 

keeps them occupied even when new opioids are ingested [the exact chemical bonds and 

biological processes at work are beyond the scope of this dissertation but see (Ananthan 
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et al., 1999; Gonzalez & Brogden, 1988; Kleber, 1985)]. The effect is that once 

administered, a person with opioids in their system will experience immediate and 

precipitous withdrawal and opioids will not relieve pain until naltrexone is completely 

absorbed by the body.  

The possibility of using naltrexone or other opioid antagonists in the treatment of 

people with OUD was immediately realized (Martin et al., 1966; Wikler, 1984). 

However, oral naltrexone, either as a liquid or tablet, did not gain either widespread use 

or more than moderate success in treating those with OUD (Mannelli et al., 2011). This 

may be because beginning antagonist treatment is difficult since it requires complete 

detoxification (i.e., withdrawal) prior to treatment. Additionally, oral naltrexone’s lack of 

success may have been due to the specific problems with its formulation. The liquid 

version was bitter (Ling et al., 2012) and both the liquid and tablet were associated with 

physical and affective side effects, such as nausea and depression, that are not reported in 

the extended-release injection (Carroll et al., 2018)  

Another, barrier to successfully using oral naltrexone to treat OUD was the short 

duration of its effectiveness. The earliest studies found that oral naltrexone could block 

the effects of opioids for up to 72 hours (Gonzalez & Brogden, 1988), but treatment 

typically required daily or quasi-daily administration (Mannelli et al., 2011). This meant 

that it was a daily decision for the person in treatment whether to take naltrexone or use 

opioids. This seemed to be too great a challenge leading many to drop out of treatment 

(Ling et al., 2012). 

In a review, Johansson et al. (2006) found that the effect of oral naltrexone was 

significant among those who were retained in treatment, thereby demonstrating that 
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naltrexone could be used as a treatment if the problem of medication non-compliance 

could be overcome. To address this issue different methods of delivering naltrexone were 

developed including depot implants and extended-release injections. With the 

understanding that if a person with OUD could begin a course of treatment on extended-

release naltrexone (XR-NTX) they would only have to decide to receive a dose once a 

month rather than daily and it would be easier for them to continue with treatment. 

Vivitrol® is the brand name of the only XR-NTX injection approved as a 

treatment for OUD by the Food and Drug Administration in October of 2010. Since then, 

it has been the principal opioid antagonist used in the US to treat OUD and understanding 

its effectiveness when compared to agonist treatments will be the focus of the studies 

conducted in this dissertation.  

XR-NTX prevents a person from experiencing any physical effects of opioid use. 

Since opioids will not be effective, people who uses them will discontinue their use due 

to lack of reinforcement which will result in lower mortality, illness, overdose, healthcare 

cost, and reduce illegal or antisocial behavior. XR-NTX also overcomes some of the 

problems inherent in other medications for the treatment of OUD (MOUD). XR-NTX 

blocks the effects of opioids so there is no/low risk of diversion, and being a monthly 

injection prescribed and administered by any physician, its use could dramatically reduce 

society’s burden of increased health care costs as well as address the current gap between 

people seeking treatment and treatment capacity. 

XR-NTX has been found to reduce opioid use in several randomized control 

trials, most notably, Krupitsky et al. (2011) which found that those being treated with 

XR-NTX reported statistically significant (p<0.05) gains in days opioid free (99.2% XR-
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NTX, 60.4% placebo) and mean treatment retention (168 days XR-NTX, 96 days 

placebo). Similarly, Sullivan et al. (2019) found that those treated with XR-NTX had 

approximately twice the treatment retention at six months (57.1%) compared to oral 

naltrexone (28.1%).   

As has been described, the US, agonists have become treatment as usual, but there 

remains some hesitation expressed by popular or political opponents which fear that 

opioids for opioid addiction will not 'cure' people with OUD (Fischer, 2000). The most 

promising alternative is treatment with XR-NTX. While randomized controlled trials 

(RCTs) have confirmed XR-NTX as potentially helpful medication to combat OUD, 

results of real-world naturalistic studies have not been as clear. A recent review found 

that adherence to XR-NTX treatment was more than three times higher in prospective 

investigational studies than in naturalistic ones (Jarvis, Holtyn, Subramaniam, et al., 

2018). 

The necessity for further real-world studies of XR-NTX as well as other 

treatments for behavioral health disorders is highlighted by a series of studies which 

found that commonly used exclusionary criteria for randomized control trials often fail to 

include many people who required treatment for the disorder being studied. Using the 

nationally representative National Epidemiological Survey on Alcohol and Related 

Conditions researchers found that less than 50% of those who would meet the DSM-IV 

criteria for being diagnosed with generalized anxiety disorder (Hoertel et al., 2012), 

personality disorders (Hoertel et al., 2015), depression (Blanco et al., 2008; Hoertel et al., 

2021), and post-traumatic stress disorder (Franco et al., 2016) would have been included 

in most randomized control trials (RCTs). 
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In the field of SUDs Blanco et al. (2008) found that 50.5% of people who met the 

criteria for alcohol use disorder would typically have been excluded from RCTs primarily 

due to psychiatric comorbidities. Further, the results of RCTs that explore the 

effectiveness of specific treatments, would most likely be generalized to people desiring 

that treatment; however, only 20.6% of people who sought treatment during the last year 

fit inclusion criteria for typical RCTs. 

A second aspect of RCTs that reduce their generalizability are the supports that 

are often provided to participants and may or may not be reported in peer reviewed 

journals. Some examples of supports that RCTs may provide include; no cost medication 

(while Medicaid or private insurance may demand a small copay or free medication may 

require the completion of complicated paperwork) or transportation to and from the study 

that may be more comfortable (car service compared to public transportation) or easier to 

access than that provided by Medicaid or insurance. RCTs may also provide more 

extensive and persistent outreach to participants than SUD treatment clinics. These 

perquisites of participating in an RCT may encourage treatment participation and 

retention which would not be found in a study of real-world behavior.  

This study will contribute to the understanding of the effectiveness of XR-NTX in 

the real-world by using the Truven Health Analytics MarketScan® Research Database 

(Truven Health) of private insurance claims, which record every interaction an insured 

person has with the healthcare system, to compare XR-NTX to buprenorphine in 

treatment retention, time to acute opioid related healthcare event and healthcare costs.  
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Chapter 2: Theory 

"One of the essential reinforcing qualities that maintains the chosen addictive 

pattern is that, while indulging in it, the individual can escape from painful reality and 

experience wish-fulfilling fantasies" Jacobs (1986, p. 17), describing the essence of the 

general theory of addictions. He postulates that at a person by chance engages in an 

addictive behavior or substance which removes some of their feelings of distress. Then, 

because it is extremely effective at alleviating distress, the person returns to the substance 

or behavior the next time distress is felt. This cycle is heightened by Jacobs' presumption 

that the psychological makeup of the person who is developing an addiction is 

chronically distressed and therefore in constant need to alleviate the distress.  

Continuing this line of thought, Khantzian (1985) (and revised in 1997, 2003; 

2003; 2008) laid out the self-medication hypothesis which theorized that not only do 

people become initiated into substance use as a response to psychological distress but that 

they choose the precise substance or behavior which remedies the specific uncomfortable 

feeling that they are experiencing. Therefore, people with depression may be attracted to 

use stimulants which reduces their lethargy and anhedonia. 

The combination of the general theory of addictions and the self-medication 

hypothesis explains the attraction of substance use to particular people and why the 

number of people who develop SUDs is relatively few when compared to those who use 

them occasionally in a controlled manner. However, these two theories do not explain 

why it is difficult for people with SUD to stop using once they realize that substances are 

not providing the relief they had hoped for but are instead the cause of new forms of 

distress. 
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There have been many attempts at developing theories to fill this gap in our 

understanding. One explanation is that an addiction is a learned behavior, that begins as a 

response to distress, and develops into a habit, and then, into a compulsion. The learning 

theories (that will be described) argue that learning is based on the reward of achieving a 

goal and just as a behavior can be learned it can be unlearned when the reward is no 

longer achieved. A second approach explicated by the Incentive-Sensitization theory, is 

that engaging in addictive behaviors cause the neurobiology of the brain to change (as 

will be described in detail below). Just as opioid use created a situation in the body that 

precipitates withdrawal symptoms upon cessation, so substance use produces changes in 

the structure of the brain which take years of abstinence to overcome. 

These two theories have different implications in treatment design. Learning 

theories assume that unlearning addiction is akin to unlearning other habits, and that XR-

NTX treatment can assist in the process of unlearning by removing the reward of opioid 

use. Conversely the Incentive-Sensitization theory assumes chronicity and long-term 

struggles with substance use despite the commitment of the patient to adhere to the 

treatment protocol. 

Learned Behavior and Habit Formation 

The development of an addiction as a result of classical conditioning is best 

outlined by Everitt and Robbins (2005) who specifically describe the process as 

‘Pavlovian’ (p. 1481) and expanded by Cuzen and Stein (2014) who describe addictive 

behaviors as being “at the nexus of impulsivity and compulsivity” (p.19) (i.e., addictive 

behavior is first engaged in impulsively to relieve distress and becomes a compulsion in 

later stages). “Reward-based learning is responsible for repeated drug use early in the 
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illness when drug use is pleasurable, positively reinforcing experience” (p.22). Then, the 

addiction will be engaged in to avoid the physical and psychological discomfort of 

withdrawal which cause “these learning mechanisms to become over-trained and so 

develop into compulsive habits” (p.22). Furthermore, as with Pavlov’s dogs, once 

established “the behavior is driven by associations triggered by stimuli and not by a clear 

goal/reward” (p.22). Continued addictive behavior is driven by “maladaptive learning 

processes and habit formation that lead to the development of compulsive behavior in the 

later stage of SUD” (p.22). Since the drive to engage in the addictive behavior has 

become entangled with the need to avoid withdrawal the learning process is self-

reinforcing hampering any attempts at unlearning the behavior.  

The learning theory has continued to be argued cogently by Lewis (2018) who 

understands that learning is more complex than Pavlovian conditioning. It has moved on 

to use “models of ‘embodied cognition’ which propose that all cognitive activity 

(including learning) results from iterative, self-perpetuated interaction between the 

animal and the environment. Learning is not just a response to stimuli but active 

engagement with meaningful aspects of the environment” (p.1552). Thus, processes 

which are goal directed are interwoven with those that are habituated to best interact with 

the environment. As this type of learning occurs changes begin to emerge in the brain. 

These neurological changes are reinforced by continued learning and the effect is that 

processes become both adaptive and automatic simultaneously. Lewis uses the reactions 

of an athlete or musician as an example of how skills “become streamlined with practice, 

they no longer engage conscious, reflective, or effortful control” (p.1555). 
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Further, Lewis (2018) argues that, urges and cravings that occur due to contact 

with objects or places related to substance use, known as cue sensitivity and reactivity, 

are not unique to SUD, but occur with other intense emotions such as romantic love, or 

traumatic memories. The fact that cue sensitivity is more persistent and more extreme for 

substance users is also not unusual in that “stimuli associated with past triumphs or 

traumas or even a once-loved song will reliably trigger strong feelings. . . because these 

cues refer to still-meaningful experiences” (p. 1556). Lewis admits that it is unclear why, 

unlike romantic love or other deeply emotional situations, the cravings associated with 

SUD are more intense and persistent. Though, Lewis speculates that since the goal of 

substance use is to relieve distress was never achieved due to extrinsic factors, such as the 

short duration of the effect, or tolerance, the possibility still exists in the mind of the 

person with SUD that, if used correctly, substances could permanently relieve distress. 

The fact that this possibility is non-falsifiable causes cravings to continue indefinitely. 

When a learned behavior becomes detrimental the goal of treatment is behavior 

extinction. “Extinction is defined as a learning process that produces a reduction in the 

frequency or intensity of learned responses to conditioned cues” (Kaplan et al., 2011, p. 

620). In the context of substance use treatment extinction occurs when substance use cues 

are available but do not lead to the reward of substance use. It is not forgetting previous 

associations but learning that the people, places, and objects related to substance use are 

no longer connected to the reward of substance use. By being repeatedly exposed to 

stimuli that were paired with a reward, but not receiving the reward, the stimuli lose their 

value and eventually the association is broken. Almost as soon as naltrexone was 
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developed, Wikler (1973, 1984) saw its usefulness as a treatment for OUD by 

encouraging extinction. 

In a review, Kaplan et al. (2011) found that anxiety disorders are successfully 

treated by extinction-based treatments. People with post-traumatic stress disorder are 

reactive to stimuli associated with the original trauma. To drive this reaction into 

extinction, they are asked to re-live the original traumatic incident in a safe manner, 

either by using guided imagery or by undergoing in person experiences with items and/or 

in places that trigger their stress response. While safe, but in proximity to items or place 

associated with trauma they were able to process cognitively that the situation was safe 

and “their fears and reactions to these stimuli are unrealistic” (Kaplan et al., 2011, p. 

622). Kaplan et al. cited several large-scale studies that demonstrated that extinction-

based treatments for anxiety disorders and post-traumatic stress disorder, that have been 

found to be effective, as have exposure and desensitization therapy for specific phobias 

which work on the same principle. 

However, in the same review (Kaplan et al., 2011) found that similar evidence 

could not be found for treating substance use disorder by extinction. Though the authors 

acknowledge that this may be due to the fact that studies examining substance use could 

not ethically reproduce the stimuli associated with substance use and that the participants 

may not have as great a reaction to the substitutes. “Of course, exposure to a naturalistic 

setting in addiction is potentially dangerous and cannot easily be employed in a treatment 

setting” (p. 623). 

By depriving people with OUD of the pleasure of opioid use XR-NTX should, 

according to the learning theories that have been outlined, drive opioid use into 
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extinction. In support of this theory there has been one small (n=57, 8 week) study that 

found that participants who tested positive for opioid use and due to the naltrexone 

blockade did not experience pleasure were more likely to go on to a period of sustained 

abstinence (Sullivan et al., 2013). A similar result was found in a qualitative study of 

people who were given XR-NTX prior to release from incarceration (Velasquez et al., 

2019). The study reported that many of the participants used heroin; either because they 

forgot about having been given XR-NTX or because they were skeptical of the 

effectiveness of the blockade. Participants then reported that after not having experienced 

the euphoria of opioid use, they no longer continued to have the desire to use. Thereby 

directly attributing their loss of desire to XR-NTX without the need of other psychosocial 

interventions, however frequent.  

Incentive-Sensitization Theory 

Starting in 1993 Robinson and Berridge added a neurobiological perspective to 

the list of theories used to explain why the decision-making process in people with SUDs 

allows them to continue their substance use despite its negative consequences. They 

developed the Incentive-Sensitization theory of addiction that differentiated between the 

concepts of ‘liking’ and ‘wanting’ which are commonly thought of as synonymous. They 

cite a common refrain found in narratives of people with SUD that as “drugs come to be 

‘wanted’ more-and-more, they often come to be ‘liked’ less-and-less” (1993, p. 249) both 

as the inspiration for, and as an explanation of, the divergence of the two concepts. After 

explaining the difference between ‘liking’ and ‘wanting’, the Incentive-Sensitization 

theory explains that each experience is controlled by different neural systems and that the 



 

17 
 

‘wanting’ system can become hyper-reactive to specific stimuli, a condition that can last 

for many years after substance use has ceased.  

Liking vs Wanting 

‘Liking’ is defined by Berridge and Robinson as being the “underlying core 

process of hedonic evaluation that typically produces conscious pleasure” (1998, p. 313). 

Using this definition, ‘liking’ is demonstrated by universal facial expressions that occur 

in humans as well as other animals in reaction to sweet taste. Understanding the 

connection between ‘liking’ and pleasure people can develop hierarchies of desire, such 

as a desire for specific foods rather than others, though both are pleasurable they are not 

so equally. Conversely, should an action be unpleasant, (e.g., tasting bitter) it will drive a 

specific facial reaction and will be disliked. People will then not be attracted to continue 

the actions that bring about unpleasantness.  

However, ‘liking’ or pleasure is confined to an experience separated from the 

attainment of that experience. The concept of pleasure is in the taste of sugar, totally 

divorced from how the sugar was originally attained and equally separate from a desire to 

acquire more sugar. As Robinson and Berridge explain “pleasure (‘liking’) is not by itself 

sufficient to motivate behavior. Pleasure by itself has no object or action” (1993, p. 261). 

The desire to repeat the pleasure is what Robinson and Berridge define as ‘wanting’.   

‘Wanting’ has two meanings according to Berridge and Robinson: First, it implies 

cognitive incentives (such as sugar) and goal directed activity (placing a teaspoon in 

coffee) to achieve an explicit desire (sweeter coffee). Second, (pertinent to SUD), is 

'incentive salience' which “does not require a clear cognition of what is wanted and does 



 

18 
 

not even need to be consciously experienced as a feeling of wanting” (Berridge & 

Robinson, 2011, p. 35).  

Incentive salience creates a desire that is not connected with memories or 

expectations of pleasure. To illustrate this seeming paradox Berridge and Robinson 

(1995, 2003, 2011) point to seeking behavior that some people with crack cocaine use 

disorder engage in when confined and without access to drugs. In such situations they are 

observed examining sugar or salt crystals and crumbs on the floor of their room. They 

later explain these actions having been done in anticipation that overlooked crack may be 

available. This behavior cannot be explained as goal directed plans to achieve explicit 

desires for two reasons; the seeking behavior is engaged in on a remote chance that some 

crack may be found not as a response to the real possibility that it is available and should 

the grains of salt or sugar turn out to be crack, their use would not produce any physical 

effect. 

Hedonic vs Mesolimbic Areas of the Brain 

The Incentive-Sensitization theory explains that not only are ‘liking’ and 

‘wanting’ different concepts they are controlled by different parts of the brain. The 

mesolimbic dopamine system is the dominant area in the brain that produces the 

sensation of ‘wanting’ and in the case of people with SUD or other addictions it is the 

system which produces cravings. This system is “large and robust” (Berridge & 

Robinson, 2016, p. 673) which makes it difficult to resist once it is conditioned to expect 

substance use. 

This contrasts with the system that produces ‘liking’ described by Berridge and 

Robinson as “a collection of interactive hedonic hotspots . . . which are anatomically tiny, 



 

19 
 

neurochemically restricted, and easily disrupted . . . and each hedonic hotspot is nestled 

within its larger limbic structure” (p. 673). They are therefore less influential in 

controlling behavior and can be easily overcome. 

In the disease of addiction, the mesolimbic dopamine system controls ‘wanting’, 

or mesolimbic incentive salience, which produces cravings.  “This type of ‘wanting’ is 

often triggered in pulses by reward-related cues or by vivid imagery about the reward. . . 

and is mediated largely by mesocortolimbic systems involving midbrain dopamine 

projections to forebrain targets” (Berridge & Robinson, 2016, p.671). However, it is not 

closely related to cognitive understanding; therefore, the feeling of wanting cannot be 

easily regulated by rational thought. 

Berridge and Robinson (1998) then tested their incentive-sensitization theory by 

demonstrating that the dopaminergic system is not related to pleasure (i.e., ‘liking’) by 

chemically removing dopamine from rat brains and subjecting them to ‘taste reactivity’ 

tests, in which the rats, were given sweet and bitter tasting foods. The test found that the 

rats produced typical facial reactions to the tastes and were able to learn how to acquire 

the sweet taste thus establishing that ‘liking’ and learning were distinct from incentive-

salience and not controlled by the dopamine system. 

Similarly, there have been numerous studies, many with Parkinson’s patients 

(O'Sullivan et al., 2011; Ondo & Lai, 2008; Pettorruso et al., 2016; Politis et al., 2013), 

that show that dopamine is related to compulsive behavior. One example (Evans et al., 

2006) is cited by Robinson and Berridge (2008) where patients, with Parkinson’s disease, 

who have high levels of dopamine engage compulsive behaviors such as excess drug 

taking, compulsive sexual activities, and gambling for which they have no history. 



 

20 
 

Further, these behaviors cease once their dopamine levels have been regulated using 

medications. “Perhaps most interestingly, increased dopamine release is associated with 

increased ratings of drug wanting but not drug ‘liking’” (p. 3140).  

Sensitization 

Having clarified the difference between ‘liking’ and incentive salience 

conceptually then demonstrated that each is controlled by a separate area of the brain, 

Berridge and Robinson explain that the mesolimbic dopamine system becomes more 

sensitized or more reactive to drug cues. Therefore, as a person continues to use 

substances the desire to use (i.e., incentive salience) continues to grow and becomes 

harder to overcome since the dopaminergic system moderating ‘wanting’ becomes more 

and more sensitive to even small drug related cues. 

Robinson and Berridge (2001, 2008) discuss at length the neural processes (the 

details of which are beyond the scope of this study) that lead to sensitization and point to 

experiments in animals (Wyvell & Berridge, 2000, 2001) and humans (Strakowski & 

Sax, 1998; Strakowski et al., 1996) that demonstrate the existence of dopamine 

sensitization. Two examples of research corroborating the existence of sensitization in 

humans are: Wiers and Stacy (2005) who found by eye tracking that drug related cues 

were found to be more attractive than non-drug related cues to people with established 

SUD, and Boileau et al. (2006) who found that repeated intermittent administration of 

some drugs caused a heightened dopamine response, in those with SUD, consistent with 

sensitization.  

However, Berridge and Robinson (2011; 2008) argue not every person’s 

mesolimbic dopamine system is equally susceptible to sensitization and that it is this 
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difference that explains why many people will use addictive substances and only a small 

percentage will develop SUD. 

Persistence 

A final important point of the incentive-sensitization theory is fact that the 

sensitization of the mesolimbic domine system creates overwhelming cravings that 

persist despite years of abstinence, which helps understand why chronic return to use is a 

hallmark of SUD (Berridge & Robinson, 1995, 2011, 2016; Robinson & Berridge, 1993, 

2001, 2003, 2008). Studies of animals have found that sensitization can last for months or 

years after drug use experiments have ended and far longer than stimulus-response 

behaviors (i.e., learned behaviors) continue in the absence of reward. In one experiment, 

signs of sensitization continued for at least 28 months in Rhesus macaques and in 

Holtzman rats for over one year (Castner & Goldman-Rakic, 1999). In terms of human 

lifespan this would be proportionally seven years and almost 27 years respectively [using 

the crude estimators in Simmons (2016) and Sengupta (2013)]. It emerges that 

sensitization (i.e., changes in the neural substrate) is the scar tissue of the disease of 

addiction and its presence will hamper recovery for a longer timespan than most 

treatments expect. 

Example 

Here is an illustration to understand how the incentive-sensitization theory works 

in practice. Uninitiated people use heroin (though the same is true for any substance or 

addictive behavior) because they expect it to induce a euphoric state. They may desire 

this euphoria as an antidote to current negative emotions, or possibly for other reasons 

such as peer usage or pain relief. They then judge if they ‘liked’ the experience or did 
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not. Simultaneously, the mesolimbic system is activated and induces a mild desire for the 

substance. Initially, the person will use heroin because he or she ‘likes’ it, (i.e., 

cognitively desires the pleasure it brings) and engages in goal directed activity to achieve 

that end. Through repeated uses, the smaller hedonic system exerts less influence on 

decision making and how much a person ‘likes’ heroin becomes less relevant. 

Meanwhile, the larger mesolimbic system exerts more influence on the person and 

creates an overwhelming desire (i.e., incentive-salience) for heroin. This desire is further 

heightened by the brain’s sensitization to opioid use cues and contexts. As the person 

continues to use opioids the dopamine based mesolimbic ‘wanting’ system completely 

overtakes the smaller hedonic ‘liking’ system and the person loses the ability to stop 

wanting opioids when their use is no longer pleasurable. Nor are they able to overcome 

their 'wanting' of opioids to avoid severe negative consequences including losing 

employment and important personal relationships, or incarceration.  

At this point, if some change happens that causes this person to enter treatment 

there is a high probability of dropout, due to incentive-salience sensitization which will 

amplify any drug related cues and cause intense cravings which are almost impossible to 

conquer. Even if abstinence is achieved, it may be years or even decades before this 

sensitization is reversed and during this time heroin related cues can trigger intense 

cravings that often lead to a return to use.  

Incentive-Sensitization vs. Learning Theories 

The Incentive-Sensitization theory must be contrasted with learning theories as 

the basis for addictive disorders. Those who propound learning theories typically believe 

that substance use becomes a conditioned stimulus-response habit (Everitt & Robbins, 
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2005; Hyman et al., 2006; Tiffany, 1990) or is mixture of conditioned responses and goal 

directed activities (Lewis, 2018). Berridge and Robinson (2011) argue that while there 

are some unconscious cue reactive responses, (such as having a quickened heart rate 

when procuring drugs or setting out the paraphernalia,) most people with addictive 

disorders do not act automatically. 

Berridge and Robinson, admit that learning is certainly one component of the 

process of addiction in that people who are naive to substance use must be initiated into 

the process and once initiated the pleasure of use entices them to repeat their actions. 

They also believe that some aspects of drug consumption seem to become ritualized and 

automatized in the way of habits. Despite this evidence Berridge et al. (2009); Robinson 

and Berridge (2008) make the case that conditioned stimulus-response habits do not fit 

the behavior pattern of people with addictions. Stimulus-response behaviors are 

automatic and occur when a person’s mind is distracted, they do not intrude into a 

person’s thoughts and become a preoccupation, nor do they cause a person to feel 

compelled to act against their best interest into situations that may be physically 

dangerous or cause them to lose important relationships and financial security (Berridge 

& Robinson, 2011). In all cases of learned stimulus-response habits conscious thoughts 

override habitual behaviors; however, conscious thought does not override addictive 

disorders. 

Testable Hypotheses 

According to the learning theories outlined above XR-NTX which does not 

provide a reward for opioid use should therefore help the person learn to abstain. 

However, XR-NTX alone could not act to block the sensitized incentive-salience system 
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which predicts that sensitization is a long-term residual symptom of addiction, that will 

thwart attempts at abstinence by amplifying and intensifying opioid cue induced cravings. 

A monthly injection of XR-NTX treatment would not help in curtailing future use since it 

takes years for sensitization to be reversed. 

This contrasts with buprenorphine treatment which proponents of learning theory 

and the Incentive-Sensitization theory both agree will mitigate the desire for illicit 

opioids and may to some degree help unlearn the behavior of opioid use. Though, the 

inevitable cravings that are the result of sensitization to opioid cues will be difficult to 

overcome.  

This study aims at evaluating the comparative effectiveness of XR-NTX treatment 

and buprenorphine treatment within each of these theoretical lenses, using treatment 

retention, the need for acute care, and healthcare cost as outcome measures.
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Chapter 3: Systematic Review of the Literature 

The aim of this study is to assess the effectiveness of XR-NTX and buprenorphine 

treatments for OUD. Buprenorphine is considered a partial agonist whose molecular 

structure binds with opioid receptors in the brain and occupies them, preventing 

withdrawal, and reducing cravings (Campbell & Lovell, 2012). It has widely used as a 

treatment for OUD, with some success both in RCTs and in community settings (Jaffe & 

O'Keeffe, 2003; Neumann et al., 2013; Rosenheck et al., 2018). Buprenorphine has been 

called the "holy grail" of opioid treatment (O'Connor et al., 2020, p. 1) since it has had 

success and can be dispensed by primary care physicians in their office. With its history 

buprenorphine is the treatment to which new MOUDs should be compared. 

XR-NTX has a shorter history and while it is an evidence-supported treatment for 

OUD;(Krupitsky, 2011; Krupitsky et al., 2013) its efficacy has been established through 

RCTs. However, the nature of OUD as a disease means that many factors may influence 

the translation of XR-NTX into real world practice. This systematic literature review 

therefore seeks to assess the current state of knowledge about the effectiveness of XR-

NTX in a community sample. 

This review has three aims: Compare and critique studies that assess the 

effectiveness of XR-NTX either by itself or in comparison to other treatment modalities 

in three area: (a) treatment retention, (b) during or post treatment hospitalizations (both 

opioid and non-opioid related), and (c) medical expenses. Synthesize the findings of 

previous studies and evaluate any across the board differences in outcomes for those 

being treated with XR-NTX. Assess if there is evidence that XR-NTX is effective as a 
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treatment for OUD and the costs associated to inform the hypothesis of the proposed 

study.  

Method 

Search Strategy 

After consultation with a research librarian, it was decided that the PubMed, 

PsychINFO, CINAHL, and EMBASE databases would be searched since they relate to 

the medical and psychological fields and would be appropriate to evaluate a 

pharmaceutical treatment for an acknowledged psychological disorder. To set up a single 

search that would cast a wide net and serve as a basis not only for this review but for 

other reviews of the effectiveness of naltrexone to treat different behavioral disorders the 

author and a research librarian joined two search terms by the Boolean operator AND. 

The first term for the medication being studied (e.g., "naltrexone", "Vivitrol") and the 

second denoting a treatment result (e.g., "treatment outcome", "treatment retention"). The 

exact search terms for each of the databases are listed in Appendix A. 

Inclusion/ Exclusion Criteria 

The goal of this review is to synthesize all studies that pertain to the use of XR-

NTX as a treatment for OUD in a community sample. The studies that were to be 

included must have been empirical studies that at a minimum used XR-NTX as a 

treatment modality, with or without comparison or control groups. This review 

specifically excludes studies that used oral naltrexone since it requires daily doses and 

those that studied naltrexone implants since they are no longer commonly in use. 

Similarly, studies that relate to XR-NTX treatment but do not include outcome measures 

of treatment were to be excluded, such as: those that relate summary data for all MAT 

medications but not for XR-NTX individually, and those that explore aspects of XR-NTX 
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treatment that are process or service evaluations rather than effectiveness trials, or the use 

of XR-NTX as a detoxification medication. XR-NTX did not have to be the sole 

treatment modality and may be supplemented with concurrent behavioral treatments, in 

any treatment setting. 

The need for empirical studies therefore excludes editorial or commentary articles 

as well as reviews; however, all review articles that were found in the search were 

backward and forward tracked to identify other studies for inclusion. 

The focus of this study is on the real-world outcomes of community-based 

treatment and therefore excludes studies which were done as part of clinical trials (i.e., all 

randomized control trials) and those using samples drawn from the criminal justice 

involved population. This is because participation in a research study by people who are 

incarcerated at the behest of the criminal justice system, implies an element of coercion 

not found in community sample despite the fact that participation may have been 

voluntary and not connected to early release.   

Only completed studies with results published in peer-reviewed journals were 

included. This criterion excludes early reports published as conference, or symposium 

proceedings, or poster abstracts. While this literature may contain valuable data, it was 

excluded due to the paucity of information reported in those formats which presented two 

problems: first, it was difficult to determine if any given study met inclusion criteria (e.g., 

was it an RCT, or did it involve criminal justice population). Second, it was often 

difficult to establish if the early report was followed up as a study in a peer-reviewed 

journal or if there were two separate studies conducted by some of the same authors using 

similar samples. 
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While database filters will be used to exclude studies conducted on animals, no 

filter will be used to exclude studies published in languages other than English, since 

preliminary studies on the use of XR-NTX for OUD occurred in Russia. Further, in the 

US, XR-NTX was only approved by the FDA as a treatment of OUD in October 2010, 

however, its use may have been studied in countries other than the US prior to that date 

and the results published in languages other than English. For the same reason, no time 

limitation will be placed on article publication, as well as to account for studies that 

looked at off-label usage.  

Data Extraction 

The data for each article will be extracted into its own summary table [rather than 

a single extraction table, as is the practice of some Cochrane reviews, [(see Lobmaier et 

al. (2008); Lobmaier et al. (2011)] which outlines that study’s: design, rational, specific 

aims, sampling procedure, final XR-NTX sample, comparison group, dependent 

variables, independent variables, named covariates, data analysis method, results, clinical 

importance and limitations acknowledged by the authors (tables for each study are in 

Appendix B). For ease of comparison, a table that summarizes the study’s design, aim, 

independent, dependent, variables and results was created (see Appendix C). 

Study Quality Assessment 

Studies will be assessed using the Methodological Index for Non-Randomized 

Studies (MINORS) (Slim et al., 2003) which, as its name indicates, is designed to 

evaluate the quality of non-randomized studies, with or without a control/comparison 

group. It is therefore an ideal tool for this review which seeks to compare real-world 

observational studies of XR-NTX effectiveness. The MINORS instrument is a series of 
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12 questions each of which assesses an area of the methodology of observational studies; 

only the first eight items are used when there is no comparison group. Each question is 

answered on a three-point scale (0=not reported, 1=reported but inadequate, 2=reported 

and adequate). The instrument was validated first by a panel of 100 experts, then revised 

based on the assessment of 10 methodologists. The final product was then used to 

identify excellent studies which had been published in major journals with specific 

standards of study quality, thereby demonstrating external validity. The different aspects 

of reliability were also assessed; it has a high internal consistency (α=0.73); nine of the 

items had a test-retest reliability of κ>0.74, and all 12 had κ>0.59. Similarly, all items 

exceeded the a priori standard of κ>0.4 for inter-reviewer agreement with all 12 items 

having a κ-coefficient >0.55. 

Outcomes 

Though the aim of this review is to synthesize previous research into the 

effectiveness of XR-NTX in healthcare costs, rehospitalizations and in treatment 

retention. Cost analysis as well as measurements of rehospitalization analysis frequently 

make numerous comparisons between the groups that are being studied and are not 

comparable using meta-analytic methods. The results of any cost analysis and 

rehospitalization will be described, compared, assessed, and critiqued but not statistically 

analyzed. 

For XR-NTX treatment adherence and treatment retention are synonymous, in 

that a person who receives an XR-NTX injection will be defined as adhering to and 

retained in treatment for that month. Therefore, the number of injections received is often 
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reported in studies of XR-NTX and will be used as the meta-analytic variable of 

comparison between studies. 

Meta-analysis 

The included studies provided individual patient level data that was extracted 

from which survival curves could be reconstructed (without covariates) and from which 

hazard rates (not ratios) could be calculated. Therefore, the Kaplan-Meier survival curves 

derived from each study were compared to each other as well as to the pooled survival 

curve, along with the median treatment retention derived from each study. This method 

provided an understanding of the absolute treatment retention measured in months, or 

synonymously, injections received. 

Two meta-analyses of the proportion of those retained in treatment were 

conducted: The first compared the treatment retention reported at three months, which 

has been considered a benchmark time in previous research (Moreno et al., 2019). The 

second, used the proportions of those who were retained in treatment for the whole 

course of the study they participated in or until six months (whichever is earlier). Both 

analyses only include those who received at least one injection and were therefore in 

treatment for one month. The reason for the six-month cut off is that 11 of the included 

studies reported the month-by-month retention rates and from which survival curves were 

extracted, of them three, contained data for seven months, another two for six months, 

three more for five months and one for four months. Also, one study followed up with 

their participants for 24-months but reported their findings at one, six, 12, and 24 months. 

Using six months as a point of reference for successful retention allows for including nine 



 

31 
 

studies that have data until one month prior to that time. Additionally, meta-regression 

were used to determine if any heterogeneity is explained by time.  

The meta-analysis was be conducted using R 4.0.3 software (R Core Team, 2020) 

and packages "meta" (Balduzzi et al., 2019) and "metafor" (Viechtbauer, 2010) which 

computed the weighted mean of the effect sized using the inverse of the individual study 

variance weights and produced associated confidence intervals and tests of homogeneity. 

The random effects model was deemed most appropriate since preliminary modeling 

indicated high heterogeneity between studies which is best handled using the random 

effects model as recommended by Lipsey and Wilson (2001). 

Results of Systematic-Review   

Search Results  

A search of PubMed, CINAHL, EMBASE, and PychINFO was conducted on July 

21, 2020 using the search terms described in Appendix A.  PubMed found 1,157 articles, 

CINAHL 104, EMBASE 5,694 and PsychINFO 571 when 1,185 duplicates were 

removed a total of 6,341 titles and abstracts were manually screened for the inclusion 

criteria. A total of 148 articles were selected for full article review, of these 30 were 

identified as conference poster or symposium abstracts and were excluded. Sixteen 

articles described studies of people with criminal justice involvement, while 18 were 

studies of oral or implant naltrexone, seven were on related topics, and six were studies 

of the transition to XR-NTX immediately post detoxification, all of which were excluded. 

Thirty-one articles did not describe empirical studies, of these 16 were review articles 

which were back and forward searched to identify other potential studies, but none were 

identified (see Figure 1.). 
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Figure 1 

PRISMA 2009 Flow Diagram 

 

Of the remaining 40 articles, 21 were in languages other than English and five 

were not accessible via inter-library loan. Critically, all of these 26 articles were 

published in 2009 or earlier (23 prior to 2005) and the studies (as they were described in 

their abstracts) all began prior to Alkermes, the producer of Vivitrol®, announced the 

development of an XR-NTX, then called Vivitrex, and could not be relevant to this study.  

The remaining 14 studies included one (Agibalova et al., 2017) in the Russian 

language, which was included after receiving a high-quality translation into English. 

One study, Earley et al. (2017), used a sample of healthcare professionals who 

“might or might not have been mandated to treatment under voluntary license supervision 
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agreements” (p.225) and was included since it did not meet the a priori exclusion 

criterion, of being on people involved with the criminal justice system. Those studies 

were excluded because of the implied coercion that may exist within that population that 

does not exist in a community sample. It may be argued that since the healthcare workers 

in the sample may have entered treatment due to similar coercive circumstances 

involving the retention of their professional licenses, that they should be excluded. 

However, this situation was not considered a priori, and the type of coercion implied by 

the possible loss of professional licensure is qualitatively different from incarceration. In 

addition, the study does not report what proportion of the sample was made up of 

voluntary participants. For these reasons it was included, though it was neither purely 

community based nor was the element of coercion eliminated.  

Data Extraction. Data from each study was extracted into summary tables 

(Appendices B and C) then the results of treatment retention were summarized by 

monthly number and percent of participants who received an injection for that month (see 

Table 1) and survival analysis was conducted on the results, see Figures 2 and 3. 
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Table 1 

Number and Percent of Study Sample that Received Injections 

Study  n(%) 0 Inj. 1 Inj. 2 Inj. 3 Inj. 4 Inj. 5 Inj. 6 Inj. 7 Inj. 12 Inj. 24 Inj. 

Agibalova 2017  83 0 83 (100%) 82 (99%) 76 (92%) 74 (89%) 56 (67%) 36 (43%) 1 (1%)   

Cousins 2016  171 0 171 (100%) 101 (59%) 68 (40%) 43 (25%) 15 (9%) 8 (5%) 3 (2%)   

Fishman 2010  19 3 (19%) 16 (84%) 12 (63%) 10 (53%) 7 (37%) 7 (37%) 4 (25%) 3 (19%)   

Herbeck 2016  116 0 116 (100%) 67 (58%) 37 (32%) 23 (20%) 11 (9%)     

Makarenko 2019  134 0 134 (100%) 119 (89%) 109 (81%) 101 (75%)      

Saxon 2018  395 0 395 (100%) 269 (68%) 202 (51%) 170 (43%) 140 (35%) 122 (31%) 111 (28%)   

Stein 2016  62 0 62 (100%) 35 (56%) 20 (35%) 14 (23%) 11 (18%) 11 (18%)    

Vo 2018  14 0 14 (100%) 9 (64%) 8 (57%) 7 (50%) 7 (50%)     

Vo 2016  13 0 13 (100%) 11 (85%) 9 (69%) 7 (54%) 5 (38%) 2 (15%)    

Wang 2020  32 9 (28%) 23 (72%) 18 (56%) 15 (47%)       

Earley 2017  49 11 (22%) 38 (78%)     28 (57%)  21 (43%) 14 (29%) 

Abbreviations.  

Inj. - injections  

 
Figure 2  

Combined Survival Curve for Included Studies 
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Figure 3 

Individual Survival Curves for Included Studies 

 

Description of Studies. Of the 14 included studies, 12 used data collected after 

the FDA approved XR-NTX as a treatment for OUD. However, two studies, (Baser et al., 

2011; Fishman et al., 2010) collected data prior to FDA approval and analyzed data from 

off-label or experimental use of XR-NTX.  

Most of the studies (Cousins et al., 2016; Earley et al., 2017; Fishman et al., 2010; 

Herbeck et al., 2016; Leslie et al., 2015; Makarenko et al., 2019; Saxon et al., 2018; Stein 

et al., 2016; Vo et al., 2018; Vo et al., 2016) were published in peer reviewed journals 

dedicated to research in the field of substance use disorders, the others were either 

published in a related field such as psychiatry (Wang et al., 2015) or mental health 

(Agibalova et al., 2017). Journals dedicated to SUD do not usually focus on the economic 

impact of either the disease or the treatment and therefore the two articles (Baser et al., 

2011; Wakeman et al., 2020) describing studies that explored that area were published in 

journals outside of the SUD field.  
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The authors of all 14 articles clearly stated the aim of their study, the protocols 

that they established for data collection and described the unbiased end points they used 

in their analysis, though Agibalova et al. (2017) was somewhat unclear their description, 

possibly due to the translation from Russian to English. 

Four studies (Agibalova et al., 2017; Earley et al., 2017; Fishman et al., 2010; 

Stein et al., 2016) examined treatment retention in those undergoing XR-NTX treatment 

without a comparison group, four (Baser et al., 2011; Vo et al., 2018; Vo et al., 2016; 

Wakeman et al., 2020) compared those in XR-NTX treatment to other treatment 

modalities, and five (Herbeck et al., 2016; Leslie et al., 2015; Makarenko et al., 2019; 

Saxon et al., 2018; Wang et al., 2015) compared those continuing in XR-NTX treatment 

to those who dropped out.  

The study conducted by Cousins et al. (2016) compared those in treatment who 

received a heroin use disorder diagnosis to those who had an OUD due to use of 

prescription opioids. While Herbeck et al. (2016) compared those in XR-NTX treatment 

for OUD to those in XR-NTX for alcohol use disorder, as well as differences in treatment 

retention and demographic information between males and females. 

Sampling Procedure. Most of the studies were located in the US and recruited 

their sample from treatment centers that provide services to a specific locality (Fishman 

et al., 2010; Herbeck et al., 2016; Leslie et al., 2015; Stein et al., 2016; Vo et al., 2018; 

Vo et al., 2016; Wang et al., 2015).  Earley et al. (2017) recruited from eight local sites in 

the USA; while Agibalova et al. (2017) and Makarenko et al. (2019) conducted their 

studies in Russia and Ukraine respectively in conjunction with service providers in those 

countries. Wakeman et al. (2020), Saxon et al. (2018), and Baser et al. (2011) differed 
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from the others in that they used data from national databases rather than collecting data 

themselves.  

In contrast to the latter three, all the rest conducted observational cohort studies, 

three were prospective (Earley et al., 2017; Makarenko et al., 2019; Wang et al., 2015) 

and the rest were retrospective.  

The 14 studies had sample sizes that ranged from over 40,000 to as few as 14 

participants, broken roughly into three groups: small (83 or fewer participants) 

(Agibalova et al., 2017; Earley et al., 2017; Fishman et al., 2010; Stein et al., 2016; Vo et 

al., 2018; Vo et al., 2016; Wang et al., 2015), medium (between134 and 598 

participants)(Cousins et al., 2016; Herbeck et al., 2016; Leslie et al., 2015; Makarenko et 

al., 2019; Saxon et al., 2018), and large (19,143 and 40,885 participants) (Baser et al., 

2011; Wakeman et al., 2020). 

Of all included studies, only the one conducted by Baser et al. (2011) provided an 

a priori justification of sample size, and none directly discussed the statistical power of 

their findings. However, most of the studies which used samples from treatment centers 

noted that they included all consecutive admissions that met eligibility criteria and agreed 

to participate. The exceptions were Agibalova et al. (2017); Earley et al. (2017); Fishman 

(2008); Herbeck et al. (2016) which were unclear about the details of their sampling 

procedure. However, the context indicated that they were including all those who 

received XR-NTX injections and excluded only those who did not meet their expressed 

criteria. Wang et al. (2015) did not provide any information about their recruitment 

process aside from the fact that 32 participants were "recruited through local advertising" 
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(p.2). In addition, the authors of that study did not discuss the criteria used for inclusion 

or exclusion of participants in the study, aside from using intravenous heroin.  

Outcome Measures. All 14 of the included studies used treatment retention as 

one of the dependent variables, while two, (Baser et al., 2011; Wakeman et al., 2020) also 

included outcome measures that pertain to the cost of treatment and rehospitalization. 

Fishman et al. (2010) and Vo et al. (2018) had small sample (<20) and provided a brief 

qualitative description of the outcome of each case in addition to treatment retention. Five 

studies (Cousins et al., 2016; Earley et al., 2017; Herbeck et al., 2016; Makarenko et al., 

2019) measured the urge to use opioids, four of which used a modified Penn Alcohol 

Cravings Scale. Makarenko et al. (2019) and Vo et al. (2016) measured actual illicit 

substance use as an outcome. Three studies (Earley et al., 2017; Makarenko et al., 2019; 

Saxon et al., 2018) examined the associations between health quality of life and treatment 

retention. Finally, Wang et al. (2015) primarily measured various types of brain function 

during treatment.  

Since treatment retention was the dependent variable, loss to follow up was both 

expected and informative. While the perfect study using treatment retention would 

continue until every participant has dropped out, all the included studies observed 

substantial lengths of time in treatment – all but Wang et al. (2015) followed their 

participants for five months or longer. 

Although this review searched for all studies that utilized rehospitalizations and 

health care costs associated with XR-NTX treatment, only two studies investigated this 

area. Baser et al. (2011) used both health care costs which were described based on 

treatment medication and type of service, as well as health care utilizations, which are the 
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number of times each type of service was accessed. While Wakeman et al. (2020) 

examined "serious opioid -related acute care use, defined as emergency department or 

hospitalization with a primary opioid diagnosis code" (p.3). 

Additionally, many of the studies used several methods of attempting to measure 

continued opioid addiction such as opioid use, (either self-reported or discovered through 

urine analysis) as well as different measurements of opioid cravings (Agibalova et al., 

2017; Earley et al., 2017; Herbeck et al., 2016; Leslie et al., 2015; Makarenko et al., 

2019; Saxon et al., 2018; Vo et al., 2018; Vo et al., 2016); while, Wang et al. (2015) used 

fMRI to measure neural activity in response to opioid cues, over the course of treatment. 

Some studies looked at the relationship between MOUD and psychosocial 

treatment utilization (Leslie et al., 2015; Saxon et al., 2018; Vo et al., 2018), while others 

attempted to measure the effect of treatment on the participants recovery in a holistic 

sense and therefore used employment, relationship (Agibalova et al., 2017), quality of life 

(Makarenko et al., 2019) or global assessment of functioning (Saxon et al., 2018) 

variables. 

Comparison Groups. Eleven studies used contemporaneous comparison groups, 

of these, six (Earley et al., 2017; Herbeck et al., 2016; Leslie et al., 2015; Makarenko et 

al., 2019; Saxon et al., 2018; Wang et al., 2015) compared groups of those who were in 

XR-NTX treatment; those who received a certain number of injections to those who 

received fewer or no injections. Four other studies (Baser et al., 2011; Vo et al., 2018; Vo 

et al., 2016; Wakeman et al., 2020) compared the results of different treatment methods, 

either other MOUDs or psychosocial counseling. Two studies compared other groups: 

Herbeck et al. (2016) compared males to females in treatment completion and Cousins et 
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al. (2016) compared those who underwent treatment for heroin use to those who 

underwent treatment for other opioid use.  

The studies that compared those who dropped out of treatment to those retained 

started with equivalent groups and the post hoc analysis was specifically geared to 

determine if there were intrinsic or extrinsic differences between the two groups. 

Similarly, the studies that compared different treatment modalities reported the 

demographic differences between the groups, and when appropriate corrected for 

differences in their analysis. However, Wakeman et al. (2020) used a national database 

and compared six different treatment pathways but did not make any statistical 

comparisons between the groups, despite their differences. For example, an ANOVA test 

with Tukey's post hoc test using the summary information provided, showed that there 

were significant differences between all treatment types except for the intensive 

outpatient treatment and the XR-NTX treatment groups (F=1542.21, df = 5, p<.001, 

Tukey HSD post-hoc test p<.001 for all other comparisons). Further, the sample that 

Wakeman et al. used was large (n=40,885) and the groups could have been matched on 

control variables just as Baser et al. (2011) used propensity score matching with similar 

data.  

The MINORS template requires an evaluation of the study's use of adequate 

control groups and using adequate statistical analysis. These two criteria work in tandem. 

Since the type and size of the control group must be in proportion to the claims that the 

authors make based on their statistical analysis and the type of analysis must be chosen 

based on the available control group. All included studies had adequate comparison 

groups either because they reported descriptive (i.e., not inferential) statistics, or because 
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they had a large enough sample to detect meaningful differences between groups. In only 

one study (Herbeck et al., 2016) were the authors unclear in reporting the method of their 

statistical analysis.  

Analysis. Most of the included studies (Agibalova et al., 2017; Fishman et al., 

2010; Herbeck et al., 2016; Stein et al., 2016; Vo et al., 2018; Vo et al., 2016) did not 

report the results of their analysis beyond descriptive and bivariate tests, including three 

(Earley et al., 2017; Saxon et al., 2018; Wakeman et al., 2020) which presented their data 

as a Kaplan-Meier survival curve. Baser et al. (2011) had access to a national database 

and preformed bivariate tests to compare the healthcare costs associated with different 

OUD treatments after having corrected for differences in population due to observed and 

unobserved bias using propensity score matching and instrumental variable approach.  

Of those using multivariate techniques, Cousins et al. (2016), Leslie et al. (2015) 

and Makarenko et al. (2019) used logistic regression to compare those who continued in 

treatment beyond a specific point in time to those who dropped out prior and Wakeman et 

al. (2020) additionally used the Cox proportional hazard model survival analysis to 

identify factors that are associated with rehospitalization. Wang et al. (2015) used 

ANOVA and GEE logistic regression models to account for changes between participants 

in and out of treatment.  

Quality Assessment. Most of the studies scored high on the MINORS 

methodological assessment tool (see Table 2). They all stated a clear aim and used 

appropriate methodologies to support their conclusions. Though, all studies, except Baser 

et al. (2011), did not discuss their determination of sample size, with either a prospective 

or post hoc power analysis. While it is understandable that naturalistic experiments will 
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use as many people as are willing to participate, it would have been appropriate to 

explain why the researchers conducted their experiment with the number of participants 

that they had. While the authors did not directly discuss the statistical power provided by 

their samples those with small samples implicitly acknowledged this limitation by 

declining to conduct multivariate or even bivariate inferential statistical tests remaining 

satisfied with reporting descriptive statistics. 
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Table 2 

 The Revised and Validated Version of MINORS Methodological Items for Non-

Randomized Studies 

Criteria Agibalova 
2017 

Baser 
2011 

Cousins 
2016 

Earley 
2017 

Fishman 
2010 

Herbeck 
2016 

Leslie 
2015 

Makarenko 
2019 

Saxon 
2018 

Stein 
2016 

Vo 
2018 

Vo 
2016 

Wakeman 
2020 

Wang 
2015 

Total Mean 
(SD) 

Criteria for observational studies 

1 2 2 2 2 2 2 2 2 2 2 2 2 2 2 28 2 

2 1 2 2 1 1 1 2 2 2 2 2 2 2 0 22 1.57 

3 2 2 2 2 2 2 2 2 2 2 2 2 2 2 28 2 

4 1 2 2 2 2 2 2 2 2 2 2 2 2 2 27 1.93 

5 2 2 2 2 2 2 2 2 2 2 2 2 2 0 26 1.86 

6 2 2 2 2 2 2 2 2 2 2 2 2 2 2 28 2 

7 2 2 2 2 2 2 2 2 2 2 2 2 2 2 28 2 

8 0 2 0 0 0 0 0 0 0 0 0 0 0 0 2 0.14 

Additional criteria in the case of comparative studies 

9 
 

2 2 2 
 

2 2 2 2 
 

2 2 2 
 

20 1.82 

10 
 

2 2 2 
 

2 2 2 2 
 

2 2 2 2 22 2 

11 
 

2 2 2 
 

2 2 2 2 
 

2 2 1 2 21 1.91 

12 
 

2 2 2 
 

1 2 2 2 
 

2 2 2 2 21 1.91 

Total 12 24 22 21 13 20 22 22 22 14 22 22 21 16 
  

Mean 
75% 100% 92% 88% 81% 83% 92% 92% 92% 88% 92% 92% 88% 100% 

 
89% 
(6%) 

Questions. 
1. A clearly stated aim: the question addressed should be precise and relevant in the light of available literature. 2.Inclusion of consecutive patients: 
all patients potentially fit for inclusion (satisfying the criteria for inclusion) have been included in the study during the study period (no exclusion or 
details about the reasons for exclusion). 3.Prospective collection of data: data were collected according to a protocol established before the 
beginning of the study. 4.Endpoints appropriate to the aim of the study: unambiguous explanation of the criteria used to evaluate the main outcome 
which should be in accordance with the question addressed by the study. Also, the endpoints should be assessed on an intention-to-treat basis. 
5.Unbiased assessment of the study endpoint: blind evaluation of objective endpoints and double-blind evaluation of subjective endpoints. 
Otherwise, the reasons for not blinding should be stated. 6.Follow-up period appropriate to the aim of the study: the follow-up should be sufficiently 
long to allow the assessment of the main endpoint and possible adverse events. 7.Loss to follow up less than 5%: all patients should be included in 
the follow up. Otherwise, the proportion lost to follow up should not exceed the proportion experiencing the major endpoint. 8.Prospective 
calculation of the study size: information of the size of detectable difference of interest with a calculation of 95% confidence interval, according to 
the expected incidence of the outcome event, and information about the level for statistical significance and estimates of power when comparing the 
outcomes. 9.An adequate control group: having a gold standard diagnostic test or therapeutic intervention recognized as the optimal intervention 
according to the available published data. 10.Contemporary groups: control and studied group should be managed during the same time period (no 
historical comparison). 11.Baseline equivalence of groups: the groups should be similar regarding the criteria other than the studied endpoints. 
Absence of confounding factors that could bias the interpretation of the results. 12.Adequate statistical analyses: whether the statistics were in 
accordance with the type of study with calculation of confidence intervals or relative risk. 
The items are scored 0 (not reported), 1 (reported but inadequate) or 2 (reported and adequate). The global ideal score being 16 for non-
comparative studies and 24 for comparative studies. 

 

Results of Meta-analysis 

Before the studies were examined using meta-analytic techniques the absolute 

survival functions were examined. The total Kaplan-Meier survival function for the 

pooled studies found that the median number of injections was three (95% CI 3,3) (see 

Figure 2 and Table 3). Although there is no appropriate test to determine if median 
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survival time of any one group is significantly different than the overall, some studies had 

median survival times whose 95% CI did not overlap with the overall 95% CI and were 

therefore noticeably different: Agibalova et al. (2017) (5 injections, 95% CI 5,6), and 

Makarenko et al. (2019), (fewer than half of the sample dropped out) had longer median 

survival times; Cousins et al. (2016) (2 injections, 95% CI 2,2) and Stein et al. (2016) (2 

injections, 95% CI 1,2) had shorter. Since the study by Earley et al. (2017) was long term 

and had relatively few observations the median survival time of six months is unstable 

with a 95% CI of between one and 12 months) and cannot be properly interpreted.  

Table 3 

Median Treatment Retention in Months 

Study n Events Median 95% CI 

Agibalova 2017 83 82 5 5,6 

Cousins 2016 171 170 2 2,2 

Earley 2017 49 35 6 1,12 

Fishman 2010 16 14 3 2,7 

Herbeck 2016 116 105 2 1,2 

Makarenko 2009 134 33 NA NA 

Saxon 2018 395 284 3 2,3 

Stein 2016 62 51 2 1,2 

Vo 2016 13 11 4 2, NA 

Vo 2018 14 7 3 1,NA 

Wang 2015 23 8 NA 2,NA 

Overall Combined 1076 800 3 3,3 

Abbreviation: 
CI: confidence interval 

 

The second method of comparison was a meta-analysis of the retention rate (i.e., 

proportion retained) at three months and the earlier of either six months or study 

completion. The meta-analysis of treatment retention at three months was conducted both 

under fixed and random effects model. Both models displayed a high amount of 

heterogeneity (I2 >95%, Qdf.=9=233.42, p<0.001) and therefore the random effects model 

was chosen for display (see Figures 4 and 5). The overall retention rate was 0.58 (95% CI 
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= 0.44,0.71) there were three studies which had 95% CI entirely outside the 95% CI of 

the overall group and were therefore significantly different than the overall retention rate; 

two (Agibalova et al., 2017; Makarenko et al., 2019) had higher retention rates (0.92, 

95% CI 0.86,0.98; 0.81, 95% CI 0.75,0.88 respectively) and one (Herbeck et al., 2016) 

lower (0.29, 95% CI 0.16, 0.41). 

Figure 4  

Meta-Analysis of Three-Month Retention 

 

Figure 5 

Meta-Analysis of Six-Month (or Study Completion) Retention 
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The result of the second meta-analysis which compared studies at their conclusion 

(if it was more than three but less than six months) or at six months was also 

heterogenous (I2>97%, Qdf 10=423.46, p<0.001) and the random effects model was again 

chosen for analysis. The study conducted by Wang et al. (2015) was excluded from this 

analysis since the study was completed at three months and was included in the three-

month meta-analysis. 

This model contained treatment retention rates for studies with different lengths 

of time in treatment there was a possibility that the shorter studies would have higher 

proportion of participants retained despite having similar attrition rates. For that reason, 

meta-regression was used to test if time was a significant moderator. However, time 

(measured in months) was not a significant moderator in the meta-regression 

(QM(df=1)=1.97 p=0.16, R2=0.12). 

The overall retention rate was 0.36 (95% CI 0.21, 0.52), and of the 11 included 

studies, three were significantly different than the overall; with two (Earley et al., 2017; 

Makarenko et al., 2019) having higher (0.74, 95% CI 0.60,0.88; 0.75, 95% CI 0.68,0.83 

respectively) and one (Cousins et al., 2016) had a lower retention rate (0.05, 95% CI 

0.02,0.08).  

Synthesis of Results Not Included in Meta-Analysis 

Treatment Retention. All but three studies, (Baser et al., 2011; Leslie et al., 

2015; Wakeman et al., 2020) reported the month-by-month retention/drop out proportions 

which were used to reconstruct the survival curves for each study and incorporated into 

the meta-analysis described above. These three studies all compared the efficacy of XR-

NTX to buprenorphine, as did Vo et al. (2016), with mixed results.   
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Leslie et al. (2015) compared three groups; those who received one XR-NTX 

injection, those who were medically advised to receive an XR-NTX injection but did not; 

and those who were not recommended to receive XR-NTX. They found those who 

received XR-NTX remained in treatment longer on average (23.6 days SD 8.5) compared 

to those who were not injected (16.4 days SD 8.3) or those who were not recommended 

(15.4 days SD 9.7). They also had a lower rate of discharge against medical advice (4.8% 

vs. 30.2% and 28.4%). 

Wakeman et al. (2020) found that those in XR-NTX treatment had a mean 

retention of 74.41 days (SD 70.15) which was about half as long as those treated with 

either buprenorphine or methadone (149.65 days, SD 119.37). In contrast, Baser et al. 

(2011) found no significant difference between those in XR-NTX, buprenorphine or 

methadone treatments in persistence or compliance with therapy nor did Vo et al. (2016) 

who also found no statistically significant difference in retention between those treated 

using XR-NTX or buprenorphine. 

Rehospitalization. Only Wakeman et al. (2020) and Baser et al. (2011) examined 

the risk of rehospitalization during and after MOUD treatment. In the study undertaken 

by Wakeman et al. the researchers identified six separate pathways including, no 

treatment, MOUD (one group of those treated with either buprenorphine or methadone 

and one group treated with naltrexone), intensive inpatient behavioral treatment, 

residential or inpatient detoxification and outpatient non-intensive behavioral health. In a 

series of Cox proportional hazard regressions, the no treatment group as reference, only 

those treated by MOUD using buprenorphine or methadone were less likely to have an 

opioid related acute care episode during the first three or 12 months after beginning 
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treatment. XR-NTX treatment was also associated with a higher return to detoxification 

during the three-month and 12-month follow up periods, compared to buprenorphine or 

methadone. This later finding may not be unexpected since unlike agonist treatments, 

XR-NTX requires detoxification before initiating treatment. 

However, Baser et al. (2011) found that XR-NTX patients had fewer opioid 

related hospitalizations (93) than those treated with buprenorphine (249, p=.007) or 

methadone (198, p=0.025). Similarly, the XR-NTX patients had fewer non-opioid related 

hospitalizations (234) when compared to buprenorphine (397, p=0.027) or methadone 

(561, p<.001). The XR-NTX group also had fewer emergency department visits; 608 for 

XR-NTX compared to 1092 for buprenorphine (p=0.67) and 1590 for methadone 

(p=<.001). 

Healthcare Costs. Baser et al. (2011) examined the effect of XR-NTX treatment 

on healthcare costs, as one of five possible conditions, which included no treatment as 

well as treatment by methadone, buprenorphine, and oral naltrexone. The authors found 

that those who were treated with medication had significantly higher healthcare costs 

prior to treatment than those who were not treated with medication for OUD. The MOUD 

group also had significantly higher comorbidities and psychiatric diagnoses or as the 

authors state "as expected, given the possibilities for adverse selection, patients in the any 

medication cohort appear to be sicker than those in the no medication cohort, both 

medically . . . and psychiatrically" (p. S239). However, when using propensity score 

matching to control for these factors, the expenses for those in MOUD treatment were 

overall lower than those not being treated with medication, due to lower opioid related 

inpatient expenses. 
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When focusing on those who received MOUDs the XR-NTX group did not start 

out with significantly higher comorbidities and psychiatric diagnoses than those treated 

with other medications, nor did they have significantly different total healthcare costs 

over the first six months of treatment than those treated with oral naltrexone or 

buprenorphine, though all three groups were significantly lower than those treated with 

methadone. Those in XR-NTX treatment had significantly higher costs associated with 

opioid specific medications ($2,824 XR-NTX vs. $1,297 buprenorphine) since XR-NTX 

is an expensive medication compared to buprenorphine.  

Other Reported Outcomes. Many of the included studies reported other 

outcome measures that indicated 'successful' treatment, in all these, those enrolled in XR-

NTX treatment improved in comparison to their baseline. Some of the studies also 

discussed which attributes were found more commonly in those who completed treatment 

compared to those who did not. 

Seven studies (Agibalova et al., 2017; Cousins et al., 2016; Earley et al., 2017; 

Herbeck et al., 2016; Makarenko et al., 2019; Saxon et al., 2018; Wang et al., 2015) 

found that those in XR-NTX had reduced cravings over the course of treatment. 

Expectedly, some of these studies also found that those who completed treatment had the 

largest reduction in reported cravings when compared to those who dropped out before 

treatment completion. Interestingly, Earley et al. (2017) found that cravings only reduced 

in frequency and intensity for the first six months afterward they remained low but stable 

for the rest of the follow-up period. 

Wang et al. (2015) measured cravings in two ways one based on self-report, and 

another based on brain activity measured in an fMRI both before and after presenting a 
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visual heroin use cue. They repeated this measure before and after XR-NTX treatment. 

As expected, participants reported that their cravings were lower before seeing the heroin 

cue and increased after seeing the cue. Further, the pre-treatment increase (from an 

average of 2.75 to six) was larger than the post-treatment increase (from 2.5 to four), 

indicating that XR-NTX treatment was associated with lower cravings even when 

presented with heroin related cues. These findings were confounded by the results of the 

fMRI which indicated that some brain activity did not change from before to after 

treatment. "A voxel-wise whole-brain paired t-test revealed that there was no significant 

difference in brain response to drug cues before and after the XR-NTX treatment" (p.4).  

In addition to fewer cravings three studies (Cousins et al., 2016; Makarenko et al., 

2019; Saxon et al., 2018) found that those in treatment used illicit opioids less frequently 

than those who dropped-out, two of which (Cousins et al., 2016; Saxon et al., 2018) also 

found a reduction in drug seeking behaviors. 

Several studies examined indirect effects of those in XR-NTX treatment either 

compared to pretreatment or to those who dropped out of treatment: two studies 

(Makarenko et al., 2019; Wang et al., 2015) found reduction in depressive symptoms; 

two (Earley et al., 2017; Makarenko et al., 2019) found an increase in health related 

quality of life; two other studies (Agibalova et al., 2017; Saxon et al., 2018) found 

increased employment; and one (Agibalova et al., 2017) found that people in treatment 

reported better family relationships.  

Discussion 

Summary and Analysis 

In terms of treatment retention, the overall retention rate as determined by meta-

analysis at three months (or three injections) was 0.58 (95% CI 0.44, 0.71) which is in 
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line with the median survival time being three months as found with the combined 

Kaplan-Meier survival curve. The meta-analysis at six-month (or study completion) 

retention rate of 0.34 (95% CI 0.18, 0.50) is slightly higher than the one calculated from 

the overall Kaplan-Meier survival curve of 0.20 (95% CI 0.18, 0.23) though part of the 

discrepancy may be due to the inclusion of shorter studies. 

These findings are supported by the results of the study by Wakeman et al. (2020) 

which reported the mean retention of those in XR-NTX was 74.41 days (SD 70.15) which 

would be consistent with three injections (at 1, 30, and 60 days). Similarly, Baser et al. 

(2011) who reported a mean retention rate of 61.99 days (no SD reported) and Vo et al. 

(2016) who in a figure depicted a 13-week median retention. The consistency of these 

results is diminished by the study conducted by Leslie et al. (2015) who reported that the 

average retention was only 26.6 days (SD 8.5) in treatment. While this result is shorter 

than the other included studies, it was nevertheless longer when compared to the group 

within the study who were recommended to XR-NTX treatment but were never injected 

(M 16.4 days, SD 8.3) or those who were never recommended (M 15.4 days, SD 9.7) 

Despite the overall results that patients typically receive three injections, there 

were several studies that were outliers in one or more of the methods of comparison, this 

is not unexpected given the heterogeneity of the studies found by the meta-analysis, but a 

closer examination of the outliers may help explain some of the differences. 

Makarenko et al. (2019) was found to have a significantly higher retention rate 

compared to the overall at three-months (0.81, 95% CI 0.75, 0.88, compared to 0.57, 95% 

CI 0.43,0.71), at 6-months (0.75, 95% CI 0.68, 0.83 compared to 0.37, 95% CI 0.21, 

0.52), and when examining the median retention (which could not be calculated for 
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Makarenko et al. but was three injections for all of studies combined). The three-month 

retention rate was also high for Agibalova et al. (2017) using both metrics (median 

survival 5 months, 95% CI 5,6 vs. 3 months, 95% CI 3,3 and a retention rate of 0.92, 

95% CI 0.86,0.98 vs. 0.57, 95% CI 0.43, 0.71). This may be explained by both studies 

taking place in countries other than the US. In specific, the study conducted by Agibalova 

et al. (2017) took place in Russia and the one conducted by Makarenko et al. (2019) was 

located in Ukraine. In the article by Makarenko et al., the authors describe that there are 

social and structural barriers to entering opioid agonist treatment (including loss of 

driving privileges for those in agonist treatment) that are the legacy of the Soviet 

approach to addiction treatment which may encourage participation in XR-NTX 

treatment, these same factors may also encourage treatment retention. Similar structural 

and social forces exist in Russia as outlined by Krupitsky et al. (2004) who argued that 

they may encourage oral naltrexone's use as a treatment for OUD in Russia and by 

extension this may encourage participation and retention in XR-NTX treatment.  

Earley et al. (2017) also had a significantly higher retention rate (0.74, 95% CI 

0.60, 0.88) on the 6-month meta-analysis than overall, however, this study was conducted 

with healthcare professionals some of whom were mandated to engage in XR-NTX to 

retain their professional license. This study was included despite having a degree of 

coercion that did not exist in the other included studies. It was also unique in that the 

follow up period was 24 months, but the data was collected at only one, six, 12 and 24 

months leading to its exclusion from the 3-month analysis and the 95% CI of its 

calculated median was from one to 12 months, indicating that these estimates are 

unstable. 
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There were also three studies which had significantly lower retention rates across 

the three comparisons (Cousins et al., 2016; Herbeck et al., 2016; Stein et al., 2016). The 

study conducted by Cousins et al. (2016) has a lower median retention (2, 95% CI 2, 2) 

and a lower retention rate at six months (0.05, 95% CI 0.02, 0.08) than the overall rate, 

indicating a substantial difference. In contrast, the authors report a 2.4 dose average with 

a standard deviation of 1.5 injections which taken together with a three-month retention 

rate of 0.40 (95% CI 0.32, 0.47) indicate that it may not be an outlier.  

The researchers in Stein et al. (2016) provided XR-NTX injections to those in a 

detoxification program and recommended that participants follow up with a different 

provider for their next injection. This may explain why nearly half (43.5%) of their 

sample dropped out of treatment between the first and second does and may skew their 

survival curve and median retention. However, once that hurdle was overcome, (from the 

second dose and on) the retention rate of this study was in line with the others as 

demonstrated by the six-month retention rate not being significantly different than the 

overall.  

Herbeck et al. (2016) reported a lower median retention and three-month retention 

rate which may be partially attributed to the researchers conducting weekly follow-up 

interviews (compared to retrospective chart reviews or monthly injection appointments) 

that the participants may have found intrusive which caused a high drop-out rate for the 

first two months. Once those who were put off by the interviews had dropped out the 

study may have retained more participants and was therefore not significantly different 

than the overall retention rate at six-months.  
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Synthesis with Extant Literature 

The overall results of this study which indicate that XR-NTX treatment retention 

is typically three injections, are in consonance with a recent review (Jarvis, Holtyn, 

Berry, et al., 2018) which reported that out of 19 studies that reported the mean number 

of injections received, by those who initiated treatment,17 reported a mean between 2 and 

4 injections. The same study also found that the pooled six-month retention in XR-NTX 

treatment was 46.7% (95% CI 34.5%, 59.2%) which is in line with the upper bound of 

this study's 95% CI.  

While MOUD treatment with methadone or buprenorphine is acknowledged to be 

the gold standard for OUD treatment (O'Connor et al., 2020) actual treatment retention 

rates for these medications are difficult to estimate. A recent review (Timko et al., 2016) 

55 studies (38 RCT and 17 non-RCT) found that not only were the retention rates widely 

dispersed (from 3% to 90.7% retained), the time over which the study measured retention 

varied considerably (from one to 12 months for RCT and from three to 12 months for 

non-RCT). With such a range of outcomes it is difficult to draw conclusions; however, 

two recent studies (Lee et al., 2018; Tanum et al., 2017) whose results were similar to 

that of this study, found the XR-NTX treatment was equal to or better than buprenorphine 

in several important areas. Lee et al. (2018) found that XR-NTX on average were in 

treatment 16 weeks (that is 3.9 injections) and 47% of the participants completed 24 

weeks (approximately six months) of treatment compared to 14 weeks and 43% for those 

in buprenorphine treatment. Similarly, Tanum et al. (2017) found that retention in the 

XR-NTX group was similar to that of buprenorphine in times in treatment (M 69.3 days 

SD 25.9 for XR-NTX and 63.7 days SD 29.9 for buprenorphine).  
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Healthcare Costs and Rehospitalization 

The evidence is sparce with regards to the effect of XR-NTX treatment on 

healthcare costs and rehospitalization since only two studies reported findings about these 

areas. Wakeman et al. (2020) found that XR-NTX was not better than no treatment in 

lowering rehospitalization rates. This was in contrast to Baser et al. (2011) who found 

that XR-NTX had lower rates of rehospitalization, and emergency room use for both 

opioid and non-opioid related illnesses than those in buprenorphine or methadone 

treatment. Other studies that directly compare rehospitalization rates of MOUD 

medications were difficult to locate, but Lee et al. (2016) found that people in XR-NTX 

treatment had fewer overdoses than those in behavioral therapy alone. Soares et al. 

(2018) also found that those in XR-NTX had fewer medical/surgical hospitalizations than 

those in treatment as usual (behavioral therapy with a recommendation to MOUD). 

However, while the study by Soares et al. found a significant difference in one type of 

healthcare utilization between the two groups, the overall utilization rate was not 

significantly different.  

When examining the healthcare cost associated with XR-NTX compared to other 

treatments, Baser et al. found that those in XR-NTX also had lower healthcare costs than 

those treated with other MOUDs. This is in contrast with several other studies that have 

not found XR-NTX to be effective at reducing healthcare costs. Park et al. (2020), found 

that those treated with naltrexone along with those treated with buprenorphine had higher 

total healthcare costs compared to no treatment, only methadone treatment was found to 

have lower all-around costs than no treatment. Similarly, Perry et al. (2019) found that 

naltrexone had the highest overall healthcare utilization and cost of all MOUDs. An 

additional finding reported in that study was that those treated by naltrexone had the 
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highest costs associated with detoxification/withdrawal services. These two studies used 

the Truven Health MarketScan® databases and therefore it should not be surprising that 

they had similar results. Additionally, neither study specifically examined XR-NTX as a 

treatment – rather they discussed all forms of naltrexone and did not include any other 

covariates.   

Strengths and Limitations 

This review selected 14 studies which met the a priori inclusion criteria from 

hundreds of articles that were somewhat related to the topic of XR-NTX effectiveness. A 

strength of this study was that over 5,500 articles were reviewed by title and abstract 

using a search strategy designed to include all forms and uses of naltrexone as it is used 

to treat any disorder. However, it is difficult to say that the included 14 studies are 

completely representative of all of the available data. In particular, one criterion for 

inclusion was that the study be published in a peer reviewed journal. This excluded 

numerous published conference or symposium proceedings and poster abstracts. While 

their exclusion allowed for a straightforward comparison, it is possible that some 

important studies were excluded.  

This review identified treatment retention as the primary outcome measure since 

it is associated with lower: use of opioids, criminal activity, risky sexual behaviors 

(Amiri et al., 2018); however, it should be noted that retention is not synonymous with 

recovery; those who are in treatment shorter periods of time may drop out because they 

have reached their goals and those retained longer may remain because they continue to 

believe that their opioid use remains disordered.  
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With that caveat, there are a substantial number of studies focused on the 

effectiveness of XR-NTX as a treatment for OUD, included in the meta-analyses with a 

range of sample sizes, including several above two hundred participants which add to the 

reliability of the result. However, the other outcomes of interest (i.e., rehospitalization, 

and healthcare costs) were investigated by only one or two studies, though with large 

samples, they do not provide enough information to draw generalizable conclusions. 

A distinctive aspect of this review is that many of the included studies allowed 

this study to reconstruct survival curves and for comparison of each to the whole. This 

ameliorates the need to compare the study at two points in time (i.e., three and six 

months) and allows for the retention of all available information.  

Implications 

This review and meta-analysis have identified several areas that warrant future 

investigation. First, XR-NTX is effective in retaining patients in OUD treatment for 

approximately three injections in community settings, but that estimate is inexact, and 

more research is needed using a large sample in a natural setting to determine the real-

world treatment retention rate. Further investigation is also needed to establish if there are 

specific subgroups or comorbidities for whom XR-NTX is a more effective treatment 

than for others or if there are specific periods during treatment when dropout is more 

likely. Similarly, it is unclear from this study if XR-NTX's ability to retain people in 

treatment is greater or lesser than the ability of buprenorphine or methadone and future 

research would do well to identify the relative ability of each medication to retain people 

in treatment.  
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The paucity of appropriate studies has made it impossible to establish if people 

treated with XR-NTX were more or less likely to be hospitalized for opioid and non-

opioid related conditions during and after treatment; nor was there a conclusive result 

about overall or opioid specific healthcare costs, both areas are available for future 

research. Therefore, the study that will be outlined in the next section will endeavor to 

explore these areas (i.e., treatment retention compared to buprenorphine treatment, the 

need for acute care due to opioids, and healthcare costs). 
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Chapter 4: Method 

Research Question, Aims, and Hypotheses  

The goal of this study is to assess the effectiveness of XR-NTX and buprenorphine 

treatments on treatment retention, acute opioid related medical incidents, and healthcare 

costs. The specific aims and hypotheses are: 

Aim 1: To evaluate if patients with OUD treated with XR-NTX remain in treatment 

as long or longer than those in buprenorphine treatment. 

 Hypothesis: Results from previous naturalistic studies indicated that XR-NTX 

will retain people in treatment for fewer days than those in buprenorphine 

treatment  

 Method: Survival analysis using a frailty model an extension of the Cox 

proportional hazards regression. There will be two analyses one using matched 

samples and one using the whole XR-NTX and buprenorphine samples. The 

matched samples were created using Mahalnobis distance matching (MDM). 

 Significance: While other studies have used survival analysis methods to evaluate 

treatment retention, this study increases external validity by accounting for people 

dropping out and returning to treatment and by using a matched sample.  

Aim 2: To establish if patients with OUD treated with XR-NTX have a greater or 

lesser chance of experiencing an acute care incident related to opioid use 

 Hypothesis: Since treatment with XR-NTX is hypothesized to be shorter than 

with buprenorphine, opioid related acute care incidents will be more likely and 

occur in a shorter time in those treated with XR-NTX. 
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 Methods: Generalized estimating equations that account for time in treatment and 

variance between people.  

 Significance: Previous research in this area has not accounted for within person 

risk assessment. 

Aim 3: To evaluate the change in healthcare costs that occur during treatment 

compared to out of treatment for patients treated with XR-NTX and for those treated 

with buprenorphine in three ways: 

 Aim 3a: To evaluate the change in healthcare costs due to directly related to 

opioid use. 

 Aim 3b: To evaluate the change in healthcare costs indirectly related to opioid 

use due to illness, or injury. 

 Aim 3b: To evaluate the change in non-opioid related treatment healthcare costs.  

o Hypotheses 

 Hypothesis 1: The time that people are in treatment will have 

lower costs both overall and due to illness or injury than the time 

out of treatment.  

 Hypothesis 2: While people are in XR-NTX they will have lower 

healthcare costs due to illness or injury than when they are out of 

treatment. 

 Hypothesis 3: While people are in buprenorphine treatment, they 

will have lower costs due to illness or injury than when they are 

out of treatment.  
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 Hypothesis 4: The difference in the healthcare cost due to illness or 

injury between when in treatment to when out of treatment will be 

greater for those treated with buprenorphine compared to those 

treated with XR-NTX. 

o Method: Fixed-effects regression model to compare each person's cost 

when in treatment to their cost when out of treatment for those treated 

with XR-NTX and those treated with buprenorphine. 

o Significance: As demonstrated in the literature review, there has not been 

sufficient research into the area of XR-NTX treatment and its effect on 

healthcare costs. This study will be unique in using a multivariate fixed 

effects model rather than comparing costs using univariate test of 

difference.  

Outline of Sample 

These specific research questions will be addressed using data from the Truven 

Health MarketScan® Databases (Truven Health), which are a compilation of person and 

encounter level data aggregated from large employers, heath plans and other public and 

private organizations. These databases contain data from approximately 350 payers (e.g., 

insurance agencies) and over 20 billion service records. Each interaction between the 

healthcare system and an individual is recorded and the records for each patient can be 

access using the ENROLID variable, which is a unique identifying number that is 

consistent throughout all databases.  

The MarketScan® Research Databases contain information about outpatient, 

inpatient and pharmacy claims made and paid by participating payers. The databases are 
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extensive and detailed; however, Truven Health only provides for dissertation analysis 

information derived from private insurance agencies (referred to as commercial claims) 

for the years 2010 – 2012, these include data from: "active employees, early retirees, 

COBRA continuees, and dependents, insured by employer-sponsored plans." (Truven 

Health, p. 3) 

The commercial claims database includes eight tables. Of these, four are 

incorporated in this study: the inpatient admission table, the outpatient services table, the 

outpatient pharmaceutical claims table and the annual summary enrollment table. The 

inpatient database contains a summary of information regarding hospital admission 

including hospital, physicians, laboratories, and services (e.g., room and board). Some of 

the information in this table is duplicated in the inpatient services table which contains a 

detailed breakdown of inpatient expenses, that are not necessary for this analysis since 

the summary data contains diagnosis and procedures claims from which the nature of the 

admission and the cost are known.  

The outpatient services table contains information about encounters that occurred 

in doctor's offices, clinics, hospital outpatient clinics or emergency rooms. Each 

encounter contains a diagnosis code, date, and type of services delivered, indexed by 

patient identification so that each service is located on a different line in the table. The 

outpatient pharmaceutical claims table contains records of prescriptions filled either mail-

order or at a pharmacy providing the date the prescription was filled, the National Drug 

Code, and the number of days' supply dispensed. Finally, the annual enrollment table 

contains the month-by-month, and day-by-day enrollment information for each person 

enrolled.  
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Of these tables only those with enrollment identification numbers that were 

associated with a diagnosis code (ICD-9) for opioid use disorder were extracted from 

each table. (Diagnosis codes are summarized in Table 4)  

Table 4 ICD-9 Codes for Mental Health and Substance Use Disorders 

Diagnoses ICD-9 Code 

Mental Health Diagnoses 

Schizophrenic psychoses 295.x 

Affective psychoses 296.x 

Paranoid states 297.x 

Other nonorganic psychoses 298.x 

Neurotic disorders 300.x 

Personality disorders 301.x 

Sexual deviations and disorders 302.x 

Physiological malfunction arising 
from mental factors 

306.x 

Special symptoms or syndromes 
 not elsewhere classified 

307.x 

Acute reaction to stress 308.x 

Substance Use Disorder Diagnoses 

Alcohol use disorder 291.x, 303.0, 303.01, 303.02, 303.03, 303.90, 303.91, 303.92, 303.93, 305.0, 305.01, 305.02, 
305.03, 357.5, 425.5, 535.3, 535.31, 571.0, 571.1, 571.2, 571.20, 571.3, E860.0 

Amphetamine use disorder 304.4 , 304.41 , 304.42 , 304.43 , 305.7 , 3057.1 , 305.72 , 305.73 

Cannabis use disorder 304.3, 304.31, 304.32, 304.33, 305.2, 305.21, 305.22, 305.23 

Cocaine use disorder 304.2, 304.21, 304.22, 304.23, 305.6, 305.61, 305.62, 305.63, 968.5, E9385, E93850 

Hallucinogen use disorder 304.5, 304.51, 304.52, 304.53, 305.3, 305.31, 305.32, 305.33, 969.6, E854.1, E939.6 

Opioid use disorder 292.0, 292.2, 292.9, 292.11, 292.12, 292.81, 292.84, 292.85, 292.89, 304.0, 304.01, 304.02, 304.03, 
304.70, 304.71, 304.72, 304.73, 305.5, 305.51, 305.52, 909.0, 965.0, 965.01, 965.02, 965.09, 972.9, 
973.0, 973.1, 973.2, 973.3, 973.4, 973.5, 973.6, 973.8, 975.0, 975.2, 975.3, 975.6, 975.7, 975.8, 
976.0, 976.1, E850.0, E935.0, E950.4, E959.0, V588.9 

Sedative use disorder 304.1, 304.11, 304.12, 304.13, 305.4, 305.41, 305.42, 305.43 

Other substance use disorder 304.6, 304.61, 304.62, 304.63, 304.8, 304.81, 304.82, 304.83, 304.9, 304.92, 304.93, 648.3,648.31, 
648.32, 684.33, 648.34, V654.2 

Opioid Related Healthcare Diagnoses 

Endocarditis 421.0, 421.9, 424.99 

Hepatitis C 070.41, 070.44, 070.51, 070.54, 070.70, 070.71, V026.2 

Overdose 965.0, 965.01, 965.02, 965.09,E850.0, E850.1, E850.2 

Opiate Use 304.0, 304.7, 305.5, 304.0, 304.01,304.02,304.03, 304.70, 304.71, 304.72, 304.73, 
 

305.5, 305.51, 305.52, 305.53, 970.1 

Soft tissue injury 682.1, 682.2, 682.3, 682.4, 682.5, 682.6, 682.7, 682.8, 682.9, 040.0, 040.42, 728.86 

HIV 042.0, 042.1, 042.2, 042.9, 043.0, 043.1, 043.2, 043.3, 043.9,044.0, 044.9, 079.53, 279.10, 279.19, 
795.71, 795.8 V08 

Note: 
.x - all diagnoses that begin with the whole number were included. 

Substance Use Disorder - all diagnoses were classified as ‘Alcohol dependence', 'Drug dependence’, or ‘Nondependent abuse of 
drugs’ 
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Further, only those who had filled a prescription for XR-NTX, oral naltrexone, or 

buprenorphine (with or without naloxone) in any of their formulations were included in 

the analysis. (National drug code numbers used in this study are summarized in Table 5.) 

Table 5 

National Drug Code Number of Included Medications for Opioid Use Disorder 

Variables  National Drug Code Number  

Extended Release Naltrexone  63459030042, 65757030001  

Buprenorphine or 
Buprenorphine/Naloxone  

00054018813, 00054018913, 00093572056, 00093572156, 00228315403, 00228315473, 00228315503, 
00228315573, 00406192303, 00406192403, 00490005100, 00490005130, 00490005160, 00490005190, 
12496120201, 12496120203, 12496120401, 12496120403, 12496120801, 12496120803, 12496121201, 
12496121203, 12496127802, 12496128302, 12496130602, 12496131002, 16590066605, 16590066630, 
16590066705, 16590066730, 16590066790, 23490927003, 23490927006, 23490927009, 35356000407, 
35356000430, 42291017430, 42291017530, 43063018407, 43063018430, 49999039507, 49999039515, 
49999039530, 49999063830, 49999063930, 50383028793, 50383029493, 52959030430, 52959074930, 
53217013830, 54123011430, 54123091430, 54123092930, 54123095730, 54123098630, 54569549600, 
54569573900, 54569573901, 54569573902, 54569639900, 54569640800, 54868570700, 54868570701, 
54868570702, 54868570703, 54868570704, 54868575000, 55045378403, 55700014730, 55700018430, 
55887031204, 55887031215, 59385001201, 59385001230, 59385001401, 59385001430, 59385001601, 
59385001630, 63629402801, 63629403401,63629403402, 63629403403, 63629409201, 63874108403, 
63874108503, 63874117303, 63874117403, 65162041503, 65162041603, 66336001530, 66336001630, 
68071138003, 68071151003, 68258299903, 63459030042, 65757030001  

 

The resultant sample contains, approximately 32,000 unique identification 

numbers for people who have been diagnosed at some point during their enrollment with 

OUD and have been treated with one of the MOUDs. Of these, 635 engaged in XR-NTX 

treatment; however, 18 individuals who were treated with XR-NTX, had obvious errors 

in their data and were excluded from analysis. A small number of people treated with 

buprenorphine were excluded for the same reason, resulting in a final sample of 31,654. 

Further, the methods of analysis described below required including and excluding small 

portions of the sample, though the vast majority of the sample is consistent as seen in 

Figure 6. Tables 6 and 7 are provided to describe each sample used for each analysis. 

 
 
 
 



 

65 
 

Figure 6  

Venn Diagram of Samples 

 

Table 6 

Sample Demographics and Comorbidities – n or mean (% or SD) 

 Survival Analysis    Acute Care Analysis    Healthcare Cost Analysis  

 Matched Sample 
XR-NTX 

Matched Sample 
Buprenorphine 

Full Sample 
Buprenorphine 

  
 

XR-NTX 
 

Buprenorphine 

  
 

XR-NTX 
 

Buprenorphine 

Variables  (n=617) (n=617) (n=29,218) 
  

(n=617) (n=29,110) 
  

(n=596) (n=28,984) 

Sex 

Female  206 (33.39%) 205 (33.23%) 10,558 (36.14%) 
  

206 (33.39%) 10,511 (36.11%) 
  

200 (33.56%) 10,551 (36.4%) 

Male  411 (66.61%) 412 (66.77%) 18,660 (63.86%) 
  

411 (66.61%) 18,599 (63.89%) 
  

396 (66.44%) 18,433 (63.6%) 

Age  30.23 (12.02) 29.95 (11.65) 33.35 (12.07) 
  

29.6 (11.93) 32.93 (12.02) 
  

29.46 (11.87) 32.93 (12.05) 

Mental Health Diagnoses  1.28 (1.23) 1.01 (1.04) 0.85 (1.09) 
  

1.71 (1.37) 1.31 (1.3) 
  

1.7 (1.37) 1.34 (1.32) 

SUD Diagnoses  2.06 (1.07) 1.82 (0.94) 1.48 (0.83) 
  

2.49 (1.15) 1.79 (1.01) 
  

2.49 (1.15) 1.81 (1.02) 

Deyo-Charlson Comorbidities 0.22 (0.5) 0.16 (0.42) 0.21 (0.53) 
  

0.33 (0.63) 0.35 (0.7) 
  

0.32 (0.63) 0.35 (0.71) 

Relationship to Employee 

Dependent  335 (54.29%) 330 (53.48%) 9,914 (33.93%) 
  

335 (54.29%) 9,884 (33.95%) 
  

326 (54.7%) 9,859 (34.02%) 

Self  169 (27.39%) 165 (26.74%) 11,771 (40.29%) 
  

169 (27.39%) 11,712 (40.23%) 
  

160 (26.85%) 11,652 (40.2%) 

Spouse  113 (18.31%) 122 (19.77%) 7,533 (25.78%) 
  

113 (18.31%) 7,514 (25.81%) 
  

110 (18.46%) 7,473 (25.78%) 

Employee Status 

Full Time  514 (83.31%) 514 (83.31%) 24,745 (84.69%) 
  

525 (85.09%) 25,039 (86.02%) 
  

505 (84.73%) 24,863 (85.78%) 

Part Time  15 (2.43%) 15 (2.43%) 659 (2.26%) 
  

17 (2.76%) 651 (2.24%) 
  

17 (2.85%) 682 (2.35%) 

Retired  57 (9.24%) 57 (9.24%) 2,289 (7.83%) 
  

54 (8.75%) 2,157 (7.41%) 
  

53 (8.89%) 2,143 (7.39%) 

Other Status  23 (3.73%) 23 (3.73%) 931 (3.19%) 
  

15 (2.43%) 760 (2.61%) 
  

15 (2.52%) 771 (2.66%) 

COBRA  8 (1.3%) 8 (1.3%) 594 (2.03%) 
  

6 (0.97%) 503 (1.73%) 
  

6 (1.01%) 525 (1.81%) 

Employee Class 

Salary  185 (29.98%) 178 (28.85%) 6,367 (21.79%) 
  

180 (29.17%) 6,319 (21.71%) 
  

176 (29.53%) 6,566 (22.65%) 

Hourly  211 (34.2%) 217 (35.17%) 10,811 (37%) 
  

204 (33.06%) 10,651 (36.59%) 
  

196 (32.89%) 10,918 (37.67%) 

Other Class  221 (35.82%) 222 (35.98%) 12,040 (41.21%) 
  

233 (37.76%) 12,140 (41.7%) 
  

224 (37.58%) 11,500 (39.68%) 

Notes. 
Survival analysis full sample buprenorphine includes those in the matched sample buprenorphine group 
XR-NTX - extended-release naltrexone  
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Table 7 

Sample Location - n(%) 

 Survival Analysis    Acute Care Analysis    Healthcare Cost Analysis  

 Matched Sample 
XR-NTX  

Matched Sample 
Buprenorphine  

Full Sample 
Buprenorphine  

   
XR-NTX  

 
Buprenorphine  

   
XR-NTX  

 
Buprenorphine  

State  (n=617)  (n=617)  (n=29,218)    (n=617)  (n=29,110)    (n=596)  (n=28,984)  

Alabama  4 (0.65%)  4 (0.65%)  596 (2.04%)    4 (0.65%)  593 (2.04%)    4 (0.67%)  607 (2.09%)  

Alaska  1 (0.16%)  1 (0.16%)  47 (0.16%)    1 (0.16%)  47 (0.16%)    1 (0.17%)  50 (0.17%)  

Arizona  12 (1.94%)  12 (1.94%)  607 (2.08%)    13 (2.11%)  601 (2.06%)    12 (2.01%)  552 (1.9%)  

Arkansas  1 (0.16%)  1 (0.16%)  77 (0.26%)    1 (0.16%)  78 (0.27%)    1 (0.17%)  89 (0.31%)  

California  44 (7.13%)  46 (7.46%)  2,433 (8.33%)    44 (7.13%)  2,423 (8.32%)    42 (7.05%)  1,446 (4.99%)  

Colorado  6 (0.97%)  6 (0.97%)  304 (1.04%)    6 (0.97%)  308 (1.06%)    6 (1.01%)  326 (1.12%)  

Connecticut  17 (2.76%)  17 (2.76%)  876 (3%)    17 (2.76%)  873 (3%)    11 (1.85%)  738 (2.55%)  

Delaware  3 (0.49%)  2 (0.32%)  285 (0.98%)    3 (0.49%)  286 (0.98%)    3 (0.5%)  285 (0.98%)  

Florida  29 (4.7%)  29 (4.7%)  1,521 (5.21%)    29 (4.7%)  1,513 (5.2%)    29 (4.87%)  1,589 (5.48%)  

Georgia  17 (2.76%)  17 (2.76%)  1,421 (4.86%)    17 (2.76%)  1,419 (4.87%)    17 (2.85%)  1,550 (5.35%)  

Hawaii  0 (0%)  0 (0%)  4 (0.01%)    0 (0%)  5 (0.02%)    0 (0%)  5 (0.02%)  

Idaho  0 (0%)  0 (0%)  76 (0.26%)    0 (0%)  75 (0.26%)    0 (0%)  77 (0.27%)  

Illinois  6 (0.97%)  6 (0.97%)  527 (1.8%)    6 (0.97%)  526 (1.81%)    6 (1.01%)  571 (1.97%)  

Indiana  22 (3.57%)  22 (3.57%)  747 (2.56%)    21 (3.4%)  736 (2.53%)    21 (3.52%)  798 (2.75%)  

Iowa  0 (0%)  0 (0%)  55 (0.19%)    0 (0%)  56 (0.19%)    0 (0%)  60 (0.21%)  

Kansas  1 (0.16%)  1 (0.16%)  92 (0.31%)    1 (0.16%)  91 (0.31%)    1 (0.17%)  96 (0.33%)  

Kentucky  35 (5.67%)  35 (5.67%)  702 (2.4%)    35 (5.67%)  698 (2.4%)    35 (5.87%)  756 (2.61%)  

Louisiana  3 (0.49%)  3 (0.49%)  284 (0.97%)    3 (0.49%)  282 (0.97%)    3 (0.5%)  303 (1.05%)  

Maine  0 (0%)  0 (0%)  130 (0.44%)    0 (0%)  132 (0.45%)    0 (0%)  138 (0.48%)  

Maryland  11 (1.78%)  11 (1.78%)  419 (1.43%)    11 (1.78%)  417 (1.43%)    11 (1.85%)  419 (1.45%)  

Massachusetts  49 (7.94%)  49 (7.94%)  1,035 (3.54%)    49 (7.94%)  1,025 (3.52%)    48 (8.05%)  1,119 (3.86%)  

Michigan  28 (4.54%)  27 (4.38%)  2,095 (7.17%)    28 (4.54%)  2,098 (7.21%)    25 (4.19%)  2,009 (6.93%)  

Minnesota  0 (0%)  0 (0%)  115 (0.39%)    0 (0%)  115 (0.4%)    0 (0%)  143 (0.49%)  

Mississippi  2 (0.32%)  2 (0.32%)  458 (1.57%)    2 (0.32%)  458 (1.57%)    2 (0.34%)  474 (1.64%)  

Missouri  13 (2.11%)  13 (2.11%)  501 (1.71%)    13 (2.11%)  499 (1.71%)    12 (2.01%)  523 (1.8%)  

Montana  1 (0.16%)  1 (0.16%)  22 (0.08%)    0 (0%)  21 (0.07%)    0 (0%)  24 (0.08%)  

Nebraska  1 (0.16%)  1 (0.16%)  28 (0.1%)    1 (0.16%)  29 (0.1%)    1 (0.17%)  32 (0.11%)  

Nevada  1 (0.16%)  1 (0.16%)  209 (0.72%)    1 (0.16%)  206 (0.71%)    1 (0.17%)  209 (0.72%)  

New Hampshire  1 (0.16%)  1 (0.16%)  159 (0.54%)    1 (0.16%)  156 (0.54%)    1 (0.17%)  164 (0.57%)  

New Jersey  29 (4.7%)  29 (4.7%)  845 (2.89%)    29 (4.7%)  842 (2.89%)    28 (4.7%)  887 (3.06%)  

New Mexico  1 (0.16%)  1 (0.16%)  97 (0.33%)    1 (0.16%)  98 (0.34%)    1 (0.17%)  106 (0.37%)  

New York  69 (11.18%)  69 (11.18%)  2,495 (8.54%)    68 (11.02%)  2,498 (8.58%)    67 (11.24%)  2,578 (8.89%)  

North Carolina  15 (2.43%)  15 (2.43%)  931 (3.19%)    15 (2.43%)  931 (3.2%)    15 (2.52%)  983 (3.39%)  

North Dakota  0 (0%)  0 (0%)  12 (0.04%)    0 (0%)  12 (0.04%)    0 (0%)  12 (0.04%)  

Ohio  15 (2.43%)  15 (2.43%)  1,284 (4.39%)    16 (2.59%)  1,272 (4.37%)    16 (2.68%)  1,339 (4.62%)  

Oklahoma  2 (0.32%)  2 (0.32%)  182 (0.62%)    2 (0.32%)  185 (0.64%)    2 (0.34%)  195 (0.67%)  

Oregon  16 (2.59%)  16 (2.59%)  500 (1.71%)    16 (2.59%)  499 (1.71%)    16 (2.68%)  528 (1.82%)  

Pennsylvania  36 (5.83%)  36 (5.83%)  893 (3.06%)    37 (6%)  886 (3.04%)    34 (5.7%)  868 (2.99%)  

Puerto Rico  0 (0%)  0 (0%)  0 (0%)    0 (0%)  0 (0%)    0 (0%)  1 (0%)  

Rhode Island  2 (0.32%)  2 (0.32%)  268 (0.92%)    2 (0.32%)  264 (0.91%)    2 (0.34%)  284 (0.98%)  

South Carolina  5 (0.81%)  5 (0.81%)  246 (0.84%)    5 (0.81%)  246 (0.85%)    5 (0.84%)  258 (0.89%)  

South Dakota  0 (0%)  0 (0%)  3 (0.01%)    0 (0%)  3 (0.01%)    0 (0%)  7 (0.02%)  

Tennessee  14 (2.27%)  14 (2.27%)  1,214 (4.15%)    13 (2.11%)  1,211 (4.16%)    13 (2.18%)  1,252 (4.32%)  

Texas  37 (6%)  37 (6%)  1,408 (4.82%)    37 (6%)  1,404 (4.82%)    35 (5.87%)  1,468 (5.06%)  
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Table 7 Continued 

 Survival Analysis   Acute Care Analysis   Healthcare Cost Analysis 

 
Matched Sample  
XR-NTX 

Matched Sample 
Buprenorphine 

Full Sample 
Buprenorphine 

  XR-NTX Buprenorphine   XR-NTX Buprenorphine 

State (n=617) (n=617) (n=29,218)   (n=617) (n=29,110)   (n=596) (n=28,984) 

Utah  27 (4.38%)  27 (4.38%)  620 (2.12%)    27 (4.38%)  610 (2.1%)    27 (4.53%)  639 (2.2%)  

Vermont  0 (0%)  0 (0%)  44 (0.15%)    0 (0%)  43 (0.15%)    0 (0%)  45 (0.16%)  

Virginia  6 (0.97%)  6 (0.97%)  407 (1.39%)    6 (0.97%)  406 (1.39%)    6 (1.01%)  436 (1.5%)  

Washington  19 (3.08%)  19 (3.08%)  1,232 (4.22%)    19 (3.08%)  1,232 (4.23%)    19 (3.19%)  1,286 (4.44%)  

Washington, D.C.  0 (0%)  0 (0%)  5 (0.02%)    0 (0%)  5 (0.02%)    0 (0%)  5 (0.02%)  

West Virginia  5 (0.81%)  5 (0.81%)  208 (0.71%)    5 (0.81%)  205 (0.7%)    5 (0.84%)  210 (0.72%)  

Wisconsin  9 (1.46%)  9 (1.46%)  426 (1.46%)    9 (1.46%)  423 (1.45%)    9 (1.51%)  377 (1.3%)  

Wyoming  0 (0%)  0 (0%)  16 (0.05%)    0 (0%)  15 (0.05%)    0 (0%)  16 (0.06%)  

Nation, unknown region  2 (0.32%)  2 (0.32%)  57 (0.2%)    3 (0.49%)  54 (0.19%)    3 (0.5%)  52 (0.18%)  

 

Dependent Variables 

Opioid use disorder is a chronic disease (NIDA., 2005) and like other chronic 

diseases, treatment is designed to reduce the effects of the disease on the person and/or 

reduce symptomology. For those with OUD, their opioid use is the cause of other 

secondary effects. Therefore, the most direct measure of treatment effectiveness would be 

reduced opioid use. However, illicit opioid use is an activity done in a manner to avoid 

detection by police, family, and often even mental and physical healthcare professionals. 

It is therefore difficult to assess reduction in opioid use directly without frequent urine 

screening or relying on self-reported data. While direct observation of reduction of opioid 

use is not possible this study will use treatment retention, reduced risk for an opioid 

induced acute care incident and reduced healthcare costs as dependent variables which 

have been associated with reduced opioid use. (For an overview, see Table 8 that lists the 

dependent and independent variables.) 
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Table 8  

Included Variables 

Variables  Measurement Method  

Dependent Variables  

Treatment Retention  
Days in treatment from date of first filled prescription until a gap of 14 or 30 days without a filled 
prescription  

Acute Opioid Medical Care Incident  An inpatient or emergency room encounter with a primary opioid diagnosis  

All Opioid Healthcare Costs  
Cost for primary diagnosis of: Endocarditis, Hepatitis C, HIV, Opiate use, Overdose, Soft tissue 
injury in log Dollars  

Opiate Use Healthcare Costs  Cost for primary diagnosis of Opiate use in log Dollars  

Independent Variables  

Age  In years or in months  

Sex  Biological sex as reported  

Location  State of the US  

Substance Use Disorder Diagnosis  Number of unique ICD-9 diagnoses for any SUD category  

Medical Conditions  Deyo-Charlson Comorbidity Index  

Mental Health  Number of unique ICD-9 diagnoses for mental health services by category  

Relationship to Employee  Self, Spouse, Dependent  

Employee Status  Full time, Part time, Retired, COBRA, Other  

Employee Class  Salary, Hourly, Other  

 

Treatment Retention 

The disordered use of opioids is associated with, and the cause of, many ancillary 

health and social issues which are ameliorated through treatment. Longer treatment 

retention has been associated with reduced mortality, improved social functioning, 

decreased drug use, criminal activity and risky sexual behaviors (Bart, 2012).  Though 

treatment retention is only a proxy for reduced opioid use, as many people in treatment 

continue to use opioids, the long-lasting blockade produced by XR-NTX enhances the 

assumption that treatment retention is a valid measure of reduced opioid use. 

Additionally, treatment retention has been described as a "key measure of success in 

opioid treatment programs and is considered a significant indicator of treatment 

effectiveness" (Amiri et al., 2018, p. 64) even for buprenorphine and methadone which 

do not block opioids. 
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Since treatment retention is associated with positive outcomes in substance use 

treatment and that dropout is conversely associated with poor outcomes, it is frequently 

reported as one of the outcome measures of interest in peer reviewed articles. Similarly, 

several large systematic reviews and meta-analyses (Greenfield et al., 2007; Lappan et 

al., 2020; O'Connor et al., 2020; Timko et al., 2016) have used treatment retention as the 

comparison variable due to its ubiquity in the literature.  

In the MarketScan® databases each filled prescription is identified using the 

National Drug Code and service date, number of days of medication provided and 

connected to the person for whom it was filled by ENROLID. A filled prescription for 

XR-NTX is equivalent to its administration and when it is noted in the database the 

person for whom the prescription is filled (by ENROLID) will be in treatment for the 

next 28 or 30 days (depending on the recording physician). 

A filled prescription for buprenorphine is also noted in the database along with 

the number of days-supply of medication that was dispensed. Unlike XR-NTX, a filled 

prescription does not perfectly define a person who is retained in treatment. The 

prescription could have been filled with the intention of diversion or the person could 

discontinue use of the medication at any time during the range of days supplied. 

However, previous research has used filled prescriptions of buprenorphine as a proxy for 

treatment retention (Baser et al., 2011; Morgan et al., 2018; Morgan et al., 2019; 

Wakeman et al., 2020) and while noting this limitation, it will be similarly used in this 

study.  

Treatment episodes were calculated beginning on the date that a prescription for 

an XR-NTX was filled. Ideally, a single treatment episode would end with the day that 
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the blockade losses its effectiveness, and the person does not fill another prescription. 

However, people are often under strain and have conflicting responsibilities which may 

not allow them to fill a new prescription on the day that the previous one runs out. This 

delay in filling a prescription may be viewed by the individual, and the prescriber as a 

gap in treatment rather than discontinuation and reengagement. For this reason, like 

Morgan et al. (2018) this study will examine both a 14 and 30-day gap between filled 

prescriptions as a "grace period", during which if a new prescription is filled the 

treatment episode continues, if not the episode ends with the original supply. So, a person 

who receives an injection of XR-NTX on April 1st will be denoted in the records as 

having a supply until the 30th. Should the prescription be refilled between May 1st and 

May 14th, (and in the second analysis between May 1st and May 30th) the treatment 

episode continues but if it is not refilled the episode ends on April 30th.  

Those in XR-NTX treatment have already been detoxified from opioids so failure 

to be injected with a subsequent dose does not equate with engaging in illicit drug use as 

it may be assumed for those in buprenorphine treatment. However, if the person did use 

opioids after the blockade ceased to be effective, they would need to detoxify a second 

time, prior to receiving an XR-NTX injection (Alkermes, 2010).  Since the detoxification 

may take as long as 14 days to complete, a 14-day or longer gap between XR-NTX 

injections may indicate a return to use (i.e., dropout from treatment) and the next 

injection should be viewed as the beginning of a second treatment episode.  

The need for being free from all opioids prior to XR-NTX treatment lest injection 

lead to an immediate and dangerous withdrawal has caused the FDA to recommend that 

the patient be completely detoxified and opioid free for at least seven days, and that an 
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oral naloxone challenge precede injection (Alkermes, 2010). Since this is the appropriate 

standard of care, it is necessary to assume that medication such as buprenorphine and oral 

naltrexone will be administered prior to XR-NTX to first taper from illicit opioids then to 

assure the provider that there are no more opioids in the person's system. It may be 

assumed that the detox and challenge procedure may take as long as two weeks (14 days) 

prior to administration of XR-NTX so any MOUDs prescribed during this time will be 

ignored.  

With buprenorphine treatment, as with XR-NTX, previous research, does not 

view short gaps in filled prescriptions as ending a treatment episode. However, 

researchers have not settled on a clear demarcation between hiatus and dropout. One 

aspect of this problem is the fact that a person who is treated with buprenorphine will 

begin to withdraw from opioids without a new prescription and once withdrawn, agonist 

treatment may not be appropriate. If the person returns to receive a new prescription soon 

after the previous one lapsed it may be assumed that the need for opioids was filled by 

illicit buprenorphine. However, the same pattern of behavior may equally be attributed to 

dropout of treatment, during the first few days of the first prescription, followed by return 

to use, and then reengagement in treatment, that should be considered a new episode. 

This has led to different metrics being used in different studies. For example, Samples et 

al. (2018) used a gap of >30 days, without a refill of buprenorphine, while other studies 

have defined assumed discontinuation after 60 (Saloner et al., 2017) or 90 days (Hui et 

al., 2017).    

In this study treatment dropout for buprenorphine will be calculated in the same 

way as for XR-NTX: two models will be compared if the buprenorphine prescription is 
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refilled within 14 days of the completion of the previous prescription the treatment 

continues, in the first model, and if the prescription is renewed within 30 days, in the 

second model, but if the gap is longer than 14 or 30 days it is a new treatment episode. 

For two reasons this study will again follow Morgan et al. (2018) and others (Schuman-

Olivier et al., 2010) and use a 14-day and 30-day cutoff. First, the longer the gap in filled 

prescriptions, the more likely that the time between prescriptions is due to return to use. 

Second, it is valuable to have similar measures for both medications in this study to make 

comparisons more easily between them.  

Acute Medical Care 

It has been established that disordered opioid use often leads to accidental 

overdose as well as other needs for acute care (Albert et al., 2015; Hedegaard et al., 2020; 

Spencer et al., 2019) therefore a method of evaluating the effectiveness of MOUD is to 

examine the need for serious acute medical care for opioid use, during and after 

treatment. Completely successful treatment would be associated with no need for acute 

care for opioid use during that person's lifetime because disordered use will have been 

eliminated. Conversely, unsuccessful treatment will be associated with return to use that 

has an elevated risk of acute care needs. Secondarily, there is a possibility that XR-NTX 

may encourage overdose during treatment by tempting those in treatment to overwhelm 

the blockade with large quantities of opioid.  

Acute medical care will be defined in this study as in Wakeman et al. (2020) as an 

inpatient or emergency room encounter with a primary opioid related diagnosis. Having a 

single acute care incident was created as a dichotomous variable and the risk of having an 
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acute care incident was evaluated using a generalized estimating equation described 

below. 

Healthcare Costs   

FAIR Health (2016a) has found that people who have OUD cost insurance 

providers approximately ten times as much as people without OUD. Some of these 

expenses are due to OUD treatment, others to accidental overdose or other emergency 

treatment directly caused by disordered opioid use, such as trauma which was the result 

of accidents caused by opioid intoxication, injection site infections and other soft tissue 

injury's (Hsu et al., 2017; Silverman et al., 2020; Weir et al., 2019). Still other healthcare 

costs are indirectly due to the use of opioids, such as HIV, and HCV (Cranston et al., 

2019; Zibbell et al., 2018). Since, OUD is associated with many negative health effects, 

this study will follow the path of previous researchers (Baser et al., 2011; Park et al., 

2020; Perry et al., 2019) who have compared non-opioid related healthcare costs in 

addition to comparisons of health care costs that are directly associated with opioid use, 

overdose, HIV, HPC, endocarditis and soft tissue injury (see Table 4 where the ICD-9 

codes are listed under 'Opioid Related Healthcare Diagnoses'). 

MarketScan® databases record a primary diagnosis for every encounter between a 

patient and a healthcare provider in a clinical setting such as inpatient, outpatient, and 

emergency room. Since the same medication may be prescribed for various ailments no 

diagnosis codes are provided for pharmacy claims. This results in the need to exclude the 

cost of the MOUD itself as well as other pharmacy claims from the cost analysis.  

The method used by the MarketScan® databases to record payment begins with 

the gross payment made to the provider, which is the total amount charged after 
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"applying pricing guidelines such as fee schedules and discounts" (Truven Health, p. 12). 

The total allowed cost, this is then divided into numerous variables that reflect some part 

of the payment, such as the copayment, or deductible paid directly by the insured. For 

outpatient care and pharmacy claims this variable (PAY) contains the total gross payment 

for the encounter. For inpatient care, the variable (TOTPAY) contains the combined 

payment to all providers associated with the hospital admission as well as the hospital 

itself.  

As is typical with costs, the dispersion of cost data in this database is irregular. 

Typically, a person who has an encounter with the healthcare system has several (or 

many) associated costs. For example, a person may see a doctor, have lab work, and go to 

a pharmacy, each of which is recorded separately. It is impossible from the data to 

consolidate costs by doctor visit or the like. Further, pharmacy data do not contain 

diagnosis codes and therefore reason for the cost cannot be classified a response to opioid 

use or non-opioid use.  

To allow for analysis, costs have been consolidated per-person by type (e.g., 

opioid, non-opioid) by month then all months have had $1 added to eliminate months 

with zero dollars. The natural log of the new cost was calculated, and log dollars were 

used as the dependent variable in the analysis.  

Identification of Covariates 

The MarketScan® databases are rich in billing information in which every 

payment is broken into many component parts, it is less rich in demographic information 

that may be relevant to behavioral research. However, a close scan of each of the 

available variables leads to a well-rounded list of covariates.  
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Capitated Services 

In general, insurance pays for each service on a per-service basis, therefore each 

encounter and its fee are found as individual records but in less than 4% of cases the 

services are capitated, that is to say, physicians and facilities are paid a flat fee for an 

open-ended amount of services.  For this reason, people who have some of their services 

capitated were eliminated from analysis of payment. As noted above this led to the 

exclusion of 21 people from the XR-NTX treated group in the cost analysis and a 

proportional number from the buprenorphine sample. However, the encounters for these 

people are listed by date, though without a fee attached, this allowed people who have 

some of their services capitated to be included in the survival analyses as well as the 

analysis of acute-care incidents.  

Age 

Several new studies have found that age is related to treatment success for opioid 

use, though the reason for this association is unclear. It may be due to the growth and 

development of adolescence (i.e., maturation) or may be linked to length of addiction. 

Mintz et al. (2020) found that adolescents (12-17 years old) were less likely to be retained 

in treatment for six months, than were young adults (18-25) who were in turn less likely 

to be retained than adults (26-64). Though, when the researchers controlled for other 

covariates such as sex, and comorbid psychiatric conditions the overall results were 

closer to parity. When the researchers conducted closer analysis by treatment type, 

adolescents being treated with naltrexone (both oral and XR-NTX) were much more 

likely to be retained than other age groups, an anomaly that did not exist with other 

treatment types or other age groups. Similarly, Fishman et al. (2020) found that young 
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adults (18-25) had worse outcomes than older adults (>25) in opioid use treatment 

measured both by treatment retention and opioid use.   

It is not hard to hypothesize why age may be related to opioid use and its 

treatment, but the direction of these differences may be hard to gauge. First, according to 

the theories of learned behavior, younger people typically will have less time in active 

addiction which may mean that they may not have learned the behaviors of drug use as 

well as they would when they become older. This may lead to them being more amenable 

to treatment. Conversely, they may not have had the opportunity to feel all the 

consequences of addiction and may be less likely to be retained in treatment. Second, 

according to the incentive-sensitization theory younger people may not have experienced 

the neurological changes to their brain that are part of sensitization as those who are older 

which would lead them to be easier to treat. Though it may be argued that since the brain 

continues to grow and change until the age of 25 this may make them more susceptible to 

sensitization than those who begin their drug use at an older age.  

Age of all people is measured in several ways in the MarketScan® databases and 

will be included as a covariate, however, it is calculated differently for all three methods 

of analysis as described below.  

Sex   

The MarketScan® databases record the biological sex of every person enrolled. 

Sex and gender are distinct constructs and while gender may be a more appropriate 

variable to use in this study, since many of the pressures of life that are linked to both 

substance use and recovery from substance use are dependent on the personal and 

societal construct of gender [as discussed in Scorsone et al. (2020)], the variable of sex 
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will be used as an inexact proxy.  This approach has been used in a recent review (Ling et 

al., 2019), which found mixed results for the existence of sex differences in treatment 

retention or continued opioid use. 

A second issue that is directly related to biological sex (not directly to gender) is 

the issue of people seeking MOUD treatment while pregnant. Recent studies have found 

MOUD providers were often less likely to accept pregnant people into treatment, and that 

treatment initiation requires more effort on the part of the patient if pregnant (Bedrick et 

al., 2020), including the need to repeat phone calls, attempt to gain entry to more than one 

provider, and the necessity of traveling longer distances to receive treatment. These 

barriers have been assumed by the researchers to deter or delay treatment entry, which 

may, in turn, influence healthcare costs as well as treatment retention (Tuten et al., 2018). 

Since barriers to treatment entry and delayed treatment are not recorded, using the 

variable of sex (rather than gender) will help control for the possibility of delayed 

treatment.  

Location 

The location of the treatment recipient is related to several barriers that serve to 

discourage treatment entry and retention. One of these barriers is the distance from the 

treatment provider to the recipient.  Langabeer et al. (2020) hypothesized that people 

would be willing to drive 10 miles or less to receive buprenorphine treatment for opioid 

use. This was based on previous research by Billi et al. (2007) that found that people 

would reasonably travel 10 miles for primary care (but may travel longer for specialist 

care) and Rosenblum et al. (2011) who found that only 6% of people would be willing to 

travel 50 miles for opioid treatment.  
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Langabeer et al. (2020) then plotted the locations of 47,210 buprenorphine listed 

by SAMHSA and found that 9.2% of the US population (27.9 million people) are outside 

of a 10-mile radius from a buprenorphine provider. However, the number and proportion 

of population that were located beyond 10 miles from a provider differed by state.  

Other confounding effects of location relate to differing drug use patterns (Hser et 

al., 2017) and differences in pricing and reimbursement for medical and pharmaceutical 

services (Newman et al., 2016).  

Demographic/Socio-economic Similarity 

Previous research has found associations between socio-demographic variables 

and opioid use disorder including income, race, and education (Imtiaz et al., 2018; Sulley 

& Ndanga, 2020; van Draanen et al., 2020) and virtually all previous studies (including 

all those in the literature review chapter) either statistically control for differences in 

population (e.g., using regression type analysis with a covariate for race, income, 

education, etc.) or include a table that reports the difference and it comparability using a 

2 or t test. These studies assume that differences in socio-economic and demographic 

variables are informative proxies of structural and ecological conditions that affect 

substance use and its treatment. 

In the US private health insurance is often provided as a benefit of employment 

for the employee, spouse, and dependents (generally children). The insurance agencies 

retain some information about the demographics and socio-economic status of those 

insured but due to their history of discrimination based on race and sex, that is feared to 

continue under the guise of hedging against minorities due to higher prevalence of illness 

and disability, much demographic information is not collected to eliminate these 
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concerns. In short, the MarketScan® databases are incomplete and several important 

variables are missing, most noticeably race, ethnicity, education, and income. There are 

also no direct measures of insured individuals other than the employee – or policy holder.  

What is left is an indirect picture of each individual, about whom there is enough 

information to compare with others in similar socio-economic and demographic 

situations.  The precise pieces of information that the data provide include employment 

status (nine options), employment classification (nine options), and relationship to 

employee (four options). As will be discussed below, the method of controlling for these 

variables as well as location, age, and sex will depend on the analysis. However, for all 

variables the similar categories have been collapsed to allow for matching and other 

comparisons, (see Table 9 for the original categories and how they were collapsed).  
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Table 9  

Original and Reduced Categorical Variables 

Original  Reduced  

Relationship to Employee  

1 Employee  1 Self  

2 Spouse  2 Spouse  

3 Child/Other  3, 4 Dependent 

4 Dependent Relation Unknown  

Employee Status  

1 Active Full Time  1 Full Time  

2 Active Part Time  2 Part Time  

3 Early Retiree  3,4,5 Retired  

4 Medicare Eligible Retiree  6 COBRA  

5 Retiree (status unknown)  7,8,9 Other  

6 COBRA   

7 Long Term Disability   

8 Surviving Spouse/Dependent   

9 Other/Unknown   

Employee Class  

1 Salary Non-Union  1,2,3 Salary  

2 Salary Union  4,5,6 Hourly  

3 Salary Other  7,8,9 Other  

4 Hourly Non-Union   

5 Hourly Union   

6 Hourly Other   

7 Non-Union   

8 Union   

9 Unknown   

 

Substance Use Disorder Diagnoses   

People with OUD who are concurrently using other substances in a disordered 

manner have been found to be more likely to relapse and withdraw from treatment early 

than those who only use opioids (Franklyn et al., 2017; O’Brien et al., 2020; Samples et 

al., 2018; Schuman-Olivier et al., 2014). In contrast, O’Brien et al. (2020) found that 

people entering treatment with more than one substance use diagnosis were given more 

intense therapy than those who entered with OUD alone, which may aid in treatment 

retention but add to its cost.  While the results of previous research have not established 

the exact effect of receiving a diagnosis of a second (or third) substance use disorder on 
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treatment retention it is uncontested that treatment of another SUDs is a complicating 

factor that must be included in the method of analysis.  

The MarketScan® databases include ICD-9 codes for each diagnosis (up to 15 

different diagnoses for each encounter) and anyone who received a diagnosis of 

substance use at any point in treatment for each of the following categories of substances: 

alcohol, cannabis, cocaine, hallucinogens, sedatives, opioids, and other substances. The 

individuals in the sample will be compared based on the number of unique SUD 

diagnoses that the person has acquired. Since the sample is made of people who have 

been diagnosed with opioid use disorder, the number of SUD diagnoses will have a floor 

of one.  

Medical Conditions 

This study is interested in the relative healthcare costs of those treated for OUD 

with XR-NTX and those treated with buprenorphine. Each individual is unique in their 

healthcare needs and often carry with them a host of co-morbidities each of which will 

impact the overall costs of treatment. This study will follow the path of previous research 

in using the Deyo-Charlson Comorbidity Index (DCCI) (Baser et al., 2011; Florence et 

al., 2016; Ronquest et al., 2018) to aggregated comorbidities. The DCCI assigns between 

one and six points to each of 19 categories of chronic illness (e.g., AIDS = 6 points, Solid 

tumor, localized =2, metastatic = 6, Myocardial infarction =1) (Glasheen et al., 2019) it is 

often used to calculate the projected 10-year survival rate for individuals and populations 

(Ladha et al., 2015) as well as population health care costs (Charlson et al., 2014).   

The DCCI is useful when approaching billing and diagnostic data such as the 

MarketScan® databases because it assigns points for the most severe diagnosis in each 
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category and none for less severe diagnoses in which they are subsumed. The aggregate 

DCCI score for all of the records in the database will be used in controlling for 

comorbidities since it gives the broadest picture of the individual's health. 

The DCCI includes the mental health diagnoses of depression and dementia but 

no others. To include other mental health and substance use disorder diagnoses, a system 

similar to the DCCI was created. The World Health Organization (1977), ICD-9 

classification system designates whole numbers as larger categories and numbers to the 

right of the decimal indicate subcategories. For relevant mental health disorders, all 

diagnoses within a single whole number were counted as a point, all points were summed 

to produce a single mental health score. In this manner a person who has been diagnosed 

many times with ICD-9 codes starting with "295" for schizophrenic disorders would 

receive only one point. If the same person, then received one (or more) diagnosis from 

the "301" or personality disorder category they would get a second point. Since, mental 

health diagnoses are often not the primary reason that a person seeks medical attention, if 

any of the 15 diagnosis columns contains a mental health diagnosis it is included in the 

mental health score.  

Matching 

The individual level socio-demographic data that is provided in the MarketScan® 

databases in addition to being incomplete, is unusual. The typical demographic variables 

of race/ethnicity, gender, income, education, and employment, collected for research in 

the social sciences are missing. Instead, the insurance providers collected information 

more relevant to understanding the utilization of their plans. The data that was collected 

also does not lend itself to being controlled for by typical regression B  or β weights for 
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several reasons.  First, the covariates are mostly categorical rather than continuous which 

would necessitate comparing each of nine or ten categories in five variables to a reference 

rather than directly with each other. Second, the demographic information collected is 

only about the policy holder rather than the individual which leaves a gap in knowledge 

about many of the people in the database. Third, the change from one group to the other 

expressed as a regression weight would not necessarily produce a comprehensible 

coefficient. As an example, the EECLASS or employee class has nine categories one is 

'salary non-union' and a 'second is salary union', the difference between those two 

categories in terms of regression weight would be difficult to understand, especially in 

comparison to a third class 'salary other'. Finally, regression assumes a linear relationship 

between covariate and the outcome variable. Making this assumption may be 

understandable with typical demographic data, (e.g., as years of education increase then 

treatment retention increases) but cannot be made using the EECLASS variable. 

The solution to these problems is to create a comparable group to those in XR-

NTX to use as a control. By creating a control group there is no need to interpret 

regression coefficients and differences in socio-demographic variables that are difficult to 

measure are avoided. Additionally, by assuring that the comparison groups are similar in 

all confounding variables it is possible to make statements of causal inference rather than 

being limited to associations (Iacus et al., 2012). 

Mahalanobis distance matching (MDM), using the nearest match were used to 

create a one-to-one sample of those treated with XR-NTX and those treated with 

buprenorphine. The matched samples will be used as part of the survival analysis using a 

frailty-model described below, which analyzes each treatment episode within the context 
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of each individual in the sample. The multi-level nature of the analysis precluded using a 

one-to-many matching method by weighting samples.  

Since acute-care incidents are rare, a matched sample would be too small to have 

the necessary statistical power to produce reliable results and that analysis was performed 

on the entire sample. Similarly, the cost analysis uses a fixed-effects model in which 

controls for socio-demographic conditions that are approximated with the matching 

variables, are assumed to be time invariant. 

MDM has been shown to be the more effective matching technique, when 

compared to propensity score matching and as effective as coarsened exact matching in a 

study by King et al. (2011). MDM, examines the distance between a unit in the treatment 

group and a unit in the control group in proportion to the variance (generally using 

standard deviation) of the metric that is being used. When approaching a nominal 

variable, MDM creates dummy variables of each category and extrapolates the variance 

which is then used to measure the Mahalanobis distance. People who were ever treated 

with XR-NTX were designated the treatment group and matches to them from those 

treated only with buprenorphine on the following continuous variables; DCCI, number of 

mental health diagnoses, SUD diagnoses, and age. They were also matched on which of 

the US states they lived in, relationship to the employee, the class of employment, and the 

employment status. The demographics and comorbidities of the matched samples are 

found in two left columns in Tables 6 and 7.  

Methods of Analysis and Power 

Treatment Retention using Survival Analysis 

The first question is:  Do people treated with XR-NTX for OUD remain in 

treatment shorter, as long, or longer than those in buprenorphine treatment. The pre-
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analysis MDM produced a sample of two equal groups: treatment (XR-NTX) and control 

(buprenorphine) which were similar in many important aspects that obviated the need to 

further control for confounding variables, while aiding in causal analysis. This allowed 

for a straight comparison of survival, hazard, or cumulative hazard functions of time in 

treatment till dropout, without the need to control for covariates.  

The MarketScan® databases track each patient longitudinally and may therefore 

have several treatment episodes for each patient, and patients may be in treatment using 

more than one medication. To include these further observations in the analysis a 

different type of model is needed, that groups data by patient and evaluates the risk of 

dropout for each episode. This situation recommends using the frailty model, which is an 

extension of the Cox proportional hazards model and assess each person's risk of drop out 

as a random effect, known as their frailty.  

The frailty extension of a Cox proportional hazard regression creation of a latent 

variable, known as the frailty, which represents the hazard associated with an individual 

separate from the effects of the independent variables but dependent on factors that are 

common to all individuals in the sample (Hougaard, 1995). It accounts for all variance 

not associated with the independent and acts multiplicatively on the hazard (Balan, 2018). 

In simple terms the risk a person has of dropping out of treatment is dependent on the 

theoretically implied covariates included in the model. If dropout was possible only once, 

then the frailty would represent the variance that is caused by all omitted variables. Since 

people enter and leave treatment and may dropout more than once, the frailty represents 

the neglected variables which are common to the individuals in the sample. This method 

accounts for the dependence of observations due to the same individual entering and 
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leaving treatment. Much like introducing a random effect to a regression to account for 

clustering, the frailty term is often used only as a means to account for dependence 

observations; however, in some analysis the frailty term itself is of significance (Balan, 

2018).  

The frailty model assumes that the probability of dropout is independent of 

previous treatment episodes and only dependent on covariates and the person's unique 

frailty. (Amorim et al., 2015) It may be argued that since previous research has 

demonstrated that those who enter treatment for the first time have possibly better 

outcomes than those who return to treatment for a second or third episode (Weiss & Rao, 

2017) that assumption is not correct. However, other research (Bukten et al., 2014) has 

found that second treatment episodes have longer retention rates than first treatment 

episodes. The fact that results are inconclusive combined with the fact that the data are 

time bounded, and it is impossible to know if each individual has undergone treatment 

prior to entry in the database allows for making the assumption that the probability of 

dropout for any given treatment episode is independent of previous episodes.  To include 

the possibility that each subsequent treatment episode is different than the prior episodes 

a variable for treatment episode number will be included. Additionally, there has been 

little research into understanding if a return to treatment using a different MOUD effects 

treatment retention, and it was also included as a covariate. 

This study's analysis will use "the most commonly used frailty model with 

random effects assumed to follow a gamma distribution with mean equal to one and 

unknown variance." (Amorim et al., 2015, p. 327) This study also meets the assumptions 

of a Cox survival model of which the frailty model is an extension. The events (i.e., 
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dropouts), while dependent on the individual are not dependent on any other individual. 

Second, people who cease to be enrolled in their private insurance for a variety of reasons 

and while some of these reasons may be related to opioid use, there is no reason to 

believe that it is dependent on the person being in or out of treatment. Specifically, there 

is no reason to think that continuation in treatment is connected to change of insurance.  

By using the general method of survival analysis, we can incorporate all the time 

in treatment to the analysis of XR-NTX effectiveness, as well as all treatment episodes 

for each person. Since this study used a large sample and has many events (i.e., dropout 

of treatment) it surely has the power to pick up on even small differences and surpasses 

the benchmark of a sample of 50 below which "the analysis should be cautious about its 

statistical power, conduct formal power analysis and present results of the power 

analysis" (Guo, 2010, p. 135) 

For the process of matching, demographic covariates (state, employment class, 

employment status, sex) were calculated at the time of entry to treatment. While the 

comorbid covariates (DCCI, mental health, and SUD), which are composites of diagnoses 

from the time that a person enters until a specific point, were calculated using all 

information from entry into the dataset until 90 days after their first treatment episode 

began. This is to account for the assumption that a person who has been using opioids has 

avoided contact with healthcare providers and may have other physical, mental and SUD 

comorbidities that have gone undiagnosed. Once this person enters treatment, they may 

now be willing to be evaluated by healthcare providers. Additionally, in my professional 

experience, mental and physical health assessments are also standard requirements for 

continuation in substance use treatment in many treatment centers and may be scheduled 
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only after treatment begins. These diagnoses are assumed to be present prior to treatment 

commencement and are therefore included up to 90 days after treatment entry. 

A secondary analysis using a frailty model was performed on the entire sample, 

using the same dependent and independent variables as described in the matched 

samples. However, three of the demographic variables (relationship to the employee, 

employment status, and employment classification) were collapsed in the manor 

described above in Table 9.  

Acute Care Incidents Using Generalized Estimating Equation  

The second area that this study seeks to understand is the relationship between 

MOUD and the probability of an acute-care incident. An acute-care incident, as described 

above, is one where a person has an inpatient or emergency room, charge with an opioid 

related primary diagnosis. Due to billing procedures inherent in using claims data, there 

are often many charges for a single incident and often charges are not dated on the same 

day as the incident. For this reason, acute-care incidents were calculated based on the 

calendar month. If a month contained a code that indicated an acute-care incident, then 

that month received a one, if it did not a zero. MOUD was calculated as number of days 

in a calendar month that the individual was in XR-NTX and/or buprenorphine treatment. 

Since demographic variables are measured at one point in time and may change over the 

course of the month, (e.g., a person may move from one state to another in the middle of 

the month) only the first entry was used. Comorbid variables were calculated on a 

monthly basis, by using all information in the dataset until the end of the month, with the 

procedure being repeated every month an individual is in the dataset.  
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Since each of the over 30,000 individuals in the dataset may have been in the 

database over a 36-month period the data structure is complex. The best way to account 

for this complexity, while still including all desired independent variables and accounting 

for the observations that violate the assumption of independence (since the observations 

are dependent on the individual) is by using a generalized estimating equation (GEE). 

GEEs model a marginal or population variance which is then assigned to each individual, 

this can be contrasted with a multi-level model which assess the variance of each 

individual as a 'random effect'. While a random effects model allows for comparison of 

the between-individual variances, which the GEE does not, this study is not interested in 

such comparisons and only wishes to account for the lack of independence between 

observations, for which a GEE is appropriate. (Liang & Zeger, 1986) 

When using a GEE, it is necessary to identify a correlation structure that describes 

the relationship between each observation within a person to their other observations. The 

correlation structure allows for a proper estimate of the standard errors. The 

"exchangeable" correlation structure uses the average of the off-diagonal components of 

the estimated unstructured matrix and assigns the average for all observations. There are 

mathematical measures to determine the correlation structure with the best fit, though 

there is no consensus about which measure to use in specific situations. (MacCallum et 

al., 2006; Westgate, 2020) In this case both the QIC and the CIC, for the exchangeable 

correlation structure are slightly higher than with the "independence". This indicates that 

independence correlation structure has a slightly better fit than the exchangeable (see 

Table 10). However, since independence assumes that there is no correlation between the 

observations within one person, an assumption that is not tenable in this case, the 
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exchangeable correlation construction is used. It should be noted that the difference in 

standard errors between the two models is negligible.  

Table 10 

Comparison of GEE Models Tests 

Correlation QIC QICu Quas Lik CIC Parameters QICC 

Exchangeable 41,499.9 41,592.37 -20,729.18 20.765 67 41,499.93 

Independence 41,415.74 41,510.42 -20,688.21 19.66 67 41,415.77 

Auto-regressive 1 41,499.9 41,592.37 -20,729.18 20.765 67 41,499.93 

Abbreviations.  
CIC: Correlation Information Criterion, GEE: generalized estimating equation, QIC:Quasilikelihood under the Independence Model 

Criterion, QICC :Quasi likelihood under the Independence Model Criterion, QICu: Penalized QIC  

 

GEE is designed to process the data as waves, each of the up to 36 months that a 

person is in the database and all covariates were calculated on a monthly basis. For the 

demographic variables, since they are relatively stable, the first entry for each month is 

used. A change in location, age, or employment during a month would be reflected in a 

change in the next month. The comorbidity variables (SUD, DCCI, and mental health) 

which are cumulative were calculated from time of entry into the database until the end 

of each month. So, the comorbidities for June 2010 was calculated on the data from 

January 2010 until June 2010 and the comorbidities for July 2010 was calculated from 

January to July 2010 and so on.  

Healthcare Costs Analyzed using a Fixed Effects Model 

This study also seeks to understand the healthcare cost associated with each 

MOUD, when people are being treated compared to when they are not being treated. For 

this comparison, all data regarding healthcare costs will be used for all people in the 

study. The method used was a fixed effects regression model, in which every person 

(when not in treatment) serves as a control for themselves when they are in treatment. 
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This will control for all previously discussed covariates since they do not change within 

the person over time. While it is possible for a person to change their employment status 

by changing from full to part time; or their employment classification from salary to 

hourly; these variables were included in previous analyses to establish a holistic 

understanding of the person's position in society and compare them to others who are 

similar so as to match or to control for these variables with the goal of isolating the effect 

of treatment. However, these variables are not important in and of themselves but are 

rather proxies for deeper understanding of the person in ways that do not change over 

time and are therefore excluded from this analysis, which each person is compared to 

themselves. 

Location is included as in other analyses for several reasons, as described above, 

including differences in pricing and reimbursement rates for medical services. However, 

since only 2.9% of people in the sample changed locations over the course of their time 

in the dataset, location was not included in this analysis to retain power.  

The only covariates used in the previous analyses that may realistically change 

over the three years of data available are those related to personal health (SUD and 

DCCI). These were calculated on a monthly basis, as described above for the GEE, and 

included in this analysis as well. 

Additionally, using a fixed-effects model will eliminate the need for matching or 

controlling for demographic or other time invariant variables that are not found within the 

dataset but due to structural conditions have a direct effect on healthcare costs; 

specifically, being a member of a minority race/ethnicity or sexual orientation, and 



 

92 
 

cultural or language barriers, leaving few covariates needed to be included in the final 

model.  

The fixed-effects model assumes that the observations are independent between 

patients which can be assumed using the MarketScan® database. One would have to 

postulate a connection between the people in the study and there is no evidence in the 

data to believe that this assumption is violated.  

The fixed-effects model allows for the nesting of data, in this case healthcare 

costs will be nested inside the person over time. For this analysis, each of the 36 months 

of data are considered a single wave and the costs and treatment are nested within the 

month. Meaning, that each month has the sum of the healthcare costs for that month and 

an indication if that month was in treatment or out of treatment. For this analysis, if even 

one day of the month was in treatment the whole month is considered in treatment. This 

is because once months with zero days in buprenorphine treatment were eliminated the 

median number of days in buprenorphine treatment per month was 29 (M25.7, SD 7.45) 

and the median number of days in XR-NTX treatment was 26 (M22.4, SD 8.86) and by 

dichotomizing the variable it allows for ease of interpretation.  

Since recent studies (Park et al., 2020; Perry et al., 2019; Wakeman et al., 2020) 

have not found a clear result of the difference in healthcare costs between buprenorphine 

and XR-NTX, it is difficult to estimate the effect size. Since this study already has 

information on the sample size of both analysis (i.e., buprenorphine alone and XR-NTX 

alone) a power analysis was conducted to estimate the necessary constraints that allow 

for setting α=0.05 and β=0.80. The results allowed for finding a small effect (f2 =0.02) 

using the XR-NTX sample of 635 individuals if the number of covariates are limited to 



 

93 
 

five. If, however, the effect is even slightly larger (f2 =0.03) then the same constraints 

(α=0.05 and β=0.80) allowed for 15 covariates.
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Chapter 5: Results 

Treatment Retention using Survival Analysis 

Matched Sample and Whole Sample 

Six hundred seventeen individuals were ever treated with XR-NTX (though they 

may also have been treated with buprenorphine) and they were matched with 617 people 

who were treated with buprenorphine alone. See Tables 6 and 7 for details of the 

comparison between the XR-NTX group, the matched buprenorphine group, and the 

complete buprenorphine sample (including the 617 members of the matched group). 

Table 11 quantifies difference between the demographic and comorbidity variable of the 

matched samples and between the XR-NTX sample and the whole sample. The table uses 

effect sizes converted to Cohen's d by Lenhard and Lenhard (2016), rather than t or 2 

test results because the samples are large which leads to reduction in p-values. The only 

comparison that had an effect of d > .5 (or medium) was the SUD diagnoses variable 

where the full sample had fewer diagnoses (M 1.48, SD 0.83) compared to the XR-NTX 

sample (M 2.06, SD 1.07). 
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Table 11 

Effect Size Difference Between Samples - (Cohen's d) 

 Survival Analyses  Acute Care Analysis  Healthcare Cost Analysis  
 Matched Samples  Full Sample    

Variables  XR-NTX vs. Buprenorphine XR-NTX vs. Buprenorphine XR-NTX vs. Buprenorphine XR-NTX vs Buprenorphine  

Sex  0.003  0.158  0.016  0.016  

Age  0.023  0.259  0.277  0.288  

Mental Health Diagnoses  0.237  0.393  0.301  0.273  

SUD Diagnoses  0.238  0.694  0.691  0.665  

Deyo-Charlson Comorbidities 0.13  0.019  0.037  0.042  

Relationship to Employee  0.029  0.362  0.122  0.123  

Employee Class  0.026  0.146  0.052  0.047  

Employee Status  0  0.067  0.024  0.025  

Location  0.029  0.427  0.154  0.151  

Note.  
Bolded when Cohen’s d is interpreted as Medium or Large. Survival analysis full sample buprenorphine includes those in the matched sample 
buprenorphine group. 
Abbreviation: XR-NTX - extended-release naltrexone  

Kaplan-Meier Survival 

When using the definition that a 14-day gap in treatment constitutes a new 

treatment episode, the median length of treatment episode for XR-NTX was 100 days 

(95% CI 92,109) and for buprenorphine 74 days (95% CI 69,80) within the matched 

sample (p=0.002); this contrasts with the 91-day median survival (95% CI 88,93) for the 

entire buprenorphine sample (p=0.2). Figure 7 shows the comparative Kaplan-Meier 

survival curves of these three groups.  

When using the definition that 30-day gap in treatment constitutes a new 

treatment episode, within the matched sample, the median length of treatment episode for 

XR-NTX was 125 days (95% CI 115, 129) and for buprenorphine 120 days (95% CI 

112,129, p=0.7) compared to 186 days (95% CI 181, 190) for the whole buprenorphine 

sample. Figure 8 show the Kaplan-Meier survival curves for these three groups.  

Figures 9 and 10 shows the survival curves of the matched samples stratified by 

treatment episode, while Figures 11 and 12 shows the same information for the whole 
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sample, in each model subsequent treatment episodes were shorter than previous 

episodes, confirming the need to include episode number as a covariate.  

Frailty Model 

Matched Sample, 14-Day Gap. The variance of the frailty term was relatively 

high (0.393), and its effect was statistically significantly greater than zero (p < 0.001), 

indicating significant between-subject heterogeneity. As displayed in Table 12, once this 

heterogeneity was accounted for, there was no statistically significant difference in 

treatment retention between buprenorphine and the reference group of XR-NTX, (HR 

1.113 95% CI 0.945, 1.311, p=0.201) nor was a change found in subsequent treatment 

episodes (HR 1.001, 95% CI 0.950, 1.056, p=0.960). 
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With regard to changes in medication: Dummy variables were created to indicate 

if the situation was true (1=true, 0=false) as displayed in Table 12. There were no 

statistically significant differences when an episode of XR-NTX treatment immediately 

followed a treatment episode with XR-NTX (HR 0.862, 95% CI 0.663, 1.119, p = 0.264) 

or when an episode of buprenorphine followed an episode of XR-NTX (HR 1.283, 95% 

CI 0.965, 1.706, p=0.861). However, treatment episodes that followed a buprenorphine 

episode had statistically significant differences. If the subsequent episode was with XR-

NTX the HR was 0.798 (95% CI 0.642, 0.99, p=0.04), indicating that a change from 

buprenorphine to XR-NTX reduced retention. While when the episode that followed a 

buprenorphine episode was again with buprenorphine, the HR was 1.306 (95% CI 1.109, 

1.537, p=0.001), indicating that subsequent treatment with buprenorphine was associated 

with longer treatment retention. 

Table 12 

Summary of Frailty Model Analysis for Treatment Retention – Using a Matched Sample 

 
14-Day Gap Model   30-Day Gap Model  

Variables HR  95% CI p     HR  95% CI p  

MOUD  

XR-NTX  Ref.          

Buprenorphine  1.113  0.945, 1.311 0.201     0.834  0.714, 0.974 0.022  

Treatment Variables  

Episode Number  1.001  0.95, 1.056 0.96     1.125  1.002, 1.262 0.046  

Buprenorphine after Buprenorphine  1.306  1.109, 1.537 0.001     1.313  1.05, 1.641 0.017  

XR-NTX after XR-NTX  0.862  0.663, 1.119 0.264     0.844  0.604, 1.18 0.321  

Buprenorphine after XR-NTX  1.283  0.965, 1.706 0.086     1.252  0.909, 1.724 0.169  

XR-NTX after Buprenorphine  0.798  0.642, 0.99 0.04     0.882  0.713, 1.09 0.246  

Frailty  

Frailty    <0.001       0.039  

Note.  
Variance of Random Effect: 14-Day Gap Model=0.393, 30-Day Gap Model=0.145 

Abbreviations: CI: confidence interval, HR: hazard ratio,XR-NTX: extended release naltrexone  
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Matched Sample, 30-Day Gap. Using the 30-day gap definition, the variance of 

the frailty term (0.145) was lower than in the 14-day gap and while it was statistically 

significant (p=0.039) it indicates that there is less heterogeneity between subjects then 

with a 14-day gap.  

In this model there is a significant effect of MOUD, with buprenorphine retaining 

people in treatment for fewer days than XR-NTX (HR 0.834, 95% CI 0.714, 0.974, 

p=0.022). Each increase in episode number is associated with longer treatment retention 

(HR 1.125, 95% CI 1.002, 1.262, p=0.046) as is following a buprenorphine episode with 

another buprenorphine episode (HR 1.313, 95% CI 1.051, 1.641, p=0.017). Neither 

following a buprenorphine episode with a XR-NTX episode or a XR-NTX with either a 

buprenorphine or XR-NTX episode were statistically significant, see Table 12.  

Whole Sample, 14-Day Gap. There is a high variance of the frailty term (0.664, 

p<0.001) indicating high heterogeneity between members of the sample. In this model, 

displayed in Table 13, statistically significant differences among the variables of interest 

include: the buprenorphine group had longer time in treatment (HR 1.181, 95% CI 1.023, 

1.365, p= 0.024) than the XR-NTX group, subsequent episodes were related to shorter 

time in treatment (HR 0.975, 95% CI 0.967, 0.982, p<0.001) and XR-NTX episodes 

which follow buprenorphine episodes were shorter (HR 0.728, 95% CI 0.581, 0.9118, 

p=0.006). Being female, having a higher DCCI, more mental health diagnoses, and more 

SUD diagnoses were also related to longer treatment episodes. See Table 13 for a 

complete list of covariates and which were significantly related to a change in treatment 

retention.  
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Table 13 

Summary of Frailty Model Analysis for Treatment Retention - Using the Whole Sample 

 14-Day Gap Model   30-Day Gap Model  

Variables HR 95% CI p 
   

HR 95% CI p 

MOUD  

XR-NTX  Ref. 
     

Ref. 
  

Buprenorphine  1.181 1.023, 1.365 0.024 
   

0.912 0.784, 1.06 0.23 

Treatment Variables  

Episode Number  0.975 0.967, 0.982 <0.001 
   

0.993 0.973, 1.013 0.487 

Buprenorphine after 
Buprenorphine  

1.132 1.1, 1.164 <0.001 
   

1.079 1.032, 1.128 0.001 

XR-NTX after XR-NTX  0.886 0.684, 1.147 0.357 
   

0.95 0.68, 1.326 0.762 

Buprenorphine after XR-NTX  1.23 0.94, 1.608 0.131 
   

1.153 0.85, 1.565 0.359 

XR-NTX after Buprenorphine  0.728 0.581, 0.912 0.006 
   

0.735 0.579, 0.934 0.012 

Sex  

Male  Ref. 
     

Ref. 
  

Female  1.072 1.038, 1.106 <0.001 
   

1.071 1.033, 1.109 <0.001 

Demographic and Comorbidity Variables  

Age  1.001 0.999, 1.003 0.431 
   

1.001 0.999, 1.003 0.227 

Deyo-Charlson Comorbidities  1.074 1.041, 1.108 <0.001 
   

1.109 1.071, 1.147 <0.001 

Mental Health Diagnoses  1.095 1.078, 1.113 <0.001 
   

1.132 1.113, 1.152 <0.001 

SUD Diagnoses  1.161 1.137, 1.185 <0.001 
   

1.203 1.176, 1.23 <0.001 

Relationship to Employee  

Self  Ref. 
     

Ref. 
  

Spouse  1.054 1.014, 1.095 0.008 
   

1.126 1.078, 1.177 <0.001 

Dependent  1.524 1.452, 1.6 <0.001 
   

1.78 1.684, 1.881 <0.001 

Employee Status  

Full Time  Ref. 
     

Ref. 
  

Part Time  1.103 0.998, 1.22 0.056 
   

1.087 0.97, 1.218 0.15 

Retired  1.041 0.982, 1.104 0.175 
   

1.041 0.976, 1.111 0.223 

COBRA  1.007 0.892, 1.138 0.908 
   

1.05 0.913, 1.206 0.496 

Other Status  1.163 1.063, 1.272 0.001 
   

1.169 1.057, 1.293 0.002 

Employee Class  

Salary  Ref. 
     

Ref. 
  

Hourly  0.955 0.916, 0.995 0.027 
   

0.966 0.922, 1.012 0.148 

Other Class  0.986 0.945, 1.028 0.505 
   

0.975 0.93, 1.022 0.292 

States  

California  Ref. 
  

  California  Ref. 
  

Hawaii  2.681 0.677, 10.627 0.16   Hawaii  2.537 0.636, 10.128 0.187 

Oregon  2.313 1.991, 2.687 <0.001   South Dakota  1.186 0.257, 5.474 0.827 

Arizona  1.797 1.552, 2.08 <0.001   Arizona  1.101 0.968, 1.253 0.142 

Nevada  1.669 1.369, 2.035 <0.001   Kansas  1.04 0.775, 1.395 0.796 

California  1.633 1.455, 1.833 <0.001   Nevada  1.018 0.835, 1.241 0.858 

New Jersey  1.512 1.322, 1.729 <0.001   Arkansas  0.954 0.677, 1.343 0.786 

Kansas  1.461 1.101, 1.94 0.009   Oregon  0.932 0.816, 1.064 0.295 

Idaho  1.453 1.063, 1.986 0.019   Idaho  0.924 0.663, 1.288 0.64 

Colorado  1.418 1.186, 1.694 <0.001   New Jersey  0.884 0.79, 0.99 0.033 

Florida  1.401 1.241, 1.581 <0.001   Colorado  0.849 0.713, 1.009 0.064 

Texas  1.379 1.221, 1.557 <0.001   Florida  0.835 0.761, 0.917 <0.001 

Arkansas  1.328 0.962, 1.832 0.084   Texas  0.803 0.731, 0.883 <0.001 
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Table 13 Continued  

 14-Day Gap Model    30-Day Gap Model 

Variables HR 95% CI p    HR 95% CI p 

Missouri  1.327 1.14, 1.544 <0.001   Washington, D.C.  0.799 0.234, 2.734 0.721 

South Dakota  1.273 0.273, 5.95 0.759   Missouri  0.77 0.67, 0.884 <0.001 

Georgia  1.266 1.12, 1.43 <0.001   New Mexico  0.746 0.551, 1.01 0.058 

New Mexico  1.24 0.932, 1.65 0.139   Oklahoma  0.744 0.596, 0.928 0.009 

Michigan  1.235 1.098, 1.388 <0.001   Michigan  0.729 0.668, 0.795 <0.001 

Illinois  1.227 1.054, 1.428 0.008   Georgia  0.721 0.657, 0.792 <0.001 

Utah  1.177 1.019, 1.359 0.027   Illinois  0.697 0.605, 0.802 <0.001 

Oklahoma  1.123 0.906, 1.393 0.289 
 

 Ohio  0.697 0.629, 0.772 <0.001 

South Carolina  1.113 0.918, 1.35 0.276   Utah  0.679 0.597, 0.772 <0.001 

Tennessee  1.105 0.975, 1.253 0.118   Tennessee  0.678 0.613, 0.75 <0.001 

Iowa  1.086 0.761, 1.549 0.649   South Carolina  0.671 0.551, 0.817 <0.001 

Maryland  1.063 0.905, 1.248 0.458   Iowa  0.657 0.444, 0.974 0.036 

Ohio  1.055 0.929, 1.199 0.407   Delaware  0.633 0.525, 0.764 <0.001 

Washington  1.049 0.924, 1.19 0.46   Washington  0.627 0.566, 0.695 <0.001 

North Carolina  1.028 0.899, 1.175 0.69   North Carolina  0.624 0.557, 0.698 <0.001 

Delaware  1.018 0.843, 1.228 0.855   Maryland  0.622 0.534, 0.724 <0.001 

Minnesota  1.016 0.781, 1.322 0.905   Montana  0.62 0.304, 1.266 0.19 

New York  1.004 0.895, 1.126 0.945   New Hampshire  0.618 0.479, 0.797 <0.001 

Connecticut  0.975 0.853, 1.116 0.717   Indiana  0.61 0.539, 0.689 <0.001 

New Hampshire  
0.973 0.762, 1.243 0.826   Nation, unknown 

region  
0.602 0.412, 0.879 0.009 

Mississippi  0.969 0.83, 1.132 0.694   Virginia  0.596 0.509, 0.7 <0.001 

Indiana  0.968 0.842, 1.113 0.646   New York  0.595 0.549, 0.645 <0.001 

Montana  0.955 0.518, 1.76 0.882   Minnesota  0.594 0.446, 0.79 <0.001 

Virginia  0.954 0.809, 1.126 0.58   Massachusetts  0.587 0.525, 0.655 <0.001 

Nation, unknown region  0.946 0.666, 1.344 0.758   Connecticut  0.586 0.522, 0.658 <0.001 

Massachusetts  0.937 0.821, 1.07 0.336   Alabama  0.581 0.508, 0.664 <0.001 

Louisiana  0.906 0.752, 1.091 0.299   Alaska  0.578 0.358, 0.934 0.025 

Pennsylvania  0.906 0.791, 1.036 0.15   Mississippi  0.554 0.477, 0.642 <0.001 

Rhode Island  0.896 0.745, 1.078 0.245   Pennsylvania  0.543 0.483, 0.61 <0.001 

Alaska  0.873 0.57, 1.338 0.533   Rhode Island  0.54 0.448, 0.651 <0.001 

Wisconsin  0.849 0.719, 1.001 0.052   West Virginia  0.533 0.428, 0.664 <0.001 

West Virginia  0.839 0.679, 1.038 0.106   Louisiana  0.525 0.433, 0.636 <0.001 

Washington, D.C.  0.82 0.239, 2.812 0.752   Wisconsin  0.503 0.428, 0.59 <0.001 

North Dakota  0.805 0.349, 1.858 0.612   Kentucky  0.499 0.435, 0.571 <0.001 

Kentucky  0.76 0.655, 0.882 <0.001   North Dakota  0.481 0.185, 1.251 0.133 

Nebraska  0.742 0.429, 1.284 0.287   Nebraska  0.451 0.243, 0.839 0.012 

Maine  0.532 0.401, 0.705 <0.001   Maine  0.359 0.264, 0.487 <0.001 

Wyoming  0.445 0.204, 0.969 0.042   Vermont  0.296 0.174, 0.504 <0.001 

Vermont  0.413 0.257, 0.664 <0.001   Wyoming  0.279 0.111, 0.703 0.007 

Frailty  

Frailty    <0.001 
     

<0.001 

Note.  
Variance of Random Effect: 14-Day Gap Model=0.664, 30-Day Gap Model=0.676 
Abbreviations: CI: confidence interval, HR: hazard ratio, MOUD: medication for the treatment of opioid use disorder, SUD: substance use disorder, XR-
NTX: extended-release naltrexone  
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Whole Sample, 30-Day Gap. As in the whole sample 14-day gap model, the 

frailty term had high variance (0.676, p<.001) again demonstrating high heterogeneity 

between subjects. Once this variance is accounted for XR-NTX treatment episodes were 

not significantly different than buprenorphine episodes (HR 0.912, 95% CI 0.784, 1.06, 

p=0.23). Of the variables of interest only those that pertain to treatment episodes that 

follow buprenorphine episodes were significant. Buprenorphine episode following 

buprenorphine episode were associated with longer treatment retention (HR 1.079, 95% 

CI 1.032, 1.128, p<0.001). While XR-NTX episodes after buprenorphine episodes were 

shorter (HR 0.735, 95% CI 0.579, 0.934, p=0.012). As in the 14-day gap model being 

female, having a higher DCCI, more mental health diagnoses, and more SUD diagnoses 

are associated with longer treatment episodes. See Table 13 for a complete list of 

covariates and their association with treatment retention. 

Acute Care Incidents Using Generalized Estimating Equation 

To address Aim 2 of this study and determine if patients treated with XR-NTX 

have a greater or lesser chance of experiencing an acute care incident related to opioid 

use. To include multiple acute care incidents and to utilize all available data, this study 

use a GEE with a study created a dummy variable that indicated if a person experienced 

an acute care incident as the dependent variable. A person was determined to have 

experienced an acute care incident if they were admitted to the hospital or were in an 

emergency room with a primary opioid diagnosis. Since this type of medical treatment 

can be complex and possibly last for several days, it will be reflected many times in the 

insurance claims data with many associated dates. Therefore, a person was evaluated for 

having experienced an acute care incident once per calendar month for every complete 
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month the person was in the database. Using this method, a person who was in the 

database for one year would have 12 entries, one for each month. Each of these entries 

would have been labeled one if they had an acute care incident that month, or zero if they 

did not have an acute care incident that month.  

The treatment variables were calculated as days per-month, on a monthly basis (as 

described above). Using the same example as above, a person who was in the database 

for one year has 12 entries each of which is associated with the number of days that they 

were in each of the two treatments. So, in January they may have been in XR-NTX 

treatment for 15 days, in buprenorphine treatment 5 days and no treatment for the 

remaining 10 days. Using this method, the results are interpreted as for each day in XR-

NTX treatment the odds of having an acute care incident change by this amount.  

Sample 

As described above the sample for the analysis of acute-care incidents consists 

mostly of those who were included in the survival analysis. However, in this analysis 

covariates were assumed to be time variable and like the dependent variable were 

calculated for each month the person was in the database. This allows the individual's 

odds of experiencing an acute care incident to be calculated based on the demographic, 

location, and comorbidities of the month in which the acute care incident occurs.  

Since the covariates change over time, due to improved or deteriorating health or 

change of location; Tables 6 and 7 reported the demographic variables at entry in the 

database while the comorbidity variables were calculated for the person's whole time in 

the database.  
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Generalized Estimating Equation 

There was a significant association between days in treatment with either MOUD 

and lower odds of having an acute-care incident when compared to no treatment. Every 

day a person was treated with either MOUD lowered their odds of having an acute-care 

incident that month, by approximately ten percent (buprenorphine OR 0.899, 95% CI 

0.897,0.902, p<0.001; XR-NTX OR 0.906, 95% CI 0.897, 0.918, p<0.001). Within the 

covariates, it should be noted that being older was associated with lower odds of having 

an acute-care incident (OR 0.987, 95% CI 0.982,0.992, p<0.001) while having a higher 

number of mental health, (OR 1.081, 95% CI 1.050,1.113, p<0.001) or SUD diagnoses 

(OR1.650, 95% CI 1.605, 1.697, p<0.001) were associated with higher probability of 

having an acute care incident. In contrast, being female and health comorbidities 

quantified with the DCCI were not significantly related to acute care incidents. See Table 

14 for the results of all variables. 
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Table 14 

Summary of the Generalized Estimating Equation for Predictors of Acute Care Incidents 

Variables  OR Robust SE 95% CI p 

(Intercept)  0.077 0.128 0.06, 0.099 <0.001 

Treatment Days per Month  

Buprenorphine  0.899 0.001 0.897, 0.902 <0.001 

XR-NTX  0.906 0.007 0.894, 0.918 <0.001 

Sex  

Male  Ref. 
   

Female  0.935 0.036 0.871, 1.003 0.061 

Demographic and Comorbidity Variables  

Age  0.987 0.003 0.982, 0.992 <0.001 

Deyo-Charlson Comorbidities  1.081 0.015 1.05, 1.113 <0.001 

Mental Health Diagnoses  1.65 0.014 1.605, 1.697 <0.001 

SUD Diagnoses  0.971 0.032 0.913, 1.033 0.358 

Relationship to Employee  

Self  Ref. 
   

Spouse  1.273 0.05 1.154, 1.403 <0.001 

Dependent  2.081 0.058 1.859, 2.33 <0.001 

Employee Status  

Full Time  Ref. 
   

Part Time  1.098 0.061 0.974, 1.238 0.125 

Retired  1.892 0.077 1.629, 2.199 <0.001 

COBRA  1.083 0.105 0.882, 1.33 0.445 

Other Status  1.656 0.107 1.344, 2.041 <0.001 

Employee Class  

Salary  Ref. 
   

Hourly  0.945 0.048 0.86, 1.038 0.234 

Other Class  1.11 0.044 1.018, 1.21 0.018 

States  

California  Ref. 
   

Washington, D.C.  6.784 0.705 1.704, 27.003 0.007 

Illinois  2.576 0.109 2.082, 3.189 <0.001 

Montana  2.441 0.684 0.639, 9.319 0.192 

New Hampshire  1.978 0.197 1.344, 2.909 0.001 

Ohio  1.776 0.094 1.478, 2.134 <0.001 

Wisconsin  1.76 0.138 1.343, 2.306 <0.001 

Minnesota  1.757 0.238 1.101, 2.804 0.018 

Wyoming  1.744 0.602 0.536, 5.678 0.356 

Indiana  1.602 0.114 1.28, 2.004 <0.001 

Washington  1.544 0.096 1.28, 1.864 <0.001 

Idaho  1.527 0.29 0.865, 2.695 0.145 

South Carolina  1.429 0.185 0.994, 2.055 0.054 

Michigan  1.364 0.089 1.146, 1.623 <0.001 

Louisiana  1.332 0.192 0.914, 1.94 0.135 

Oklahoma  1.273 0.221 0.826, 1.962 0.275 

Texas  1.248 0.1 1.026, 1.517 0.026 

Colorado  1.189 0.169 0.853, 1.657 0.307 

Maine  1.163 0.258 0.701, 1.928 0.559 

Massachusetts  1.15 0.107 0.932, 1.418 0.192 
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Table 14 Continued  

Variables OR Robust SE 95% CI p 

Missouri  1.14 0.135 0.875, 1.487 0.332 

Arkansas  1.128 0.345 0.574, 2.216 0.727 

Florida  1.071 0.099 0.883, 1.3 0.485 

Virginia  1.061 0.158 0.778, 1.447 0.708 

Oregon  1.044 0.136 0.8, 1.363 0.75 

Kansas  1.032 0.304 0.569, 1.872 0.918 

Delaware  1.025 0.196 0.697, 1.505 0.901 

Vermont  1.024 0.512 0.375, 2.795 0.963 

Pennsylvania  0.998 0.117 0.793, 1.256 0.984 

Kentucky  0.993 0.142 0.752, 1.311 0.96 

Rhode Island  0.991 0.242 0.617, 1.594 0.972 

New Jersey  0.987 0.113 0.791, 1.231 0.906 

New York  0.974 0.083 0.827, 1.146 0.748 

Arizona  0.954 0.139 0.727, 1.253 0.736 

Tennessee  0.937 0.114 0.75, 1.172 0.57 

Georgia  0.825 0.102 0.675, 1.008 0.06 

Utah  0.821 0.143 0.621, 1.086 0.168 

Maryland  0.82 0.158 0.602, 1.116 0.207 

West Virginia  0.788 0.217 0.515, 1.206 0.272 

Connecticut  0.764 0.133 0.589, 0.99 0.042 

Mississippi  0.758 0.191 0.521, 1.102 0.147 

Alaska  0.694 0.464 0.28, 1.723 0.432 

Nevada  0.693 0.249 0.425, 1.13 0.142 

North Carolina  0.658 0.127 0.514, 0.844 0.001 

Iowa  0.637 0.406 0.287, 1.411 0.266 

Alabama  0.566 0.208 0.377, 0.851 0.006 

New Mexico  0.499 0.396 0.23, 1.085 0.079 

North Dakota  0.457 0.925 0.075, 2.796 0.396 

Nation, unknown region  0.336 0.502 0.126, 0.9 0.03 

Nebraska  0.143 0.815 0.029, 0.707 0.017 

Hawaii  0 1.124 0, 0 <0.001 

South Dakota  0 955916.261 0, 0 <0.001 

Abbreviations:  
CI: confidence interval, OR: odds ratio, SE: standard error,   XR-NTX: extended release naltrexone  

 

Healthcare Costs Using Fixed Effects Model 

To evaluate the effect of treatment on healthcare costs, this study utilized a fixed 

effects regression model which compare the person's cost while in treatment to the same 

person's cost when not in treatment. As in the acute care analysis each person was 

evaluated every month that they were in the database. If they were in treatment for even 

one day, then that month was labeled an in-treatment month for which ever MOUD that 
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the person was being treated with (the same month could not be labeled as both XR-NTX 

and buprenorphine as described in Chapter 4).   

Healthcare costs were quantified by using the natural log of the gross payments 

that insurance companies made to providers this was done to contend with the fact that 

healthcare costs increase logarithmically with routine pharmacy and doctors' visits 

costing much less than acute or inpatient care. Therefore, the results can be interpreted as 

a change in the percentage of costs from when in treatment to when not treatment.   

Sample 

As in the acute-care analysis, the demographic and comorbidity variables were 

considered to be time variable and were therefore calculated and included in the fixed 

effects models on a monthly basis. Though the summary in Tables 6 and 7 represents the 

demographic information at the time of entry into the database and the comorbidity 

variables are for the person's lifetime in the database. 

Healthcare Costs  

When all costs that were related to OUD including those with diagnostic codes 

related to opioid use, overdose, HPC, HIV, soft-tissue injury, and endocarditis were 

included, and measured in log dollars; all predictors were significantly related to changes 

in healthcare costs (p<0.001). Both MOUDs were associated with slight increases in 

costs (see Table 15), though the increase in cost associated with that month being in XR-

NTX treatment (0.876, 95% CI 0.733, 1.02, p<0.001) was less than months in 

buprenorphine treatment (1.375, 95% CI 1.36, 1.39, p<0.001).  

As was expected those with more SUD diagnoses were related to higher costs 

(0.904, 95% CI 0.894, 0.913, p<0.001). In contrast, being in treatment for more than one 
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month was associated with a reduction in healthcare costs (XR-NTX -0.186, 95% CI -

0.228, -0.124, p<0.001; buprenorphine -0.011, 95% CI -0.012, -0.009, p<0.001) as were 

additional months of age (-0.022, 95% CI -0.023, -0.022, p<0.001), having more mental 

health diagnoses, (-0.134, 95% CI -0.144, -0.124) and higher DCCI comorbidities (-

0.066, 95% CI -0.085, -0.048). This pattern was repeated when using only costs 

associated with opioid use as the dependent variable, see Table 15.  

Table 15 

Summary of Fixed Effects Models for Predictors of Healthcare Costs (in Log Dollars) 

 
All Opioid Cost 

 
Opiate Use Costs 

 
Non-opioid Costs 

Variables B SE 95% CI p 
   

B SE 95% CI p 
   

B SE 95% CI p 

MOUD  

XR-NTX Treatment  0.876 0.073 0.733, 1.019 <0.001 
   

0.918 0.071 0.78, 1.056 <0.001 
   

1.489 0.045 1.402, 1.576 <0.001 

Buprenorphine Treatment  1.375 0.008 1.359, 1.391 <0.001 
   

1.425 0.008 1.41, 1.44 <0.001 
   

0.841 0.005 0.832, 0.851 <0.001 

Consecutive Months in MOUD Treatment  

Buprenorphine  -0.011 0.001 -0.012, -0.009 <0.001 
   

-0.010 0.001 -0.012, -0.009 <0.001 
   

0.001 0.001 0, 0.002 0.063 

XR-NTX  -0.186 0.021 -0.228, -0.144 <0.001 
   

-0.192 0.021 -0.232, -0.151 <0.001 
   

-0.045 0.013 -0.071, -0.019 0.001 

Demographic and Comorbidity Variables  

Mental Health Diagnoses  -0.134 0.005 -0.144, -0.124 <0.001 
   

-0.148 0.005 -0.158, -0.139 <0.001 
   

0.117 0.003 0.11, 0.123 <0.001 

SUD Diagnoses  0.904 0.005 0.894, 0.913 <0.001 
   

0.894 0.005 0.885, 0.904 <0.001 
   

0.309 0.003 0.303, 0.315 <0.001 

Deyo-Charlson Comorbidities  -0.066 0.009 -0.084, -0.048 <0.001 
   

-0.115 0.009 -0.132, -0.097 <0.001 
   

0.070 0.006 0.059, 0.081 <0.001 

Age in Months  -0.022 0.000 -0.023, -0.021 <0.001 
   

-0.021 0.000 -0.022, -0.021 <0.001 
   

-0.017 0.000 -0.017, -0.016 <0.001 

Notes.  
All Opioid Cost model includes diagnostic codes related to opiate use, overdose, HPC, HIV, soft-tissue injury, and endocarditis. Opiate Use Costs model included only codes 
associated directly with opiate use. 
Abbreviations: CI: confidence interval, MOUD: medication for the treatment of opioid use disorder, SE: standard error, SUD: substance use disorder, XR-NTX: extended-release 
naltrexone  

 

When non-opioid costs were used as the dependent variable, months in XR-NTX 

treatment was associated with an increase in costs (1.49, 95% CI 1.40,1.58, p<0.001), 

that was larger than the increase associated with months in buprenorphine treatment 

(0.841, 95% CI 0.832, 0.851, p<0.001). Comorbidities were significantly associated 

(p<0.001) with small increases (<0.35%) in non-opioid expenses while age and months in 

a row in XR-NTX treatment were significantly associated with a small reduction in costs 

(<0.05%).
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Chapter 6: Discussion 

Summary of Results and Synthesis with Current Literature  

As the use of opioids increased from the 1990s so did the number of opioid 

overdoses (National Institute on Drug Abuse, 2020) and economic burden of caring for 

those with OUD (Florence et al., 2016). Although the majority of the cost of treating 

people with OUD in the US is borne by the Medicaid system, over the past three decades 

private insurance has seen a sharp increase in expenditures for those with OUD (FAIR 

Health, 2016a, 2016b). 

MOUDs have been the 'gold standard' treatment for OUD for decades (Raz, 

2017). The primary form of MOUD is by using opioids that were designed to be long 

lasting and non-intoxicating, namely methadone and buprenorphine (O'Connor et al., 

2020) as substitutes for illegal and unsafe opioids such as heroin and fentanyl. Providing 

people who use opioids with these legal opioid agonists allows those in treatment to 

avoid suffering withdrawal, engaging in anti-social, illegal, or dangerous behaviors to 

acquire illicit substances (Selby et al., 2011). A secondary form of MOUD treatment is 

with opioid antagonists which block the effect opioids. Extended-release naltrexone (XR-

NTX), a once monthly injection of an opioid antagonist has become a popular medication 

for people who are interested in avoiding opioids completely (Jarvis, Holtyn, 

Subramaniam, et al., 2018).  

This study evaluated the effectiveness of XR-NTX and buprenorphine in three 

areas: treatment retention, the likelihood of having an acute-care incident, and healthcare 

costs, using a large sample of privately insured people. The results of these studies 

demonstrate that once demographic and comorbidity variables were considered both 
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MOUDs had similar associations with changes in treatment retention, risk of acute-care 

incidents and change in health care costs. While in some models of the survival analysis 

there was a statistically significant (p<0.05) difference between the two medications, this 

may be due to the large sample sizes, rather than substantial differences in effectiveness.  

Survival 

The results of simple Kaplan-Meier survival analysis of those in XR-NTX 

treatment was slightly longer than the median of three months that was found in the meta-

analysis conducted in Chapter 3. showing that these data are consistent with other non-

RCT studies. Just as in this study, where the buprenorphine median length of treatment 

varied from 74-186 days, other systematic reviews (Hochheimer et al., 2020; Timko et 

al., 2016) found that buprenorphine retention varies widely and that retention rates 

depend on the length of the study. 

The results of the Cox proportional hazard models produced consistent results, in 

that the 14-day gap models showed buprenorphine treatment associated with longer 

treatment retention, while XR-NTX was associated with longer retention in the 30-day 

gap models. This may be due to the availability of illicit buprenorphine that can be 

purchased to alleviate cravings between prescriptions. If a person misses an appointment 

to refill a prescription of buprenorphine, they may continue to use illicit buprenorphine 

for a time before returning to a provider to continue their treatment; a longer gap may 

indicate a return to disordered opioid use. XR-NTX is not available illicitly and missing 

an appointment for two weeks may be associated with opioid use which renders the 

person ineligible for continuing with XR-NTX. When assuming a 30-day gap, the 

percentage of people who drop out of XR-NTX will remain the same as when defining 
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drop out as 14-days but the percentage of those using buprenorphine may increase – 

thereby explaining the different finding between the two models.  

Another possible explanation is that there is no measurable difference between the 

two medications in treatment retention. In only one of the two 14-day gap models was a 

statistically significant advantage found in favor of buprenorphine (the one which used 

the whole sample) and only one of the two 30-day gap models found a statistically 

significant advantage of XR-NTX (the matched sample analysis). This despite using large 

samples (either n= 1,234 or, n=29,835) which increase power and decrease p-values. 

Under these conditions a true difference in the population should be consistently 

significant (p<0.05). 

Though this analysis was unable to identify a superior treatment medication for 

OUD, there are two findings of interest. First, the variance of the frailty term is relatively 

large in the whole sample models (14-day gap 0.664, 30-day gap 0.676). The frailty term 

in this analysis represents the variance in survival due to omitted variables which are 

shared by all individuals in the sample (Balan, 2018). This means that much of the 

difference in treatment retention are specific to the individual rather than on the included 

covariates. 

Since the study controlled for demographic and comorbidity variables that have 

been historically used in the field implies that between person variance in treatment 

retention is due to other factors that have not yet been identified. This in turn may help 

explain why a systematic review that included 55 studies (Timko et al., 2016) found that 

treatment retention ranged between 3% and 90.7%. 
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Second, the comorbidity variables, especially the SUD comorbidities were 

significant and were surprisingly associated with increased treatment retention. This is 

different than some previous studies which found that comorbid SUD and mental health 

comorbidities were associated with shorter treatment retention (Herbeck et al.; 

Rosenheck et al., 2018; Samples et al., 2018; Weinstein et al., 2017). However, other 

studies found that mental health and SUD comorbidities were not significantly related to 

OUD treatment retention (Hooker et al., 2020; Rosic et al., 2017).  

Similarly, in one recent review, some of the included studies reported that 

depression was associated with fewer positive outcomes. However, others found the 

opposite, that depression was associated with longer treatment retention and more 

positive outcomes. In the researchers own words "overall, the evidence did not 

demonstrate a consistent pattern of outcomes of depression on methadone or 

buprenorphine treatment among people with OUD" (Ghabrash et al., 2020, p. 202). While 

depression is a single mental health disorder, the results of this review are consistent with 

previous research of all comorbidities.  

Higher comorbidities being associated with longer treatment retention found in 

this study is in line with some previous research (Maremmani et al., 2000), though it 

conflicts with other studies (Rosic et al., 2017). Maremmani et al. do not speculate as to 

why comorbidities may be associated with longer treatment retention. However, the 

findings of the present study may be attributed to its unique sample. This dataset contains 

people who are privately insured indicating that they, their spouse, or parent are 

employed and therefore may have social-emotional resources to call upon to aid in their 

treatment. It is possible that those with more complicated illnesses are given more 
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support from their network than those who are less demonstrably ill. If that is true, then 

previous research has demonstrated that people who received more social support are 

more likely to be retained in treatment (Kelly et al., 2010).  

Acute Care 

In this study, the odds of acute-care utilization per-month were lowered by about 

10% for each day that a person was in either buprenorphine or XR-NTX treatment. While 

it was difficult to find comparable studies, Wakeman et al. (2020) found no statistically 

significant difference between XR-NTX treatment and no treatment with regard to having 

an acute care incident but found buprenorphine or methadone treatment did reduce the 

odds of having an acute-care incident.  However, Baser et al. (2011) reported that XR-

NTX had lower rates of rehospitalization and emergency room use than those in 

buprenorphine or methadone treatment. The results of other studies are similarly 

equivocal (Lee et al., 2016; Soares et al., 2018). 

Mental health and SUD comorbidities were significantly related to higher odds of 

having an acute-care incident, furthering the understanding that comorbidities indicate a 

more complicated and possibly more severe form of OUD that has been described in 

previous research (Agrawal et al., 2007; DeLisi et al., 2015; John et al., 2019; McCabe & 

West, 2017).  

Healthcare Costs  

Similar to this study, Baser et al. (2011) found that those in XR-NTX had lower 

healthcare costs than those treated with buprenorphine. However, unlike this study they 

found that non-opioid costs were also reduced for those treated with XR-NTX. There are 

two important differences between this study and that conducted by Baser et al.: First, the 
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Baser et al. study utilized data from 2005-2009 which was prior to the FDA authorization 

for XR-NTX use as a treatment for OUD. This indicates that those who received XR-

NTX treatment were receiving it off-label and may indicate a qualitative difference 

between the sample in that study and those in this study who received XR-NTX after 

FDA approval.  

Beyond the Baser et al. study there is a paucity of studies that use healthcare costs 

as outcomes of interest to compare with the results of this study. Of the few significant 

studies in this area both Park et al. (2020) and Perry et al. (2019) used the MarketScan® 

databases to examine the relationship between healthcare costs and MOUD and are the 

most relevant. Their findings included that those treated with naltrexone (either oral or 

injected) along with those treated with buprenorphine had higher healthcare costs when 

compared no treatment. They also found that those treated with naltrexone had the 

highest overall healthcare utilization cost of all MOUDs. However, these studies were 

intended to inform insurance companies that their rates must account for these 

correlations rather than exploring the effectiveness of treatment modalities and therefore 

did not include covariates. 

As with the acute-care analysis the SUD comorbidity variable was consistently 

found to be related to increased healthcare costs indicating complexity or severity of 

OUD, though the increases were less than 1%.  

Theories 

This study was undertaken in light of two theories of addiction formation and 

treatment, the Incentive-Sensitization theory described by Berridge and Robinson 

(Berridge & Robinson, 1995, 2011; Robinson & Berridge, 2003, 2008) and those that see 
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addiction as a learned behavior (Cuzen & Stein, 2014; Everitt & Robbins, 2005; Lewis, 

2018). Learning theories posit that just as opioid use could be learned, it can be 

unlearned, and eventually become extinct. Use of XR-NTX would deprive the person 

who uses opioids of the pleasure that they provide and would aid in treatment by 

disassociating triggering stimuli from opioid use (Kaplan et al., 2011).   

Unlike this study, which did not include opioid use as variable of interest, 

previous research (Sullivan et al., 2013) which bolstered the perspective that OUD is a 

learned behavior found that those who used opioids while being treated with XR-NTX 

were more likely to be retained in treatment than those who did not test the blockade. 

Using opioids and not feeling the pleasure of their use due to the blockade leads to 

learning that opioid use is not rewarding and more quickly leads to extinction. This was 

backed up in a qualitative study (Velasquez et al., 2019) which reported that part of the 

effectiveness of XR-NTX treatment was a result of testing the blockade and finding the 

attempt unfulfilling. Even without the inclusion of opioid use as a variable, those who 

were treated with XR-NTX according to learning theories would have been expected to 

be retained in treatment longer than those treated with buprenorphine. 

While the results of this study do not clearly support or undermine the perspective 

of addiction being an outgrowth of learning, they are consistent with the Incentive-

Sensitization theory of addiction. This theory posits that mesolimbic dopamine system 

which controls the feeling of wanting is physically transformed by opioid use. It is this 

transformation which gives the person with an addictive disorder the feeling that despite 

not liking the experience of use, they are compelled to continue to use. This theory posits 

that since this change, called 'sensitization', is physical it is persistent and may take years 



 

121 
 

to reverse. The implication of this theory is that treatments using any of the available 

MOUDs will not be successful in the long term with a large majority of people with OUD 

because craving and desires for opioids will continue until the physical process of 

sensitization is reversed. 

Strengths and Limitations 

The systematic literature review and meta-analysis reported in Chapter 3., 

identified several gaps in current knowledge of MOUD treatment, which this study 

remedied. Primarily, most of the current research was the result of RCTs which have high 

levels of internal validity but lack external validity, either by providing more supports for 

the participants than exist in the 'real world', or by excluding difficult participants 

(Blanco et al., 2017; Blanco et al., 2008; Franco et al., 2016; Hoertel et al., 2012; Hoertel 

et al., 2015; Hoertel et al., 2021). This study used a large sample in a natural setting to 

see if the results of RCTs could be generalized to the population of treatments-seeking 

individuals in the US while using methods that allow for retention of internal validity. 

Previously, there had been few comparison studies of buprenorphine and XR-

NTX that used a large sample to assess the effectiveness of each treatment. Yet this 

study, was able to construct a sample of 617 people treated with XR-NTX and almost 

30,000 who were treated with buprenorphine and compared their results on three 

outcome measures, including a head-to-head comparison of treatment retention. The size 

and nature of the sample which included people in all 50 of the United States and method 

by which data was obtained, (i.e., from insurance claims for services) allows for results 

that are not dependent on local differences in regulations, infrastructure, or culture 

regarding the prescription of either MOUD.  
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The methods used in this study were designed to retain internal validity and allow 

for cause-and-effect comparisons. First, by using a matched sample this study was able to 

eliminate potentially confounding variables relating to demographic and socio-economic 

position, as well as SUD, mental health, and physical health comorbidities. While using a 

matched sample improved internal validity it reduced power and limited generalizability 

by using a sample that was somewhat different from the whole. To correct for this 

limitation another model using the whole sample was used as a comparison.  

Second, by using a fixed effects model to examine healthcare cost each individual 

acted as a control for him or herself, again removing the effect of omitted or confounding 

variables and isolating the effect of treatment alone. 

The strengths of this study are mitigated by some limitations. The sample used is 

only of those people who are enrolled in a private insurance, thus excluding Medicaid 

and Medicare. Since SUD is associated with unemployment and poverty Medicaid is the 

primary payer of healthcare costs that relate to SUD (Leslie et al., 2019). Excluding 

information pertaining to people for whom healthcare is paid by Medicaid limits 

generalizability of this study. Similarly, the exclusion of Medicare, which is the insurer of 

most people over the age of 65 and those who are disabled limited this sample. Because 

of these two limitations this study can only be generalized to people in the US who have 

private insurance.  

Along similar lines, the dataset does not contain traditional socioeconomic and 

demographic variables, such as race, ethnicity, education, and income which makes 

comparisons to previous studies more difficult. The dataset is also missing some 

variables such as sexual orientation, gender identity, or religious affiliation which are 
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important in understanding the socio-cultural milieu in which a person lives that may 

contribute to the success of a particular OUD treatment. 

Since OUD is primarily a mental health disorder and psychosocial or behavioral 

treatment (i.e., talk therapy) is a recommended treatment it would have been best to 

include a control variable to account for differences in treatment attendance. The dataset 

used did not record information regarding these types of treatment in a consistent manner 

and therefore psychosocial treatment could not be including in the final model. It is 

expected that the large subjects treated with either MOUD would not contain a systematic 

bias regarding psychosocial treatment.  

This study has decided to use treatment retention as proxy for positive outcomes 

and because it is ubiquitous in substance use research (Amiri et al., 2018; Bart, 2012); 

however, the MarketScan® dataset does not directly measure treatment retention. Instead, 

this study uses filled prescriptions for MOUDs to infer treatment retention by using 

different algorithms to determine treatment retention which led to different results. Also, 

while filled prescription for XR-NTX is synonymous with being injected, there is no 

reason to believe that all filled prescriptions for buprenorphine also imply that the 

medication was used as directed. Finally, in addition to the possibility of diversion, 

people who use buprenorphine as a MOUD have the daily decision to take the medication 

or use opioids and there is no record of their opioid use during treatment.  

Implications for Social Work Practice and Research  

OUD is a chronic condition and while MOUDs are the gold standard approach for 

treatment (O'Connor et al., 2020) neither buprenorphine nor XR-NTX are a cure. This 

study has demonstrated that both MOUDs show similar treatment retention, reduction in 
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acute-care incidents, and effect healthcare costs. Most of the variability in outcomes was 

similarly not explained by the included demographic, comorbidity, or treatment 

covariates. Instead, differences in individuals that are not captured by traditional 

variables influence the outcome of treatment more than is currently believed. The 

primary implication of this study for both future research and social work practice is the 

need to explore new variables and look for differences between individuals in new ways. 

Future social work research into OUD must be geared to isolating sub-groups of 

people who either respond or do not respond to treatment and looking for hard to quantify 

or hard to detect similarities. Researchers since the 1970s have looked for differences in 

outcomes of OUD treatment based on race/ethnicity and gender [summarized in a review 

by Hochheimer and Unick (2022)] as proxies for socio-cultural roles and possible support 

structures with little success. Going forward researchers will need to use methods that are 

exploratory in nature. Some may use a qualitative grounded-theory approach to check 

with treatment seekers why they favor one treatment over another.  

Another approach is to use mixture modeling or machine learning techniques to 

isolate which characteristics are common among people who succeed in treatment and 

conversely which are common among people who fail. One such technique is Chi-square 

automatic interaction detection which follows a decision tree style analysis that can be 

used with categorical demographic variables to isolate the combinations which have the 

highest likelihood of success in treatment. 

Until research can isolate the characteristics of people who succeed in treatment 

and match individuals to the MOUD that gives them the best chance of success, social 

workers who treat people with OUD should rely on their code of ethics that prioritize 
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personal autonomy in treatment decisions. By relying on people to make their own 

decisions and provide them with the knowledge that both XR-NTX or buprenorphine are 

effective treatments, they will be able to choose the MOUD that best fits into their 

lifestyle. In addition to possibly choosing the MOUD that gives them the best chance of 

success, the responsibility of making the choice of treatment will lead to increased 

commitment that in turn will boost the probability of success. 

The paucity of studies into the direct and indirect cost analysis leaves open a field 

of research that is important to society and upon which policies will need to be created. 

While these areas have traditionally been the domain of economists, social workers often 

better understand the values and conditions of people in society and can add insight into 

their decision-making processes. 

Finally, this study used a large database that included hundreds of thousands of 

people and recorded every interaction that they had with the healthcare system, yet there 

are significant gaps in the data collected. Traditional demographic data are omitted as are 

non-traditional but informative demographic variables (e.g., sexual orientation) that could 

easily be collected and would help complete the picture of those people in treatment. 

Similarly, the recording of psychosocial therapy is incomplete and data from Medicaid 

and Medicare (at least in the state of Maryland) is inaccessible to researchers. It is the 

role of social workers to advocate for these data to be collected and disseminated while 

maintaining their confidentiality and protecting the rights of people who seek treatment 

for SUDs. 

Since this study found that both buprenorphine and XR-NTX are effective 

treatments for OUD, social workers who advocate for people with OUD should redouble 
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their efforts to increase the availability of all MOUDs to all people. In the US, there have 

been many studies which found that minority communities lack access to MOUD in 

general and buprenorphine treatment in particular (Hadland et al., 2018; Hansen et al., 

2013; Manhapra et al., 2016). At the same time there is some evidence that availability of 

the MOUD desired by the patient is an important consideration in the decision to enter 

treatment. Social workers are both addiction therapists and political activists which 

means that they must ensure that all people, especial those in communities that have been 

traditionally underserved by the majority culture have access to their treatment of choice. 

 



 

127 
 

Appendix A – Search Terms Used in the Systematic Review 

PubMed 

((("vivitrol"[Supplementary Concept] OR "vivitrol"[All Fields])) OR 
("naltrexone"[MeSH Terms] OR "naltrexone"[All Fields])) AND 
((readmission[tiab] OR remission[tiab] OR "patient dropouts"[MeSH Terms] OR 
patient dropout[tiab] OR patient drop-out[tiab] OR "treatment outcome"[MeSH 
Terms] OR treatment outcomes[tiab] OR "retention (psychology)"[MeSH Terms] 
OR retention[tiab] OR clinical effectiveness[tiab] OR treatment 
effectiveness[tiab] OR clinical efficacy[tiab] OR treatment efficacy[tiab] OR 
"treatment failure"[MeSH Terms] OR treatment failure[tiab])) 

 

EBSCO Databases, PsychINFO and CINHAL 

( naltrexone or vivitrol ) AND ( readmission[tiab] OR remission[tiab] OR "patient 
dropouts" OR  patient dropout[tiab] OR patient drop-out[tiab] OR "treatment 
outcome" OR treatment outcomes[tiab] OR "retention (psychology)" OR 
retention[tiab] OR clinical effectiveness[tiab] OR treatment effectiveness[tiab] 
OR clinical efficacy[tiab] OR treatment efficacy[tiab] OR "treatment failure" OR 
treatment failure[tiab] ) 

Embasse 

('naltrexone'/exp OR naltrexone OR vivitrol) AND ('hospital readmission'/exp OR 
readmission  OR 'remission'/exp OR remission OR 'patient dropout'/exp OR 
"patient dropouts" OR patient drop-out OR "treatment outcome"  OR 'treatment 
outcome'/exp  OR 'treatment retention'/exp OR "treatment retention" OR retention 
OR  'clinical effectiveness'/exp OR 'comparative effectiveness'/exp OR 'drug 
efficacy'/exp OR effectiveness OR efficacy OR "treatment failure" OR 'treatment 
failure'/exp) 
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Appendix B – Individual Data Extraction Tables for Studies Included in the 

Systematic Review. 

First author and publication 
date 

Agibalova 2017 

Study design Retrospective cohort 
Rational XR-NTX had been demonstrated in previous study to successfully treat 

OUD.  It was then used in the "Point of Soberness" treatment – this study 
is an evaluation of XR-NTX in this treatment program. 

Aim  
Sampling procedure 83 people from the "Point of Soberness" treatment (56 male and 27 

female) 
Comparison samples None 
Dependent variables  Treatment retention measured by number of injections, illicit drug use, 

and visual analogue scale (of cravings) 
Independent variables XR-NTX but no comparison group  
Named covariates Age, gender, length of use, alcohol use, HPV, HIV infection, subjective 

measures of recovery (building relationships, finding employment) 
Data analysis Univariate reporting of month-by-month treatment retention, change in 

cravings, Pearson correlation between "maintained sobriety" and other 
variables  

Results  Of the 83 who started treatment 36 received 6 or more injections, average 
craving scale was reduced for all participants but more dramatically for 
those who completed at least 6 injections.  The majority of participants 
also reported better family relationships and having found employment.  
Length of opioid use, being male and having previously been in treatment 
were correlated with lower maintenance of sobriety as was higher craving 
scores. 

Clinical importance The "point of soberness' treatment program was found to be effective in 
retaining patients and in aiding recovery (to the extent reported) 

Limitations acknowledged 
by authors 

None discussed  
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First author and 
publication date 

Baser 2011 

Study design Retrospective claims database analysis  
Rational Opioid use is problematic there are four approved MAT medications.  XR-

NTX was recently developed as was the administration of agonist 
treatment in conventional medical settings.  This study wishes to evaluate 
the cost and effectiveness of each.  

Aim “the present study was designed to examine a comprehensive range of 
real-world healthcare costs and utilization with available treatments, 
including treatment with no medication, treatment with any of the 
currently approved medications, and among the currently approved 
medications, treatment with each of the four agents.” P.S235,236 

Sampling procedure US health plan and PharMetrics Integrated Database for years 2005-2008 
(XR-NTX was approved by the FDA October 13, 2010 for opioid use 
disorder)  
Included those continuously enrolled in a commercial health plan 6 month 
prior and 6 months post the index date (no med group the first claim for 
nonpharmacologic treatment; med group first filled Rx)  

Comparison samples XR-NTX n=156; oral NTX n=845; Buprenorphine n=7,596; methadone 
n=1,916 
Using propensity score matching 6,658 med group and non-med group 

Dependent variables  Health care costs broken down into categories using actual matched 
claims for healthcare used. 
Compliance with therapy defined as 80% or greater days for which the 
patient had a filled prescription.  
Persistence as the index date until discontinuation. 

Independent variables  Medication vs no medication 
XR-NTX, oral NTX, buprenorphine, methadone 

Named covariates Age, sex , geographic location (zip code)  
socio-economic status defined as a combination of zip code, income, 
education, occupation 
comorbid conditions – Elixhauser, and Charlson 

Data analysis Bivariate, cost analysis after propensity score matching and Instrumental 
Variable to control for observed and unobserved bias 

Results  Health care cost for the non-medication group was higher than the 
medication group 
XR-NTX not significantly better persistence than other meds 
Buprenorphine significantly better in compliance than XR-NTX 
XR-NTX was significantly lower in total health care costs as well as some 
categories but higher in pharmacy costs  

Clinical importance Overall health care costs were 29% less with meds – suggesting that MAT 
was effective and cost saving 
XR-NTX was less costly for inpatient detox, opioid-admissions and non-
opioid admissions;  

Limitations acknowledged 
by authors 

Absence of randomized control 
Regional differences in access to different medications 
Since XR-NTX was off label differences in prescribers 
Group sizes (XR-NTX was small)  
Excluded patients who transitioned from one med to another 
Unknow is methadone was for OUD or pain 
Unknown if NTX was monitored or observed 
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First author and publication 
date 

Cousins 2016 

Study design Retrospective cohort  
Rational XR-NTX is used for OUD but little is known about the influence of 

baseline characteristics on XR-NTX effectiveness  
Aim “The present study describes a real-world project that examined the 

outcomes of providing XR-NTX to a large and diverse group of 
community providers for use with their patients.  The study addressed the 
following research questions 1) what patient characteristics are associated 
with XR-NTX adherence among individuals with opioid use disorders? 2) 
Do heroin and non-heroin opioid users differ in XR-NTX adherence?” p. 
67 

Sampling procedure 171 opioid using individuals  
see cousins 2015 for details with 60 participating in the urge to use  

Comparison samples Heroin vs non-heroin  
Dependent variables  Receiving 2 doses of XR-NTX 

 
Independent variables Urge to use – Penn Alcohol Craving Scale revised for opioids (α=.93) 

Heroin vs non-heroin 
Treatment retention  

Named covariates Gender, race/ethnicity, education, age, employment, homelessness, 
probation/parole, age of first opioid use, days used past month, days used 
alcohol, years used opioids, days injected drugs, used needles in last 12 
months, HPC, diagnosed with mental illness, times admitted to ER past 
year, tested for HIV  

Data analysis Logistic regression with dv did receive 2 injections 
Results  Older age, HIV tested, were significantly associated with receiving a 

second injection  
Using needles, non-heroin user who injected drugs, diagnosed with mental 
illness, and more times in the ER were associated with not receiving a 
second injection  
Retention rate mean number of doses =2.4 (SD1.5) 
1=70; 2=33; 3=25; 4=28; 5=7; 6=5; 7or more=3 
No significant difference between heroin and non-heroin users  
Urge to use scores significantly declined each measurement  

Clinical importance “This study refines the field’s understanding of who may adhere to more 
than one dose of XR-NTX in conjunction with SUD treatment.” P.69 

Limitations acknowledged 
by authors 

Small sample may mean that the study was underpowered; it is unclear 
why people stopped taking the injections; PACS was designed for alcohol 
and modified; no standardized psychosocial treatment; no detailed history 
of non-heroin opioid use just “in past month” and “in past 12 months” 
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First author and 
publication date 

Earley 2017 

Study design Prospective single arm multisite open-label evaluation – cohort  
Rational Healthcare professionals (HCP) with OUD face difficulties with agonist 

treatment therefore XR-NTX should be examined as an alternative to 
prevent relapse. 

Aim “The primary objective of the present study was to evaluate the tolerability 
and long-term safety of XR-NTX for prevention of relapse among opioid-
dependent HCPs who were enrolled in standard intensive outpatient care. 
Secondary aims were to evaluate the duration of treatment adherence, rates 
of confirmed opioid abstinence, changes in craving for opioids, and 
quality of life over the course of 24 months.” P.225 

Sampling procedure HCP may or may not have been mandated into treatment to maintain their 
license  
HCPs engaged in outpatient treatment who have detoxed from opioids and 
who do not have significant medical or psychiatric comorbid conditions or 
diagnosis of “dependence” for drugs other than opioids heroin 
benzodiazepines caffeine, marijuana, alcohol, or nicotine  
N=38 

Comparison samples Treatment completers vs. non-completers  
Dependent variables  Treatment retention, urine, quality of life short form, opioid craving 

questionnaire, treatment satisfaction questionnaire for medication (TSQM)  
Independent variables Time in treatment  
Named covariates Gender, age, race/ethnicity, employment/licensure status, duration of 

opioid use 
Data analysis Descriptive bivariate, Kaplan-Meier survival analysis 
Results  Of 38 enrolled 14 received all 24 monthly injections  

28 received 6  or more 
21 received 12 or mor  
33 received more than 1 injection 
Median time to discontinuation 404.0 days  
Median time to discontinuation of those who discontinued 183.0 days  
Of the 519 urine screens conducted only 4 participants tested positive, 3 
only once each 
Cravings reduced in the first 6 months then remained low  
Quality of life health was good and stayed good 
Quality of life psychological improved  
TSQM improved over time  

Clinical importance XR-NTX is safe, tolerated and effective in this population and can be used 
as an aid to maintain abstinence 

Limitations acknowledged 
by authors 

Open-label uncontrolled small sample, mostly white women 

 

  



 

132 
 

First author and publication 
date 

Fishman 2010 

Study design Retrospective open-label case-series  
Rational MAT agonist treatment may not be appropriate for adolescents or while 

appropriate may face stigma and resistance to adoption therefore XR-
NTX should be investigated as a potential MAT method for this 
population  

Aim “to assess acceptability, feasibility, preliminary outcomes and to report 
initial clinical impressions associated with XR-NTX treatment in a 
specialty opioid dependence track within an adolescent and young adult 
drug treatment program” p.1670 

Sampling procedure This study was associated with a residential treatment center.  At the 
completion of residential treatment all patients were asked to engage in 
follow up treatment and given several options including XR-NTX.  Those 
who choose XR-NTX were then tapered off opioids and given their first 
injection prior to discharge from residential care.  The sample is the first 
16 cases who started XR-NTX from Jan 2007 till March 2008 and who 
attended at least 1 outpatient treatment session after receiving XR-NTX 
 
19 received the first initiation dose but 3 did not return for any outpatient 
treatment sessions  

Comparison samples None 
Dependent variables  Treatment Retention  
Independent variables Time 
Named covariates None 
Data analysis None 
Results  Treatment Retention: doses of XR-NTX (all received 1 dose as initiation) 

during the follow up 4 months of the study (max 5) 1=4; 2=2; 3=6; 4=3; 
5=1; 

Clinical importance XR-NTX may be useful in treating OUD in adolescents since it was well 
tolerated during the 4 months of this trial  

Limitations acknowledged 
by authors 

Retrospective case-series design with no comparison group, lack of 
standard instruments and objective measures  
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First author and publication 
date 

Herbeck 2016 – may be using a portion of the same sample from the 
Cousins 2016 study 

Study design Retrospective cohort  
Rational NTX in some studies has been found to be helpful in treating people with 

alcohol and opioid use disorders.  Some secondary analysis has found that 
there are gender differences in the efficacy of NTX.  

Aim “the current study sought to answer the following questions: 1) Do women 
compared to men, receive fewer doses of XR-NTX?  2) Are there gender 
differences in reported drug cravings?  3) Are women more likely than 
men to report problems with adverse effects?  

Sampling procedure Located in Los Angeles, using a non-probability sample of people who 
were active clients of outpatient and residential programs and had AUD or 
OUD diagnosis and offered XR-NTX.  All those who received a dose of 
XR-NTX were included some of which participated in all the 
measurements and some of the sample did not. N=465 (alcohol patients 
n=349, opioid patients n=116)  

Comparison samples In XR-NTX for OUD vs in  XR-NTX for AUD and male vs female 
Dependent variables  Penn Alcohol Craving Scale, number of doses received, adverse effects  
Independent variables Time  
Named covariates Race/ethnicity, age, parent of a child, homeless, diagnosed with mental 

illness, prescribed medication for mental illness, primary substance use, 
treatment modality,  

Data analysis Descriptive univariate and bivariate  
Results  More women treated with XR-NTX were AA (in alcohol treatment, not 

opioid), more women were parents and were diagnosed with mental 
illness than women in treatment without XR-NTX 
More women than men: reported substances other than alcohol or opioids 
as primary substance, more likely to be treated in outpatient,  
Same proportion of women as men were prescribed and retained in XR-
NTX 
Male (n=223) 1-36.8%; 2-25.2%;3-14.4%; 4-11%;, 5 or more – 12.7% 
mean =2.5(1.7) median = 2.0 
Female (n=242) 1-36.8;2-25.6; 3-13.5; 4-12.1; 5 or more – 12.1; mean 
2.6(1.6) median 2 
 
Overall craving scored reduced over time  

Clinical importance Women taking XR-NTX differed from men on several important 
characteristics suggesting that women may have a greater need for 
additional support in managing co-occurring mental health problems 
parenting needs and early adverse effects  

Limitations acknowledged 
by authors 

Prospective observational study sample from one county in California low 
participation rate  
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First author and publication 
date 

Leslie 2015  

Study design Retrospective cohort 
Rational “In 1976, the National Institute on Drug Abuse postulated that an 

injectable formulation of extended-release naltrexone would improve the 
efficacy of narcotic antagonist treatment by enhancing patient adherence.  
By blocking the pharmacological effects of narcotics for a month, it might 
also promote engagement and enhance the efficacy of non-
pharmacological aspects of treatment.” P.265  

Aim “The objectives of this study were: 1) to determine the proportion of 
patients who were recommended for this treatment ; and 2) to compare the 
early stage outcomes of patients who were injected with XR-NTX with 
those who were recommended for XR-NTX but not injected.” P. 266  

Sampling procedure Abstracted medical records for patients attending 3 residential 
rehabilitation facilities in PA during 2011.  Those who had a primary or 
secondary diagnosis of OUD and were recommended to XR-NTX were 
selected. N=598 (n=168 injected, n=430 not injected) 

Comparison samples Those who received and injection of XR-NTX compared to those who did 
not and those not recommended for XR-NTX 

Dependent variables  Population comparisons; treatment retention, length and discharge AMA ; 
and attended post-discharge visit  

Independent variables Age; Gender; race/ethnicity; referral source; insurance type; primary 
substance  

Named covariates  
Data analysis Bivariate; logistic regression  
Results  There was a small age difference in the three groups (inj = 29.6sd 8.2; 

non-inj 28.3 sd8.2, non-rec 29.7 ds9.1 The non-recommended group was 
more likely to be male 
 
The injected group was retained in residential treatment significantly 
longer than either the non-injected or the non-recommended group  and in 
the logistic regression model had significantly lower odds of dropout 
before one month (OR 0.111; 0.052,0.236) compared to the non-injected 
group  

Clinical importance “A integrated approach to the use of XR-NTX in the transition from 
implant and residential care to follow-up or outpatient care may hold 
promise of better treatment outcomes and lower overall costs to the 
healthcare, welfare and criminal justice systems  

Limitations acknowledged 
by authors 

Non-randomized sample; sample drawn from similar condition (1 state, all 
residential treatment) limitations in information in the medical records; no 
record of how many patients returned for second injection.  
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First author and publication 
date 

Makarenko 2019 

Study design Pilot feasibility study – observational cohort 
Rational In Ukraine agonist therapy results in loss of driver's license and exclusion 

from many forms of employment therefor antagonist treatment with XR-
NTX may be feasible and acceptable to encourage those with OUD to 
seek treatment.  

Aim “This study aimed to assess the feasibility of initiating XR-NTX among 
persons with OUD in Ukraine, including 3-month retention, abstinence, 
and opioid craving outcomes.” P.35 for a total of 4 injections 

Sampling procedure “From February 2015–December 2016, 134 patients who expressed an 
interest in XR-NTX and received at least one XR-NTX injection and 
reached the 3-month study follow-up assessment.” P.36   

Comparison samples Those retained in treatment compared to those who drop out  
Dependent variables  Treatment retention at 3 months; self- report drug and alcohol use; (ASI-

Lite); urine;  craving; AUDIT (AUD); health related quality of life 
(HRQoL)  

Independent variables XR-NTX status  
Named covariates Gender, age, education , employment, DAST;  prior treatment, prior MAT 

experience, type of detox , overdose in last 6 months; depression (CES-
D); HIV+;HPC+; treatment motivation (TMQ)  

Data analysis Bivariate; logistic regression;   
Results  There were significant differences between those retained and those not 

retained: those retained were less likely to have had previous treatments 
with MAT, and had a higher physical health quality of life but lower help 
seeking motivation score; 
In logistic regression prior MAT was negatively associated with treatment 
completion as was having a lower help seeking motivation  
Retention broken down by months 134 at start- month 1-119, month 2 – 
109, month 3 – 101.   
Both groups had fewer positive urine screens but those retained were 
significantly better than those who dropped out. 
In those retained 3 months cravings and symptoms of depression were 
reduced and health related quality of life improved.  

Clinical importance At the time agonist treatment in Ukraine was both difficult to receive and 
required sacrifice of personal autonomy which discouraged treatment 
induction.  XR-NTX does not present these barriers and may allow more 
people to begin treatment  

Limitations acknowledged 
by authors 

Convenience sample, non-controlled, could have used more urine screens, 
utilized self-report data 
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First author and publication 
date 

Saxon 2018 

Study design Retrospective cohort 
Rational XR-NTX has shown to be efficacious in RTC but this is to look at 

effectiveness in naturalistic setting  
Aim “Here we report the patient characteristics, clinical assessments and health 

related quality-of-life outcomes from patients in the registry initiating 
treatment with XR-NTX or OUD reflecting the treatment landscape 2011-
2013"  

Sampling procedure The VIVITROL Registry is an observational, open-label, single-arm, 
multi-center registry of patients who have initiated treatment with 
VIVITROL for prevention of relapse to opioid dependence, following 
opioid detoxification. N=395 

Comparison samples All vs. 1-XR-NTX injection vs 2/3- XR-NTX injection vs 6-XR-NTX 
injection  

Dependent variables  Descriptive, clinical global impression, GAF, treatment outcome profile, 
health symptom survey, addiction treatment services review version 6, 
opioid craving scale, euroQol health related quality of life, short form 
health survey, Treatment Retention 

Independent variables Number of injections, time 
Named covariates Age, sex, ethnicity, race, marital status, insurance status, attending work 

or school 
Data analysis Bivariate (non-parametric tests) and Kaplan -Meier  
Results  Number of injections (mean =5, median = 3, range -1-25) 

The median number of injections was higher for those employed at 
baseline, and those who had private health insurance 
At baseline: fewer in 6XR-NTX  reported recent use of opioids and other 
substances, more were employed; more attended college;  and they had 
the highest GAF score and had the most normal or minimal mental illness 
CGI 
 
Decline in drug-related behavior and decline in OCS for the 2/3XR-NTX 
and the 6XR-NTX over the first 2/3 months of treatment  
GAF and CGI both increased in the 2/3XR-NTX and 6XR-NTX groups  
Injection 1=126; 2=67; 3=32, 4=30; 5=18, 6=11, 7 or more = 111 

Clinical importance Longer-term treatment was also associated with higher baseline 
employment, private health insurance, meeting criteria for 
normal/minimal mental illness, attending school and a lack of prior drug 
use. Additionally, observed improvements in EQ-5D and SF-12 exceeded 
the minimally important difference used to assess health status in real-
world studies examining OUD 

Limitations acknowledged 
by authors 

Observational design lack of control, lack of endpoints, patients could 
drop out and re-enter, differences between sites were not accounted for 
and one site provided most of the participants, missing data   
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First author and publication 
date 

Stein 2016 

Study design Retrospective cohort 
Rational MAT is helpful in treating OUD.  XR-NTX given in residential helpful 

with follow up. This is the first study to transition from detox to XR-NTX 
in primary care   

Aim “The aim of this study was to examine the follow-up rates of persons who 
received an initial injection during inpatient detoxification and scheduled 
for receipt of a first outpatient injection in the primary care setting.” P.46 

Sampling procedure 62 consecutive people with OUD at 1 treatment center who received one 
dose of XR-NTX while inpatient  

Comparison samples None 
Dependent variables  Receipt of a second or third dose,   
Independent variables Age, gender, race/ethnicity, marital status, employment, living with a 

child under 14, homeless, years of education, legal status, previous 
treatment at this facility, drug use history, injection, overdose, past detox, 
any cocaine, alcohol, marijuana, benzodiazepine use within the past 30 
days, previous buprenorphine treatment, previous XR-NTX treatment,  

Named covariates  
Data analysis Bivariate  
Results  35/62 received second dose of XR-NTX 20/62 received a third dose, 

14/62 received 4 or more doses, 11/62 had 6 or more doses – no 
significant differences between those who received a second dose and 
those who did not on any of the demographic variables.  

Clinical importance After receiving a single dose of XR-NTX aggressive follow up may 
increase treatment adherence  

Limitations acknowledged 
by authors 

Single site, private insurance, retrospective medical chart review therefore 
did not assess other drug use outcomes, no reasons why participants 
dropped out.  
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First author and 
publication date 

Vo 2018 

Study design Retrospective cohort  
Rational “Extended release naltrexone (XR-NTX) has proven effectiveness in 

adults and is a promising pharmacotherapy for youth, but the field needs 
further clarification of its optimal use and delivery in this target 
population, in the context of developmentally informed models of care.” 
P.84 
 
“Problems with retention and medication adherence are frequently barriers 
to success. Overall, there is inadequate current capacity for specialty 
opioid specific treatment that integrates pharmacotherapy (relapse 
prevention medication) with psychosocial treatment in a context that is 
assertively engaging, youth welcoming, and family empowering.” P.85 

Aim “In an effort to address some of these barriers, we undertook a pilot 
initiative to deliver doses of XR-NTX at home to patients enrolled in a 
youth opioid-specific treatment program.” 

Sampling procedure First 14 patients who were enrolled in the pilot program of offering home 
XR-NTX 

Comparison samples Receive the injection at home or in clinic 
Dependent variables  Number of XR-NTX injections received, psychosocial services utilization 
Independent variables XR-NTX injection at home vs TAU counseling alone   
Named covariates Age, sex, race/ethnicity, injection heroin use, age of opioid onset, prior 

treatment with XR-NTX or with buprenorphine 
Data analysis Descriptive  
Results  Of 14 participants 5 dropped out after 1 injection, 1 after 2 injections 1 

after 3 injections and the remaining 7 received all 5 injections  
Expressed differently of the 9 that began to received at home injections 
64% completed all 16 weeks of treatment vs. 19% for TAU 
The home based group attended fewer psychosocial appointments than 
TAU per week but attended form more weeks than the TAU group 

Clinical importance “In conclusion, home-based delivery of XR-NTX with assertive outreach 
for youth with opioid addiction seems feasible, acceptable, and promising 
in this preliminary pilot. Assertive outreach with clinic based delivery 
may also represent an enhancement worth pursuing. “p.88 

Limitations acknowledged 
by authors 

“Limitations of this study include very small sample size, still-evolving 
practice approach, naturalistic case series method, and retrospective data 
collection from clinical records without precise standardized measures, 
non-randomized comparison groups, historical comparison group, and 
shorter outcome period.” P.88 
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First author and publication 
date 

Vo 2016 

Study design Retrospective Cohort 
Rational “Despite the well-known effectiveness and widespread use of relapse 

prevention medications such as extended release naltrexone (XR-NTX) 
and buprenorphine for opioid addiction in adults, less is known about their 
use in younger populations,1 particularly in community care settings.” 
P.392 

Aim “The present report describes naturalistic outcomes of a specialty 
community treatment program for young adults with opioid addiction that 
integrates relapse prevention medications as the standard of care, both 
buprenorphine and XR-NTX,with psychosocial treatment.”p.393 

Sampling procedure 56 serial admissions to a specialty youth treatment for opioid use disorder 
of these 5 did not receive any medication; 3 were on oral naltrexone but 
never received an injection of XR-NTX; and 4 who are prescribed XR-
NTX for alcohol but not OUD. However, sample n reported was 56? BUP 
n=43, XR-NTX n=13 

Comparison samples XR-NTX vs buprenorphine  
Dependent variables  Treatment retention, urine screen  
Independent variables Treatment modality, time total of 24 weeks 
Named covariates Age, gender, race/ethnicity, IV heroin, age of opioid use onset, previous 

treatment, polysubstance use, lifetime dependence to cocaine, marijuana, 
benzodiazepines, alcohol, psychotropic medications, psychiatric 
diagnosis, duration of use, legal involvement, employment 

Data analysis Bivariate 
Results  No statistical differences in any of the covariates, or in treatment retention 

rates 
13 received XR-NTX mean number of injections 4.1; 85% received 2; 
69% received 3; 54% received 4, 38% received 5; 15% received 6 
 
XR-NTX higher rates of negative urine screen compared to buprenorphine 
Males were retained longer than females  and had higher rates of opioid 
negative  weeks 

Clinical importance “This report illustrates that integration of relapse prevention medications 
as standard of care is feasible and well accepted among young adults in a 
community treatment setting.” P.395 

Limitations acknowledged 
by authors 

“Limitations of the study include nonexperimental design, small sample 
size limiting the statistical analyses used and larger effect sizes required to 
detect statistical differences, absence of no-medication comparison group, 
and probable selection bias of patients who had agreed to the IOP format 
and other program requirements. Almost all of the patients entered the 
program following a period of lead-in abstinence in residential/inpatient 
settings, so these results may not be representative of patients initiating at 
an outpatient level of care.” P.396 
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First author and 
publication date 

Wakeman 2020 

Study design Retrospective cohort  
Rational “Medication for opioid use disorder (MOUD) is effective and improves 

mortality, treatment retention, and remission, but most people with OUD 
remain untreated.10-15 Many parts of the United States lack access to 
buprenorphine prescribers, and only a few addiction treatment programs 
offer all forms of MOUD.16-18 This lack of access has resulted in a 
treatment gap of an estimated 1 million people with OUD untreated with 
MOUD annually.19 Nationally representative, comparative effectiveness 
studies of MOUD compared with nonpharmacologic treatment are 
limited.” P.2  

Aim “In this study, we used a large, nationally representative database of 
commercially insured and Medicare Advantage (MA) individuals to 
evaluate the effectiveness of MOUD compared with nonpharmacologic 
treatment. This retrospective comparative effectiveness study was 
designed to inform treatment decisions made by policy makers, insurers, 
practitioners, and patients.” P.2 

Sampling procedure OptumLabs DataWarehouse, We defined OUD as 1 or more inpatient or 2 
or more outpatient claims for ICD-9 diagnosis codes for opioid 
dependence that occurred within3 months of each other; 1 or more claims 
for diagnosis codes for opioid dependence, opioid use, or opioid abuse 
plus diagnosis codes for an encounter related to opioid overdose or an 
injection-related infection, opioid-related inpatient detoxification or 
residential services; or claims for MOUD or detoxification  
N=40,885 

Comparison samples 6 different pathways 1)no treatment 2)inpatient detox or residential 
services 3) intensive behavioral health 4) buprenorphine or methadone 5) 
naltrexone 6) only non- intensive behavioral health  

Dependent variables  Opioid overdose or serious opioid related acute case, admission to 
inpatient detox or readmission both evaluated at 3 and 12 months after 
treatment initiation  treatment duration  

Independent variables Time, path  
Named covariates Age, sex, insurance type, race/ethnicity, elixhauser index exclusion mental 

health mental health diagnosis IDUinfection, HPC opioid overdose 
Data analysis Survival analysis Cox and Kaplan Meier 
Results  Overdose were significantly lower at 3 and 12 months for buprenorphine 

methadone and at 12 (but not 3 )months for behavioral health only (ref no 
treatment) 
Emergency room or inpatient admission were significantly lower at 3 and 
12 months for Behavioral health and methadone/buprenorphine 
Only the methadone/buprenorphine group was lower on return to 
detoxification 
Treatment duration – naltrexone 74.41(sd70.15) and for 
buprenorphine/methadone 149.65 (119.37) 

Clinical importance Recommends buprenorphine/methadone over other paths  
Limitations acknowledged 
by authors 

Lack of clinical information, observational study, possible unmeasured 
patient characteristics, selection bias, attrition, risk of “immortal time bias 
by requiring 3 months enrollment for inclusion  
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First author and publication 
date 

Wang 2015 

Study design Prospective cohort 
Rational XR-NTX is designed to aid in the treatment of OUD without the 

cognitive, metabolic, endocrine, or cardiac side effects of methadone or 
buprenorphine  

Aim “we hypothesized that pre-treatment mPFC response to heroin-related 
stimuli will predict the number of XRNTX injections accepted by the 
participants.” P.2 

Sampling procedure 32 people with OUD were recruited through local advertising 
Comparison samples Participants were tested before during and after XR-NTX treatment also 

those who dropped out early were compared to those retained 
Dependent variables  fMRI heroin cue reactivity test, urine screen, number of cigarettes smoked 

per day, Beck Depression Index, plasma concentration of naltrexone ASI 
Independent variables  
Named covariates Age, education, race/ethnicity 
Data analysis 2*2 anova, one-way repeat order anova GEElogistic regression model  
Results  Of the 32 who completed detox, 9 were excluded before first injection, 5 

received 1 injection, 3 received 2 injections, and 15 received all 3;  overall 
retention rate was 47% 
 
“A voxel-wise whole-brain paired t-test revealed that there was no 
significant difference in brain response to drug cues before and after the 
XRNTX treatment.” p.4 
 
However, the two-way repeat measures ANOVA revealed that the self-
reported heroin craving was reduced from pre to post treatment and that 
the effect of a heroin related cue was reduced   
 
BDI lowered after 1 injection then stayed stable, cigarettes per day 
declined after the first 2 injections, “a meaningful proportion” of urine 
screens were positive 
 
Pretreatment medial prefrontal cortical response to heroin-related cues 
was  associated with greater adherence to XRNTX. After the treatment 
ended, subjective craving response to heroin cues was reduced, but the 
brain response to these cues remained at pretreatment levels.  

Clinical importance Sustained lower depression, higher retention than oral naltrexone,  
Limitations acknowledged 
by authors 

Small sample, only two fMRI points,  
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Appendix C – Extraction Table of Studies Included in the Systematic Review and 

Meta-Analysis 

Extraction Table of Studies Included in the Systematic Review and Meta-Analysis  
Design Aim Sample Independent 

variables 
Dependent 
variables/ 
outcome 
measures 

Analysis Results 

Agibalova 
2017 

Retrospective 
cohort 

To evaluate the 
effectiveness of 
the Point of 
Soberness 
program 

n=83 Age, gender, alcohol 
use, HPV, HIV 

Treatment 
retention, 
craving, 
opioid use, 
employment, 
relationship 

Univariate 
and bivariate 

Of the 83 who started treatment 36 
received 6 or more injections, 
average craving scale was reduced 
for all participants but more 
dramatically for those who 
completed at least 6 injections. The 
majority of participants also 
reported better family relationships 
and having found employment. 
Length of opioid use, being male 
and having previously been in 
treatment were correlated with 
lower maintenance of sobriety as 
was higher craving scores. 

Basser 2011 Retrospective 
cohort 

To assess real 
world healthcare 
cost with all 
available medical 
treatments for 
OUD 

n=19,143 Medication (NTX, 
XR-NTX, 
Buprenorphine, 
Methadone 

Health care 
costs, 
compliance 
and 
persistence 
with 
medication 

Bivariate, 
cost analysis 
after 
propensity 
score 
matching and 
Instrumental 
Variable to 
control for 
observed and 
unobserved 
bias 

Non-medication group had higher 
health care costs, XR-NTX not 
significantly better persistence than 
other meds XR-NTX better in 
compliance than other meds XR-
NTX was significantly lower in 
total health care costs as well as 
some categories but higher in 
pharmacy costs. 

Cousins 2016 Retrospective 
cohort 

What patient 
characteristics are 
associated with 
XR-NTX 
adherence. 

n=171 Penn Alcohol 
Craving Scale 
modified for opioids, 
type of opioid used 
(heroin vs non-
heroin) , Gender, 
race/ethnicity, 
education, age, 
employment, 
homelessness, 
probation/parole, age 
of first opioid use, 
days used past month, 
days used alcohol, 
years used opioids, 
days injected drugs, 
used needles in last 
12 months, HPC, 
diagnosed with 
mental illness, times 
admitted to ER past 
year, tested for HIV 

Receiving 2 
or more doses 
of XR-NTX 

Logistic 
regression 

Older age, and HIV tested, 
associated with second injection. 
More time in ER, using needles, 
non-heroin user injecting, 
diagnosed with mental illness all 
associated with fewer injections. 

Earley 2017 Prospective 
cohort 

To assess XR-
NTX efficacy for 
health care 
providers 

n=38 Time in XR-NTX 
treatment, Gender, 
age, race/ethnicity, 
employment/licensure 
status, duration of 
opioid use 

Treatment 
retention, 
opioid 
craving 
questionnaire, 
urine screen 

Descriptive 
bivariate, 
Kaplan-
Meier 
survival 
analysis 

Of 38 enrolled 14 received all 24 
monthly injections. Median time to 
discontinuation 404.0 days. 
Median time to discontinuation of 
those who discontinued 183.0 
days. Of the 519 urine screens 
conducted only 4 participants 
tested positive, 3 only once each. 
Cravings reduced in the first 6 
months then remained low. Quality 
of life health was good and stayed 
good. 
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Appendix C Continued  

 Design Aim Sample Independent 
variables 

Dependent 
variables/ 
outcome 
measures 

Analysis Results 

Fishman 2010 Retrospective 
cohort 

Assess XR-NTX 
efficacy for 
adolescents 

n=19 Time Treatment 
retention 

Descriptive 
univariate 

Treatment Retention: doses of XR-
NTX (all 19 received 1 dose as 
initiation) drop out during the 
follow up 4 months of the study 
(max 5) 1=4; 2=2; 3=6; 4=3; 5=1. 

Herbeck 2016 Retrospective 
cohort 

1. Do 
women compared 
to men, receive 
fewer doses of 
XR-NTX? 2) Are 
there gender 
differences in 
reported drug 
cravings? 3) Are 
women more 
likely than men to 
report problems 
with adverse 
effects? 

n=465 XR-NTX treatment, 
gender, time, 
substances used, 
Race/ethnicity, age, 
parent of a child, 
homeless, diagnosed 
with mental illness, 
prescribed medication 
for mental illness, 
primary substance 
use, treatment 
modality, 
participation in AA 

Penn Alcohol 
Craving 
Scale, 
Number of 
doses 
received, 
adverse 
effects 

Descriptive 
univariate 
and bivariate 

More women treated with XR-
NTX were in alcohol treatment, 
not opioid. More women were 
parents and were diagnosed with 
mental illness than women in 
treatment without XR-NTX. More 
women than men reported 
substances other than alcohol or 
opioids as primary substance, more 
likely to be treated in outpatient. 
Same proportion of women as men 
were prescribed and retained in 
XR-NTX. Overall craving scores 
decreased over time. 

Leslie 2015 Retrospective 
cohort 

1. to 
determine the 
proportion of 
patients who were 
recommended for 
this treatment ; 
and 2) to compare 
the early stage 
outcomes of 
patients who were 
injected with XR-
NTX with those 
who were 
recommended for 
XR-NTX but not 
injected. 

n= 598 Age; Gender; 
race/ethnicity; 
referral source; 
insurance type; 
primary substance 

Treatment 
retention, 
length and 
discharge 
AMA ; and 
attended post-
discharge 
visit 

Bivariate; 
logistic 
regression 

The injected group was retained in 
residential treatment significantly 
longer than either the non-injected 
or the non-recommended group 
and in the logistic regression model 
had significantly lower odds of 
dropout before one month (OR 
0.111; 0.052,0.236) compared to 
the non-injected group. 

Makarenko 
2019 

Prospective 
cohort 

“This study aimed 
to assess the 
feasibility of 
initiating XR-
NTX among 
persons with 
OUD in Ukraine, 
including 3-month 
retention, 
abstinence, and 
opioid craving 
outcomes.” P.35 
for a total of 4 
injections 

n=134 XR-NTX status; 
Gender, age, 
education , 
employment, DAST; 
prior treatment, prior 
MAT experience, 
type of detox , 
overdose in last 6 
months; depression 
(CES-D); 
HIV+;HPC+; 
treatment motivation 
(TMQ) 

Treatment 
retention at 3 
months; self- 
report drug 
and alcohol 
use; (ASI-
Lite); urine; 
craving; 
AUDIT 
(AUD); 
health related 
quality of life 
(HRQoL) 

Bivariate; 
logistic 
regression 

There were significant differences 
between those retained and those 
not retained: those retained were 
less likely to have had previous 
treatments with MAT, and had a 
higher physical health quality of 
life but lower help seeking 
motivation score. In logistic 
regression prior MOUD was 
negatively associated with 
treatment completion as was 
having a lower help seeking 
motivation. Retention broken down 
by months 134 at start- month 1-
119, month 2 â€“ 109, month 3 â€“ 
101. Both groups had fewer 
positive urine screens but those 
retained were significantly better 
than those who dropped out. In 
those retained 3 months cravings 
and symptoms of depression were 
reduced and health related quality 
of life improved. 

 

 

 

 

 



 

144 
 

Appendix C Continued  

 Design Aim Sample Independent 
variables 

Dependent 
variables/ 
outcome 
measures 

Analysis Results 

Saxon 2018 Retrospective 
cohort 

“Here we report 
the patient 
characteristics, 
clinical 
assessments and 
health related 
quality-of-life 
outcomes from 
patients in the 
registry initiating 
treatment with 
XR-NTX or OUD 
reflecting the 
treatment 
landscape 2011-
2013” 

n=395 Number of injections, 
time; Age, sex, 
ethnicity, race, 
marital status, 
insurance status, 
attending work or 
school 

Descriptive, 
clinical 
global 
impression, 
GAF, 
treatment 
outcome 
profile, health 
symptom 
survey, 
addiction 
treatment 
services 
review 
version 6, 
opioid 
craving scale, 
euroQol 
health related 
quality of 
life, short 
form health 
survey, 
Treatment 
Retention 

Bivariate 
(non-
parametric 
tests) and 
Kaplan -
Meier 

Number of injections (mean =5, 
median = 3, range -1-25). The 
median number of injections was 
higher for those employed at 
baseline, and those who had 
private health insurance. At 
baseline: fewer in 6 XR-NTX 
reported recent use of opioids and 
other substances, more were 
employed; more attended college; 
and they had the highest GAF 
score and had the most normal or 
minimal mental illness. CGI 
Decline in drug-related behavior 
and decline in OCS for the 2/3XR-
NTX and the 6XR-NTX over the 
first 2/3 months of treatment GAF 
and CGI both increased in the 
2/3XR-NTX and 6XR-NTX groups 
Injection 1=126; 2=67; 3=32, 
4=30; 5=18, 6=11, 7 or more = 
111. 

Stein 2016 Retrospective 
cohort 

“The aim of this 
study was to 
examine the 
follow-up rates of 
persons who 
received an initial 
injection during 
inpatient 
detoxification and 
scheduled for 
receipt of a first 
outpatient 
injection in the 
primary care 
setting.” P.46 

n=62 Age, gender, 
race/ethnicity, marital 
status, employment, 
living with a child 
under 14, homeless, 
years of education, 
legal status, previous 
treatment at this 
facility, drug use 
history, injection, 
overdose, past detox, 
any cocaine, alcohol, 
marijuana, 
benzodiazepine use 
within the past 30 
days, previous 
buprenorphine 
treatment, previous 
XR-NTX treatment, 

Number of 
doses 
received 

Bivariate 35/62 received second dose of XR-
NTX. 20/62 received a third dose. 
14/62 received 4 or more doses. 
11/62 had 6 or more doses â€“ no 
significant differences between 
those who received a second dose 
and those who did not on any of 
the demographic variables. 

Vo 2018 Retrospective 
cohort 

“In an effort to 
address some of 
these barriers, we 
undertook a pilot 
initiative to 
deliver doses of 
XR-NTX at home 
to patients 
enrolled in a 
youth opioid-
specific treatment 
program.” 

n=14 XR-NTX treatment, 
Age, sex, 
race/ethnicity, 
injection heroin use, 
age of opioid onset, 
prior treatment with 
XR-NTX or with 
buprenorphine 

Number of 
XR-NTX 
injections 
received, 
psychosocial 
services 
utilization 

Descriptive 
univariate 

Of 14 participants 5 dropped out 
after 1 injection, 1 after 2 
injections 1 after 3 injections and 
the remaining 7 received all 5 
injections. Expressed differently of 
the 9 that began to receive at home 
injections 64% completed all 16 
weeks of treatment vs. 19% for 
TAU. The home based group 
attended fewer psychosocial 
appointments than TAU per week 
but attended for more weeks than 
the TAU group. 
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Appendix C Continued  

 Design Aim Sample Independent 
variables 

Dependent 
variables/ 
outcome 
measures 

Analysis Results 

Vo 2016 Retrospective 
cohort 

“The present 
report describes 
naturalistic 
outcomes of a 
specialty 
community 
treatment program 
for young adults 
with opioid 
addiction that 
integrates relapse 
prevention 
medications as the 
standard of care, 
both 
buprenorphine 
and XR-
NTX,with 
psychosocial 
treatment.”p.393 

n=56 XR-NTX treatment, 
time, Age, gender, 
race/ethnicity, IV 
heroin, age of opioid 
use onset, previous 
treatment, 
polysubstance use, 
lifetime dependence 
to cocaine, marijuana, 
benzodiazepines, 
alcohol, psychotropic 
medications, 
psychiatric diagnosis, 
duration of use, legal 
involvement, 
employment 

Treatment 
retention, 
opioid use 
measured by 
urine screen 

Bivariate No statistical differences in any of 
the covariates, or in treatment 
retention rates 13 received XR-
NTX mean number of injections 
4.1; 85% received 2; 69% received 
3; 54% received 4, 38% received 5; 
15% received 6. 

Wakeman 
2020 

Retrospective 
cohort 

“In this study, we 
used a large, 
nationally 
representative 
database of 
commercially 
insured and 
Medicare 
Advantage (MA) 
individuals to 
evaluate the 
effectiveness of 
MOUD compared 
with 
nonpharmacologic 
treatment. This 
retrospective 
comparative 
effectiveness 
study was 
designed to 
inform treatment 
decisions made by 
policy makers, 
insurers, 
practitioners, and 
patients.” P.2 

n=40,885 Six different 
pathways for people 
with OUD 1)no 
treatment 2)inpatient 
detox or residential 
services 3) intensive 
behavioral health 4) 
buprenorphine or 
methadone 5) 
naltrexone 6) only 
non- intensive 
behavioral health â€“ 
compare each path to 
the others; age, sex, 
insurance type, 
race/ethnicity, 
elixhauser index 
exclusion mental 
health mental health 
diagnosis IDU 
infection, HPC opioid 
overdose 

Opioid 
overdose or 
serious opioid 
related acute 
case, 
admission to 
inpatient 
detox or 
readmission 
both 
evaluated at 3 
and 12 
months after 
treatment 
initiation 
treatment 
duration 

Bivariate and 
Cox and 
Kaplan Meier 
survival 
analysis 

Overdose were significantly lower 
at 3 and 12 months for 
buprenorphine, and methadone and 
at 12 (but not 3) months for 
behavioral health only (ref no 
treatment). Emergency room or 
inpatient admission were 
significantly lower at 3 and 12 
months for Behavioral health and 
methadone/ buprenorphine. Only 
the methadone/ buprenorphine 
group was lower on return to 
detoxification. Treatment duration 
â€“ naltrexone 74.41(sd70.15) and 
for buprenorphine/ methadone 
149.65 (119.37). 
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Appendix C Continued  

 Design Aim Sample Independent 
variables 

Dependent 
variables/ 
outcome 
measures 

Analysis Results 

Wang 2020 Prospective 
cohort 

“We hypothesized 
that pre-treatment 
mPFC response to 
heroin-related 
stimuli will 
predict the 
number of 
XRNTX 
injections 
accepted by the 
participants.” P.2 

n=32 PreXR-NTX 
compared to during 
XR-NTXtreatmetn 
and postXR-
NTXAddiction 
severtity Index, 
quantity of drug use, 
urine screen, Beck 
Depression Inventoyr 
Timelen Followback 
questionnaire of 
cigarette use, plasma 
concentration of 
naltrexone 

FMRI cue 
reactivity,and 
subjective 
cravings 

2*2 anova, 
one-way 
repeat order 
anova 
GEElogistic 
regression 
model 

Of the 32 who completed detox, 9 
were excluded before first 
injection, 5 received 1 injection, 3 
received 2 injections, and 15 
received all 3; overall retention rate 
was 47%. “A voxel-wise whole-
brain paired t-test revealed that 
there was no significant difference 
in brain response to drug cues 
before and after the XRNTX 
treatment.” p.4. However, the two-
way repeat measures ANOVA 
revealed that the self-reported 
heroin craving was reduced from 
pre to post treatment and that the 
effect of a heroin related cue was 
reduced. BDI lowered after 1 
injection then stayed stable, 
cigarettes per day declined after the 
first 2 injections, “a meaningful 
proportion” of urine screens were 
positive. Pretreatment medial 
prefrontal cortical response to 
heroin-related cues was associated 
with greater adherence to XRNTX. 
After the treatment ended, 
subjective craving response to 
heroin cues was reduced, but the 
brain response to these cues 
remained at pretreatment levels. 

 



 

147 
 

References 

 
Agibalova, T. V., Nedobylskiy, O. V., Poplevchenkov, K. N., Sirotko, I. I., Shcherban, A. 

V., & Tsarev, S. A. (2017). An interim analysis of the results of treatment 

program implementation with the use of injectable extended-release naltrexone 

for opioid addicted patients. Zhurnal Nevrologii i Psihiatrii imeni S.S. Korsakova, 

117(6), 32-34. https://doi.org/10.17116/jnevro20171176132-34  

Agrawal, A., Lynskey, M. T., Madden, P. A. F., Bucholz, K. K., & Heath, A. C. (2007). 

A latent class analysis of illicit drug abuse/dependence: results from the National 

Epidemiological Survey on Alcohol and Related Conditions. Addiction, 102(1), 

94-104. https://doi.org/https://doi.org/10.1111/j.1360-0443.2006.01630.x  

Albert, M., McCaig, L. F., & Uddin, S. (2015). Emergency department visits for drug 

poisoning: United States, 2008-2011. NCHS data brief(196), 1-8.  

Alkermes, I. (2010). Vivitrol [package insert].  

Amiri, S., Hirchak, K., Lutz, R., McDonell, M. G., McPherson, S. M., Roll, J. M., & 

Amram, O. (2018). Three-year retention in methadone opioid agonist treatment: 

A survival analysis of clients by dose, area deprivation, and availability of alcohol 

and cannabis outlets [Article]. Drug and Alcohol Dependence, 193, 63-68. 

https://doi.org/10.1016/j.drugalcdep.2018.08.024  

Amorim, L. D., Cai, J., & Amorim, L. D. A. F. (2015). Modelling recurrent events: a 

tutorial for analysis in epidemiology. International Journal of Epidemiology, 

44(1), 324-333. https://doi.org/10.1093/ije/dyu222  

Ananthan, S., Kezar, H. S., 3rd, Carter, R. L., Saini, S. K., Rice, K. C., Wells, J. L., 

Davis, P., Xu, H., Dersch, C. M., Bilsky, E. J., Porreca, F., & Rothman, R. B. 



 

148 
 

(1999). Synthesis, opioid receptor binding, and biological activities of naltrexone-

derived pyrido- and pyrimidomorphinans. Journal of medicinal chemistry, 42(18), 

3527-3538. https://pubs.acs.org/doi/10.1021/jm990039i  

Balan, T. (2018). Advances in frailty models (Doctoral dissertation, Leiden University).  

Balduzzi, S., Rucker, G., & Schwarzer, G. (2019). How to perform a meta-analysis with 

R: a practical tutorial. Evidence-Based Mental Health(22), 153-160. 

https://doi.org/10.1136/ebmental-2019-300117  

Ball, J. C., & Ross, A. (2012). The effectiveness of methadone maintenance treatment 

patients, programs, services, and outcome. Springer Science & Buisness Media.  

Bart, G. (2012). Maintenance Medication for Opiate Addiction: The Foundation of 

Recovery [Article]. Journal of Addictive Diseases, 31(3), 207-225. 

https://doi.org/10.1080/10550887.2012.694598  

Baser, O., Chalk, M., Fiellin, D. A., & Gastfriend, D. R. (2011). Cost and utilization 

outcomes of opioid-dependence treatments. The American Journal of Managed 

Care, 17(8), S235-248.  

Bedrick, B. S., O’Donnell, C., Marx, C. M., Friedman, H., Carter, E. B., Stout, M. J., & 

Kelly, J. C. (2020). Barriers to accessing opioid agonist therapy in pregnancy 

[Article]. American Journal of Obstetrics & Gynecology MFM, 2(4). 

https://doi.org/10.1016/j.ajogmf.2020.100225  

Berridge, K. C., & Robinson, T. E. (1995). The mind of an addicted brain: Neural 

sensitization of wanting versus liking Current Directions in Psychological 

Science, 4(3), 71-76. https://doi.org/10.1111/1467-8721.ep10772316  



 

149 
 

Berridge, K. C., & Robinson, T. E. (1998). What is the role of dopamine in reward: 

hedonic impact, reward learning, or incentive salience? Brain Research Reviews, 

28(3), 309-369. https://doi.org/10.1016/S0165-0173(98)00019-8  

Berridge, K. C., & Robinson, T. E. (2003). Parsing reward. Trends in neurosciences, 

26(9), 507-513.  

Berridge, K. C., & Robinson, T. E. (2011). Drug addiction as incentive sensitization. 

Addiction and responsibility, 21-54 

https://doi.org/10.7551/mitpress/9780262015509.003.0002  

Berridge, K. C., & Robinson, T. E. (2016). Liking, wanting, and the incentive-

sensitization theory of addiction. American Psychologist, 71(8), 670-679. 

https://doi.org/10.1037/amp0000059  

Berridge, K. C., Robinson, T. E., & Aldridge, J. W. (2009). Dissecting components of 

reward: ‘liking’, ‘wanting’, and learning. Current Opinion in Pharmacology, 9(1), 

65-73. https://doi.org/10.1016/j.coph.2008.12.014  

Billi, J. E., Pai, C., & Spahlinger, D. A. (2007). The effect of distance to primary care 

physician on health care utilization and disease burden. Health Care Management 

Review, 32(1), 22-29. https://doi.org/10.1097/00004010-200701000-00004  

Blanco, C., Hoertel, N., Franco, S., Olfson, M., He, J.-P., López, S., González-Pinto, A., 

Limosin, F., & Merikangas, K. R. (2017). Generalizability of clinical trial results 

for adolescent major depressive disorder. Pediatrics, 140(6). 

https://doi.org/10.1542/peds.2016-1701  

Blanco, C., Olfson, M., Okuda, M., Nunes, E. V., Liu, S.-M., & Hasin, D. S. (2008). 

Generalizability of clinical trials for alcohol dependence to community samples. 



 

150 
 

Drug and Alcohol Dependence, 98(1-2), 123-128. 

https://doi.org/10.1016/j.drugalcdep.2008.05.002  

Boileau, I., Dagher, A., Leyton, M., Gunn, R. N., Baker, G. B., Diksic, M., & Benkelfat, 

C. (2006). Modeling sensitization to stimulants in humans: an 

[11C]raclopride/positron emission tomography study in healthy men. Archives of 

General Psychiatry, 63(12), 1386-1395. 

https://doi.org/10.1523/JNEUROSCI.4370-06.2007  

Booth, M. (1996). Opium: a history. Simon & Schuster.  

Boothby, L. A., & Doering, P. L. (2007). Buprenorphine for the treatment of opioid 

dependence. American Journal of Health-System Pharmacy, 64(3), 266-272. 

https://doi.org/10.2146/ajhp060403  

Bukten, A., Skurtveit, S., Waal, H., & Clausen, T. (2014). Factors associated with 

dropout among patients in opioid maintenance treatment (OMT) and predictors of 

re-entry. A national registry-based study. Addictive Behaviors, 39(10), 1504-

1509. https://doi.org/10.1016/j.addbeh.2014.05.007  

Campbell, J., & Rooney, S. M. (2018). A Time-Release History of the Opioid Epidemic. 

Springer.  

Campbell, N. D., & Lovell, A. M. (2012). The history of the development of 

buprenorphine as an addiction therapeutic. Annals of the New York Academy of 

Sciences, 1248(1), 124-139.  

Carroll, K. M., Nich, C., Frankforter, T. L., Yip, S. W., Kiluk, B. D., DeVito, E. E., & 

Sofuoglu, M. (2018). Accounting for the uncounted: Physical and affective 

distress in individuals dropping out of oral naltrexone treatment for opioid use 



 

151 
 

disorder. Drug and Alcohol Dependence, 192, 264-270. 

https://doi.org/10.1016/j.drugalcdep.2018.08.019  

Castner, S. A., & Goldman-Rakic, P. S. (1999). Long-lasting psychotomimetic 

consequences of repeated low-dose amphetamine exposure in rhesus monkeys. 

Neuropsychopharmacology, 20(1), 10-28  

Charlson, M., Wells, M. T., Ullman, R., King, F., & Shmukler, C. (2014). The Charlson 

comorbidity index can be used prospectively to identify patients who will incur 

high future costs. PLoS ONE, 9(12), e112479-e112479. 

https://doi.org/10.1371/journal.pone.0112479  

Compton, W. M., Jones, C. M., & Baldwin, G. T. (2016). Relationship between 

nonmedical prescription-opioid use and heroin use. The New England journal of 

medicine, 374(2), 154-163. https://doi.org/10.1056/NEJMra1508490  

Cousins, S. J., Radfar, S. R., Crèvecoeur-MacPhail, D., Ang, A., Darfler, K., & Rawson, 

R. A. (2016). Predictors of continued use of extended-released naltrexone (XR-

NTX) for opioid-dependence: An analysis of heroin and non-heroin opioid users 

in Los Angeles County. Journal of Substance Abuse Treatment, 63, 66-71. 

https://doi.org/10.1016/j.jsat.2015.12.004  

Cranston, K., Alpren, C., John, B., Dawson, E., Roosevelt, K., Burrage, A., Bryant, J., 

Switzer, W. M., Breen, C., Peters, P. J., Stiles, T., Murray, A., Fukuda, H. D., 

Adih, W., Goldman, L., Panneer, N., Callis, B., Campbell, E. M., Randall, L., . . . 

DeMaria, A., Jr. (2019). Notes from the field: HIV diagnoses among persons who 

inject drugs - Northeastern Massachusetts, 2015-2018. MMWR. Morbidity and 



 

152 
 

mortality weekly report, 68(10), 253-254. 

https://doi.org/10.15585/mmwr.mm6810a6  

Cuzen, N. L., & Stein, D. J. (2014). Behavioral addiction: The nexus of impulsivity and 

compulsivity. Behavioral addictions: Criteria, evidence, and treatment. (pp. 19-

34). Academic Press. https://doi.org/10.1016/B978-0-12-407724-9.00002-1  

DeLisi, M., Vaughn, M. G., Salas-Wright, C. P., & Jennings, W. G. (2015). Drugged and 

dangerous: Prevalence and variants of substance use comorbidity among seriously 

violent offenders in the United States. Journal of Drug Issues, 45(3), 232-248. 

https://doi.org/10.1177/0022042615579237  

Doukas, N. (2011). Perceived barriers to identity transformation for people who are 

prescribed methadone. Addiction Research & Theory, 19(5), 408-415. 

https://doi.org/10.3109/16066359.2010.530715  

Drucker, E., & Clear, A. (1999). Harm reduction in the home of the war on drugs: 

methadone and needle exchange in the USA. Drug & Alcohol Review, 18(1), 103-

112. https://doi.org/10.1080/09595239996824  

Earley, P. H., Zummo, J., Memisoglu, A., Silverman, B. L., & Gastfriend, D. R. (2017). 

Open-label study of injectable extended-release naltrexone (XR-NTX) in 

healthcare professionals with opioid dependence. Journal of Addiction Medicine, 

11(3), 224-230. https://doi.org/10.1097/ADM.0000000000000302  

Evans, A. H., Pavese, N., Lawrence, A. D., Tai, Y. F., Appel, S., Doder, M., Brooks, D. 

J., Lees, A. J., & Piccini, P. (2006). Compulsive drug use linked to sensitized 

ventral striatal dopamine transmission. Annals of Neurology, 59(5), 852-858.  



 

153 
 

Everitt, B. J., & Robbins, T. W. (2005). Neural systems of reinforcement for drug 

addiction: from actions to habits to compulsion. Nature Neuroscience, 8(11), 

1481-1489. https://doi.org/10.1038/nn1579  

FAIR Health. (2016a). The Impact of Opioid Crisis on the Healthcare System: A Study of 

Privately Billed Services. 1-24.  

FAIR Health. (2016b). The Opioid Crisis among the Privately Insured: The opioid abuse 

epidemic as documented in private claims data. 1-12. 

Fischer, B. (2000). Prescriptions, Power and Politics: The Turbulent history of 

methadone maintenance in Canada. Journal of Public Health Policy, 21(2), 187-

210. https://doi.org/10.2307/3343343  

Fishman, M. (2008). Precipitated withdrawal during maintenance opioid blockade with 

extended release naltrexone. Addiction, 103(8), 1399-1401. 

https://doi.org/10.1111/j.1360-0443.2008.02252.x  

Fishman, M., Wenzel, K., Scodes, J., Pavlicova, M., Lee, J. D., Rotrosen, J., & Nunes, E. 

(2020). Young adults have worse outcomes than older adults: Secondary Analysis 

of a medication trial for opioid use disorder. Journal of Adolescent Health, 67(6), 

778-785. https://doi.org/10.1016/j.jadohealth.2020.07.038  

Fishman, M. J., Winstanley, E. L., Curran, E., Garrett, S., & Subramaniam, G. (2010). 

Treatment of opioid dependence in adolescents and young adults with extended 

release naltrexone: preliminary case-series and feasibility. Addiction (Abingdon, 

England), 105(9), 1669-1676. . https://doi.org/10.1111/j.1360-0443.2010.03015.x 

Florence, C. S., Chao, Z., Feijun, L., Likang, X., Zhou, C., Luo, F., & Xu, L. (2016). The 

economic burden of prescription opioid overdose, abuse, and dependence in the 



 

154 
 

United States, 2013. Medical Care, 54(10), 901-906. 

https://doi.org/10.1097/MLR.0000000000000625  

Franco, S., Hoertel, N., McMahon, K., Wang, S., Rodríguez-Fernández, J. M., Peyre, H., 

Limosin, F., & Blanco, C. (2016). Generalizability of pharmacologic and 

psychotherapy clinical trial results for posttraumatic stress disorder to community 

samples. The Journal of clinical psychiatry, 77(8), e975-e981. 

https://doi.org/10.4088/JCP.15m10060  

Frank, D. (2020). Methadone maintenance treatment is swapping one drug for another, 

and that's why it works: Towards a treatment-based critique of the war on drugs. 

International Journal of Drug Policy, 83, 102844. 

https://doi.org/https://doi.org/10.1016/j.drugpo.2020.102844  

Franklyn, A. M., Eibl, J. K., Gauthier, G. J., & Marsh, D. C. (2017). The impact of 

cannabis use on patients enrolled in opioid agonist therapy in Ontario, Canada. 

PLoS ONE, 12(11), 1-11. https://doi.org/10.1371/journal.pone.0187633  

Ghabrash, M. F., Bahremand, A., Veilleux, M., Blais-Normandin, G., Chicoine, G., 

Sutra-Cole, C., Kaur, N., Ziegler, D., Dubreucq, S., Juteau, L.-C., Lestage, L., & 

Jutras-Aswad, D. (2020). Depression and outcomes of methadone and 

buprenorphine treatment among people with opioid use disorders: A literature 

review. Journal of Dual Diagnosis, 16(2), 191-207. 

https://doi.org/10.1080/15504263.2020.1726549  

Glasheen, W. P., Cordier, T., Gumpina, R., Haugh, G., Davis, J., & Renda, A. (2019). 

Charlson Comorbidity Index: ICD-9 Update and ICD-10 Translation. American 

health & drug benefits, 12(4), 188-197.  



 

155 
 

Gonzalez, J. P., & Brogden, R. N. (1988). Naltrexone. A review of its pharmacodynamic 

and pharmacokinetic properties and therapeutic efficacy in the management of 

opioid dependence. Drugs, 35(3), 192-213. https://doi.org/10.2165/00003495-

198835030-00002 

Greenfield, S. F., Brooks, A. J., Gordon, S. M., Green, C. A., Kropp, F., McHugh, R. K., 

Lincoln, M., Hien, D., & Miele, G. M. (2007). Substance abuse treatment entry, 

retention, and outcome in women: A review of the literature. Drug and Alcohol 

Dependence, 86(1), 1-21. https://doi.org/10.1016/j.drugalcdep.2006.05.012  

Guo, S. (2010). Survival Analysis Oxford University Press.  

Hadland, S. E., Bagley, S. M., Rodean, J., Silverstein, M., Levy, S., Larochelle, M. R., 

Samet, J. H., & Zima, B. T. (2018). Receipt of timely addiction treatment and 

association of early medication treatment with retention in care among youths 

with opioid use disorder. JAMA Pediatrics, 172(11), 1029-1037. 

https://doi.org/10.1001/jamapediatrics.2018.2143  

Hansen, H. B., Siegel, C. E., Case, B. G., Bertollo, D. N., DiRocco, D., & Galanter, M. 

(2013). Variation in use of buprenorphine and methadone treatment by racial, 

ethnic, and income characteristics of residential social areas in New York City. 

The journal of behavioral health services & research, 40(3), 367-377. 

https://doi.org/10.1007/s11414-013-9341-3 

Hedegaard, H., Miniño, A. M., & Warner, M. (2020). Drug overdose deaths in the United 

States, 1999-2018. NCHS data brief(356), 1-8 

Herbeck, D. M., Fitek, D. J., Svikis, D. S., Montoya, I. D., Marcus, S. C., & West, J. C. 

Treatment compliance in patients with comorbid psychiatric and substance use 



 

156 
 

disorders. The American journal on addictions 14(3),195-207. 

https://doi.org/10.1080/10550490590949488  

Herbeck, D. M., Jeter, K. E., Cousins, S. J., Abdelmaksoud, R., & Crèvecoeur-MacPhail, 

D. (2016). Gender differences in treatment and clinical characteristics among 

patients receiving extended release naltrexone. Journal of Addictive Diseases, 

35(4), 305-314. https://doi.org/10.1080/10550887.2016.1189659  

Hochheimer, M., Sacco, P., & Ware, O. D. (2020). Latent classes of lifetime drug use 

disorder in national epidemiological survey on alcohol and related conditions – III  

Addictive Behaviors, 106. https://doi.org/10.1016/j.addbeh.2020.106379  

Hochheimer, M., & Unick, G. J. (2022). Systematic review and meta-analysis of 

retention in treatment using medications for opioid use disorder by medication, 

race/ethnicity, and gender in the United States.  Addictive Behaviors, 124. 

https://doi.org/10.1016/j.addbeh.2021.107113  

Hoertel, N., Le Strat, Y., Blanco, C., Lavaud, P., & Dubertret, C. (2012). Generalizability 

of clinical trial results for generalized anxiety disorder to community samples. 

Depression and anxiety, 29(7), 614-620. https://doi.org/10.1002/da.21937  

Hoertel, N., López, S., Wang, S., González-Pinto, A., Limosin, F., & Blanco, C. (2015). 

Generalizability of pharmacological and psychotherapy clinical trial results for 

borderline personality disorder to community samples. Personality disorders, 

6(1), 81-87. https://doi.org/10.1037/per0000091  

Hoertel, N., Rotenberg, L., Schuster, J.-P., Blanco, C., Lavaud, P., Hanon, C., Hozer, F., 

Teruel, E., Manetti, A., Costemale-Lacoste, J.-F., Seigneurie, A.-S., & Limosin, 

F. (2021). Generalizability of pharmacologic and psychotherapy trial results for 



 

157 
 

late-life unipolar depression. Aging & Mental Health, 25(2), 367-377. 

https://doi.org/10.1080/13607863.2019.1691146  

Hooker, S. A., Sherman, M. D., Lonergan-Cullum, M., Sattler, A., Liese, B. S., Justesen, 

K., Nissly, T., & Levy, R. (2020). Mental health and psychosocial needs of 

patients being treated for opioid use disorder in a primary care residency clinic. 

Journal of Primary Care & Community Health, 11, 1-8. 

https://doi.org/10.1177/2150132720932017 

Hougaard, P. (1995). Frailty models for survival data. Lifetime data analysis, 1(3), 255-

273. https://doi.org/10.1007/BF00985760  

Hser, Y.-I., Huang, D., Saxon, A. J., Woody, G., Moskowitz, A. L., Matthews, A. G., & 

Ling, W. (2017). Distinctive trajectories of opioid use over an extended follow-up 

of patients in a multisite trial on buprenorphine + naloxone and methadone. 

Journal of Addiction Medicine, 11(1), 63-69. 

https://doi.org/10.1097/ADM.0000000000000274  

Hsu, D. J., McCarthy, E. P., Stevens, J. P., & Mukamal, K. J. (2017). Hospitalizations, 

costs and outcomes associated with heroin and prescription opioid overdoses in 

the United States 2001-12. Addiction, 112(9), 1558-1564. 

https://doi.org/10.1111/add.13795  

Hui, D., Weinstein, Z. M., Cheng, D. M., Quinn, E., Kim, H., Labelle, C., & Samet, J. H. 

(2017). Very early disengagement and subsequent re-engagement in primary care 

Office Based Opioid Treatment (OBOT) with buprenorphine. Journal of 

Substance Abuse Treatment, 79, 12-19. https://doi.org/10.1016/j.jsat.2017.05.010  



 

158 
 

Hyman, S. E., Malenka, R. C., & Nestler, E. J. (2006). Neural mechanisms of addiction: 

the role of reward-related learning and memory. Annual review of neuroscience, 

29, 565-598. http://doi.org/10.1146/annurev.neuro.29.051605.113009 

Iacus, S. M., King, G., & Porro, G. (2012). Causal Inference without Balance Checking: 

Coarsened Exact Matching. Political Analysis, 20(1), 1-24. 

https://doi.org/10.1093/pan/mpr013  

Imtiaz, S., Probst, C., & Rehm, J. (2018). Substance use and population life expectancy 

in the USA: Interactions with health inequalities and implications for policy. Drug 

and Alcohol Review, 37 Suppl 1, S263-S267. https://doi.org/10.1111/dar.12616  

Inciardi, J. A. (1977). Methadone diversion: experiences and issues (Vol. 77, No. 488). 

Department of Health, Education, and Welfare, Public Health Service, Alcohol, 

Drug Abuse, and Mental Health Administration, National Institute on Drug 

Abuse. 

Jacobs, D. F. (1986). A general theory of addictions: A new theoretical model. Journal of 

gambling behavior, 2(1), 15-31. https://doi.org/10.1007/BF01019931  

Jaffe, J. H., & O'Keeffe, C. (2003). From morphine clinics to buprenorphine: regulating 

opioid agonist treatment of addiction in the United States. Drug and Alcohol 

Dependence, 70(2, Supplement), S3-S11. 

https://doi.org/https://doi.org/10.1016/S0376-8716(03)00055-3  

Jarvis, B. P., Holtyn, A. F., Berry, M. S., Subramaniam, S., Umbricht, A., Fingerhood, 

M., Bigelow, G. E., & Silverman, K. (2018). Predictors of induction onto 

extended-release naltrexone among unemployed heroin-dependent adults. Journal 



 

159 
 

of Substance Abuse Treatment, 85 38-44. 

https://doi.org/10.1016/j.jsat.2017.04.012  

Jarvis, B. P., Holtyn, A. F., Subramaniam, S., Tompkins, D. A., Oga, E. A., Bigelow, G. 

E., & Silverman, K. (2018). Extended-release injectable naltrexone for opioid use 

disorder: a systematic review. Addiction (Abingdon, England), 113(7), 1188-

1209. https://doi.org/10.1111/add.14180  

Johansson, B. A., Berglund, M., & Lindgren, A. (2006). Efficacy of maintenance 

treatment with naltrexone for opioid dependence: a meta-analytical review. 

Addiction, 101(4), 491-503. https://doi.org/10.1111/j.1360-0443.2006.01369.x  

John, W. S., Zhu, H., Mannelli, P., Subramaniam, G. A., Schwartz, R. P., McNeely, J., & 

Wu, L.-T. (2019). Prevalence and patterns of opioid misuse and opioid use 

disorder among primary care patients who use tobacco. Drug and Alcohol 

Dependence, 194, 468-475. 

https://doi.org/https://doi.org/10.1016/j.drugalcdep.2018.11.011  

Jones, C. M., Campopiano, M., Baldwin, G., & McCance-Katz, E. (2015). National and 

State Treatment Need and Capacity for Opioid Agonist Medication-Assisted 

Treatment. American journal of public health, 105(8), e55-e63. 

https://doi.org/10.2105/AJPH.2015.302664  

Kaplan, G. B., Heinrichs, S. C., & Carey, R. J. (2011). Treatment of addiction and 

anxiety using extinction approaches: Neural mechanisms and their treatment 

implications. Pharmacology, Biochemistry and Behavior, 97(3), 619-625. 

https://doi.org/10.1016/j.pbb.2010.08.004  



 

160 
 

Kelly, S. M., O'Grady, K. E., Schwartz, R. P., Peterson, J. A., Wilson, M. E., & Brown, 

B. S. (2010). The relationship of social support to treatment entry and 

engagement: the Community Assessment Inventory. Substance abuse, 31(1), 43-

52. https://doi.org/10.1080/08897070903442640  

Khantzian, E. J. (1985). The self-medication hypothesis of addictive disorders – Focus on 

heroin and cocaine dependence. American Journal of Psychiatry, 142 (11), 1259 -

1264. https://doi.org/10.1176/ajp.142.11.1259  

Khantzian, E. J. (1997). The self-medication hypothesis of substance use disorders: A 

reconsideration and recent applications. Harv Rev Psychiatry, 4. 

https://doi.org/10.3109/10673229709030550  

Khantzian, E. J. (2003). Understanding addictive vulnerability: An evolving 

psychodynamic perspective. Neuropsychoanalysis, 5(1), 5-21. 

https://doi.org/10.1080/15294145.2003.10773403  

Khantzian, E. J., & Albanese, M. J. (2003). Substance use disorders: A modern 

psychiatric perspective. Primary Psychiatry, 10(9), 45-46.  

Khantzian, E. J., & Albanese, M. J. (2008). Understanding addiction as self medication: 

Finding hope behind the pain. . Lanham: Rowman & Littlefield.  

King, G., Nielsen, R., Coberley, C., Pope, J. E., & Wells, A. (2011). Comparative 

Effectiveness of Matching Methods for Causal Inference. Unpublished 

manuscript, Institute for Quantitative Social Science, Harvard University, 

Cambridge, MA.. 

Kleber, H. D. (1985). Naltrexone. Journal of Substance Abuse Treatment, 2(2), 117-122. 

https://doi.org/ 10.1016/0740-5472(85)90036-4 



 

161 
 

Kolodny, A., Courtwright, D. T., Hwang, C. S., Kreiner, P., Eadie, J. L., Clark, T. W., & 

Alexander, G. C. (2015). The prescription opioid and heroin crisis: a public health 

approach to an epidemic of addiction. Annual Review of Public Health, 36(1), 

559-574. https://doi.org/10.1146/annurev-publhealth-031914-122957  

Krupitsky, E. (2011). Naltrexone for opiate dependence: Oral, implantable, and 

injectable. European Neuropsychopharmacology, 21, S104-S105. 

https://doi.org/10.1016/S0924-977X(11)70111-0  

Krupitsky, E., Nunes, E. V., Ling, W., Gastfriend, D. R., Memisoglu, A., & Silverman, 

B. L. (2013). Injectable extended-release naltrexone (XR-NTX) for opioid 

dependence: long-term safety and effectiveness. Addiction (Abingdon, England), 

108(9), 1628-1637. https://doi.org/ 10.1111/add.12208   

Krupitsky, E., Nunes, E. V., Ling, W., Illeperuma, A., Gastfriend, D. R., & Silverman, B. 

L. (2011). Injectable extended-release naltrexone for opioid dependence: A 

double-blind, placebo-controlled, multicentre randomised trial. The Lancet, 

377(9776), 1506-1513. https://doi.org/10.1016/S0140-6736(11)60358-9  

Krupitsky, E., Zvartau, E., Blokhina, E., Verbitskaya, E., Tsoy, M., Wahlgren, V., 

Burakov, A., Masalov, D., Romanova, T. N., Palatkin, V., Tyurina, A., 

Yaroslavtseva, T., Sinha, R., & Kosten, T. R. (2013). Naltrexone with or without 

guanfacine for preventing relapse to opiate addiction in St.-Petersburg, Russia. 

Drug and Alcohol Dependence, 132(3), 674-680. 

https://doi.org/10.1016/j.drugalcdep.2013.04.021  

Krupitsky, E. M., Zvartau, E. E., Masalov, D. V., Tsoi, M. V., Burakov, A. M., Egorova, 

V. Y., Didenko, T. Y., Romanova, T. N., Ivanova, E. B., Bespalov, A. Y., 



 

162 
 

Verbitskaya, E. V., Neznanov, N. G., Grinenko, A. Y., O'Brien, C. P., & Woody, 

G. E. (2004). Naltrexone for heroin dependence treatment in St. Petersburg, 

Russia. Journal of Substance Abuse Treatment, 26(4), 285-294. 

https://doi.org/10.1016/j.jsat.2004.02.002  

Ladha, K. S., Zhao, K., Quraishi, S. A., Kurth, T., Eikermann, M., Kaafarani, H. M. A., 

Klein, E. N., Seethala, R., & Lee, J. (2015). The Deyo-Charlson and Elixhauser-

van Walraven Comorbidity Indices as predictors of mortality in critically ill 

patients. BMJ open, 5(9), e008990-e008990. https://doi.org/10.1136/bmjopen-

2015-008990  

Langabeer, J. R., Stotts, A. L., Cortez, A., Tortolero, G., & Champagne-Langabeer, T. 

(2020). Geographic proximity to buprenorphine treatment providers in the U.S 

[Article]. Drug and Alcohol Dependence, 213. 

https://doi.org/10.1016/j.drugalcdep.2020.108131  

Lappan, S. N., Brown, A. W., & Hendricks, P. S. (2020). Dropout rates of in‐person 

psychosocial substance use disorder treatments: a systematic review and meta‐

analysis. Addiction, 115(2), 201-217. https://doi.org/10.1111/add.14793  

Lee, J. D., Friedmann, P. D., Kinlock, T. W., Nunes, E. V., Boney, T. Y., Hoskinson, R. 

A., Wilson, D., McDonald, R., Rotrosen, J., Gourevitch, M. N., Gordon, M., 

Fishman, M., Chen, D. T., Bonnie, R. J., Cornish, J. W., Murphy, S. M., & 

O'Brien, C. P. (2016). Extended-release naltrexone to prevent opioid relapse in 

criminal justice offenders. New England Journal of Medicine, 374(13), 1232-

1242. https://doi.org/10.1056/NEJMoa1505409  



 

163 
 

Lee, J. D., Nunes, E. V., Novo, P., Bachrach, K., Bailey, G. L., Bhatt, S., Farkas, S., 

Fishman, M., Gauthier, P., Hodgkins, C. C., King, J., Lindblad, R., Liu, D., 

Matthews, A. G., May, J., Peavy, K. M., Ross, S., Salazar, D., Schkolnik, P., . . . 

Rotrosen, J. (2018). Comparative effectiveness of extended-release naltrexone 

versus buprenorphine-naloxone for opioid relapse prevention (X:BOT): a 

multicentre, open-label, randomised controlled trial. The Lancet, 391(10118), 

309-318. https://doi.org/10.1016/S0140-6736(17)32812-X  

Lenhard, W., & Lenhard, A. (2016). Computation of effect sizes. Psychometrica. 

https://www.psychometrica.de/effect_size.html 

Leslie, D. L., Ba, D. M., Agbese, E., Xueyi, X., & Guodong, L. (2019). The Economic 

Burden of the Opioid Epidemic on States: The Case of Medicaid. American 

Journal of Managed Care, 25, S243-S249.  

Leslie, D. L., Milchak, W., Gastfriend, D. R., Herschman, P. L., Bixler, E. O., Velott, D. 

L., & Meyer, R. E. (2015). Effects of injectable extended-release naltrexone (XR-

NTX) for opioid dependence on residential rehabilitation outcomes and early 

follow-up. American Journal on Addictions, 24(3), 265-270. 

https://doi.org/10.1111/ajad.12182  

Lewis, M. (2018). Brain Change in Addiction as Learning, Not Disease. The New 

England journal of medicine, 379(16), 1551-1560. 

https://doi.org/10.1056/NEJMra1602872  

Liang, K.-Y., & Zeger, S. L. (1986). Longitudinal data analysis using generalized linear 

models. Biometrika, 73(1), 13-22.  



 

164 
 

Ling, S., Mangaoil, R., Cleverley, K., Sproule, B., & Puts, M. (2019). A systematic 

review of sex differences in treatment outcomes among people with opioid use 

disorder receiving buprenorphine maintenance versus other treatment conditions. 

Drug and Alcohol Dependence, 197, 168-182. 

https://doi.org/10.1016/j.drugalcdep.2019.02.007  

Ling, W., Mooney, L., & Wu, L. T. (2012). Advances in Opioid Antagonist Treatment 

for Opioid Addiction. Psychiatric Clinics of North America, 35(2), 297-308. 

https://doi.org/10.1016/j.psc.2012.03.002  

Lipsey, M. W., & Wilson, D. B. (2001). Practical meta-analysis. SAGE Publications, 

Inc.  

Lobmaier, P., Kornør, H., Kunøe, N., & Bjørndal, A. (2008). Sustained-release 

naltrexone for opioid dependence. Cochrane Database of Systematic Reviews(2). 

https://doi.org/10.1002/14651858.CD006140.pub2  

Lobmaier, P. P., Kunøe, N., Gossop, M., & Waal, H. (2011). Naltrexone depot 

formulations for opioid and alcohol dependence: A systematic review. CNS 

Neuroscience and Therapeutics, 17(6), 629-636. https://doi.org/10.1111/j.1755-

5949.2010.00194.x  

MacCallum, R. C., Browne, M. W., & Cai, L. (2006). Testing differences between nested 

covariance structure models: Power analysis and null hypotheses. Psychological 

Methods, 11(1), 19-35. https://doi.org/10.1037/1082-989X.11.1.19 

Makarenko, I., Pykalo, I., Springer, S. A., Mazhnaya, A., Marcus, R., Filippovich, S., 

Dvoriak, S., & Altice, F. L. (2019). Treating opioid dependence with extended-

release naltrexone (XR-NTX) in Ukraine: Feasibility and three-month outcomes. 



 

165 
 

Journal of Substance Abuse Treatment, 104(34-41). 

https://doi.org/10.1016/j.jsat.2019.05.008  

Manhapra, A., Quinones, L., & Rosenheck, R. (2016). Characteristics of veterans 

receiving buprenorphine vs. methadone for opioid use disorder nationally in the 

Veterans Health Administration. Drug and Alcohol Dependence, 160, 82-

89.https://doi.org/ 10.1016/j.drugalcdep.2015.12.035  

Mannelli, P., Peindl, K. S., & Wu, L. T. (2011). Pharmacological enhancement of 

naltrexone treatment for opioid dependence: a review. Subst Abuse Rehabil, 

2011(2), 113-123. https://doi.org/10.2147/sar.S15853  

Maremmani, I., Zolesi, O., Aglietti, M., Marini, G., Tagliamonte, A., Shinderman, M., & 

Maxwell, S. (2000). Methadone Dose and Retention During Treatment of Heroin 

Addicts with Axis I Psychiatric Comorbidity. Journal of Addictive Diseases, 

19(2), 29-41. https://doi.org/10.1300/J069v19n02_03  

Martin, W. R., Gorodetzky, C. W., & McClane, T. K. (1966). An experimental study in 

the treatment of narcotic addicts with cyclazocine. Clinical Pharmacology and 

Therapeutics, 7(4), 455-465. https://doi.org/10.1002/cpt196674455  

McCabe, S. E., & West, B. T. (2017). The 3-year course of multiple substance use 

disorders in the United States: a national longitudinal study. The Journal of 

clinical psychiatry, 78(5), e537-e544. https://doi.org/10.4088/JCP.16m10657  

Metzger, D. S., Woody, G. E., McLellan, A. T., O'Brien, C. P., Druley, P., Navaline, H., 

DePhilippis, D., Stolley, P., & Abrutyn, E. (1993). Human immunodeficiency 

virus seroconversion among intravenous drug users in-and out-of-treatment: an 



 

166 
 

18-month prospective follow-up. Journal of acquired immune deficiency 

syndromes, 6, 1049-1049.  

Mintz, C. M., Presnall, N. J., Sahrmann, J. M., Borodovsky, J. T., Glaser, P. E. A., Bierut, 

L. J., & Grucza, R. A. (2020). Age disparities in six-month treatment retention for 

opioid use disorder [Article]. Drug and Alcohol Dependence, 213. 

https://doi.org/10.1016/j.drugalcdep.2020.108130  

Moreno, J., Wakeman, S., Duprey, M., Roberts, R., Jacobson, J., & Devlin, J. (2019). 

Predictors for 30-Day and 90-Day Hospital Readmission Among Patients With 

Opioid Use Disorder. Journal of Addiction Medicine (13), 8. https://doi.org/ 

https://doi.org/10.1097/ADM.0000000000000499  

Morgan, J. R., Schackman, B. R., Leff, J. A., Linas, B. P., & Walley, A. Y. (2018). 

Injectable naltrexone, oral naltrexone, and buprenorphine utilization and 

discontinuation among individuals treated for opioid use disorder in a United 

States commercially insured population. Journal of Substance Abuse Treatment, 

85, 90-96. https://doi.org/10.1016/j.jsat.2017.07.001  

Morgan, J. R., Schackman, B. R., Weinstein, Z. M., Walley, A. Y., & Linas, B. P. (2019). 

Overdose following initiation of naltrexone and buprenorphine medication 

treatment for opioid use disorder in a United States commercially insured cohort. 

Drug and Alcohol Dependence, 200((Morgan J.R., jakem@bu.edu; Linas B.P.) 

Department of Medicine, Section of Infectious Diseases, Boston Medical Center, 

801 Massachusetts Avenue Boston, United States(Schackman B.R.) Department 

of Healthcare Policy and Research, Weill Cornell Medical Colle), 34-39. 

https://doi.org/10.1016/j.drugalcdep.2019.02.031  



 

167 
 

National Academies of Sciences, E., Medicine, Health, Medicine, D., Board on Health 

Sciences, P., Committee on Medication-Assisted Treatment for Opioid Use, D., 

Michelle, M., & Alan, I. L. (2019). Medications for Opioid Use Disorder Save 

Lives. National Academies Press.  

National Institute on Drug Abuse. (2020). Overdose Death Rates. Retrieved October 6, 

2020 from https://www.drugabuse.gov/drug-topics/trends-statistics/overdose-

death-rates 

Neumann, A. M., Blondell, R. D., Jaanimägi, U., Giambrone, A. K., Homish, G. G., 

Lozano, J. R., Kowalik, U., & Azadfard, M. (2013). A Preliminary Study 

Comparing Methadone and Buprenorphine in Patients with Chronic Pain and 

Coexistent Opioid Addiction. Journal of Addictive Diseases, 32(1), 68-78. 

https://doi.org/10.1080/10550887.2012.759872  

Newman, D., Parente, S. T., Barrette, E., & Kennedy, K. (2016). Prices For Common 

Medical Services Vary Substantially Among The Commercially Insured. Health 

Affairs, 35(5), 923-927. https://doi.org/10.1377/hlthaff.2015.1379  

NIDA. (2005). Drug Abuse and Addiction: One of America's Most Challenging Public 

Health Problems. https://archives.drugabuse.gov/publications/drug-abuse-

addiction-one-americas-most-challenging-public-health-problems  

Noble, F., Lenoir, M., & Marie, N. (2015). The opioid receptors as targets for drug abuse 

medication. British journal of pharmacology, 172(16), 3964-3979. 

https://doi.org/10.1111/bph.13190  



 

168 
 

O'Connor, A. M., Cousins, G., Durand, L., Barry, J., & Boland, F. (2020). Retention of 

patients in opioid substitution treatment: A systematic review. PLoS ONE, 15(5), 

1-23. https://doi.org/10.1371/journal.pone.0232086  

O'Sullivan, S. S., Wu, K., Politis, M., Lawrence, A. D., Evans, A. H., Bose, S. K., 

Djamshidian, A., Lees, A. J., Piccini, P., O'Sullivan, S. S., Wu, K., Politis, M., 

Lawrence, A. D., Evans, A. H., Bose, S. K., Djamshidian, A., Lees, A. J., & 

Piccini, P. (2011). Cue-induced striatal dopamine release in Parkinson's disease-

associated impulsive-compulsive behaviours. Brain: A Journal of Neurology, 

134(4), 969-978. https://doi.org/10.1093/brain/awr003  

O’Brien, P., Henke, R. M., Schaefer, M. B., Lin, J., & Creedon, T. B. (2020). Utilization 

of treatment by Medicaid enrollees with opioid use disorder and co-occurring 

substance use disorders [Article]. Drug and Alcohol Dependence, 217. 

https://doi.org/10.1016/j.drugalcdep.2020.108261  

Ondo, W. G., & Lai, D. (2008). Predictors of impulsivity and reward seeking behavior 

with dopamine agonists. Parkinsonism & related disorders, 14(1), 28-32. 

https://doi.org/ 10.1016/j.parkreldis.2007.05.006  

Park, Y., Sylla, I., Henke, R. M., & Das, A. K. (2020). Medication assisted treatment and 

healthcare cost among patients with opioid use disorder. Value in Health, 23, 

S129-S130. https://doi.org/10.1016/j.jval.2020.04.296  

Perry, A., Wing, V., & Manjelievskaia, J. (2019). Comparison of healthcare resource 

utilization (HCRU) and expenditures among us commercially-insured patients 

with opioid use disorder (OUD) by type of medication-assisted treatment (MAT) 



 

169 
 

received. Value in Health, 22((Perry A.) IBM Watson Health, Boston, MA, S692-

S693. https://doi.org/10.1016/j.jval.2019.09.1540  

Pettorruso, M., Fasano, A., De Risio, L., Ricciardi, L., Di Nicola, M., Martinotti, G., 

Janiri, L., & Bentivoglio, A. R. (2016). Punding in non-demented Parkinson's 

disease patients: Relationship with psychiatric and addiction spectrum 

comorbidity. Journal of the Neurological Sciences, 362, 344-347. 

https://doi.org/10.1016/j.jns.2016.02.016  

Politis, M., Loane, C., Wu, K., O'Sullivan, S. S., Woodhead, Z., Kiferle, L., Lawrence, A. 

D., Lees, A. J., & Piccini, P. (2013). Neural response to visual sexual cues in 

dopamine treatment-linked hypersexuality in Parkinson's disease. Brain: A 

Journal of Neurology, 136(2), 400-411. https://doi.org/10.1093/brain/aws326  

Powers, K. I., & Anglin, M. D. (1993). Cumulative versus stabilizing effects of 

methadone maintenance: A quasi-experimental study using longitudinal self-

report data. Evaluation Review, 17(3), 243-270.  

R Core Team. (2020). R: A language and enviroment for statistical computing. In 

(Version R version 4.0.3 (2020-10-10) -- Bunny-Wunnies Freak Out") R 

Foundation for Statistical Computing.  

Raz, M. (2017). Treating Addiction or Reducing Crime? Methadone Maintenance and 

Drug Policy Under the Nixon Administration. Journal of Policy History, 29(1), 

58-86. https://doi.org/10.1017/S089803061600035X  

Robinson, T. E., & Berridge, K. C. (1993). The neural basis of drug craving: An 

incentive-sensitization theory of addiction. Brain Research Reviews, 18(3), 247-

291. https://doi.org/10.1016/0165-0173(93)90013-P  



 

170 
 

Robinson, T. E., & Berridge, K. C. (2001). Incentive-sensitization and addiction 

[Article]. Addiction, 96(1), 103-114. https://doi.org/10.1046/j.1360-

0443.2001.9611038.x  

Robinson, T. E., & Berridge, K. C. (2003). Addiction. Annual Review of Psychology, 

54(1), 25. https://doi.org/10.1146/annurev.psych.54.101601.145237  

Robinson, T. E., & Berridge, K. C. (2008). The Incentive Sensitization Theory of 

Addiction: Some Current Issues. Philosophical Transactions: Biological 

Sciences, 363(1507), 3137. https://doi.org/10.1098/rstb.2008.0093  

Ronquest, N. A., Willson, T. M., Montejano, L. B., Nadipelli, V. R., & Wollschlaeger, B. 

A. (2018). Relationship between buprenorphine adherence and relapse, health 

care utilization and costs in privately and publicly insured patients with opioid use 

disorder. Substance abuse and rehabilitation, 9, 59-78. 

https://doi.org/10.2147/SAR.S150253  

Rosenblum, A., Cleland, C., Fong, C., Kayman, D., Tempalski, B., & Parrino, M. (2011). 

Distance raveled and cross-state commuting to opioid treatment programs in the 

United States. Journal of Environmental and Public Health, 2011. 

https://doi.org/10.1155/2011/948789  

Rosenheck, R. A., Manhapra, A., Agbese, E., & Leslie, D. L. (2018). Three-year 

retention in buprenorphine treatment for opioid use disorder among privately 

insured adults. Psychiatric Services, 69(7), 768-776. http://dx.doi.org.proxy-

hs.researchport.umd.edu/10.1176/appi.ps.201700363 

Rosic, T., Naji, L., Bawor, M., Dennis, B. B., Plater, C., Marsh, D. C., Thabane, L., & 

Samaan, Z. (2017). The impact of comorbid psychiatric disorders on methadone 



 

171 
 

maintenance treatment in opioid use disorder: a prospective cohort study. 

Neuropsychiatric disease and treatment, 13, 1399-1408. 

https://doi.org/10.2147/NDT.S129480  

Saloner, B., Daubresse, M., Alexander, G. C., & Caleb Alexander, G. (2017). Patterns of 

buprenorphine-naloxone treatment for opioid use disorder in a multistate 

population. Medical Care, 55(7), 669-676. 

https://doi.org/10.1097/MLR.0000000000000727  

Samples, H., Williams, A. R., Olfson, M., & Crystal, S. (2018). Risk factors for 

discontinuation of buprenorphine treatment for opioid use disorders in a multi-

state sample of Medicaid enrollees. Journal of Substance Abuse Treatment, 95, 9-

17. https://doi.org/10.1016/j.jsat.2018.09.001  

Saxon, A. J., Akerman, S. C., Liu, C. C., Sullivan, M. A., Silverman, B. L., & Vocci, F. J. 

(2018). Extended-release naltrexone (XR-NTX) for opioid use disorder in clinical 

practice: Vivitrol's Cost and Treatment Outcomes Registry. Addiction (Abingdon, 

England), 113(8), 1477-1487. https://doi.org/10.1111/add.14199  

Schultz, N. R., Martinez, R., Cucciare, M. A., & Timko, C. (2016). Patient, program, and 

system barriers and facilitators to detoxification services in the u.s. veterans 

health administration: A qualitative study of provider perspectives. Substance use 

& misuse, 51(10), 1330-1341. https://doi.org/10.3109/10826084.2016.1168446  

Schuman-Olivier, Z., Albanese, M., Nelson, S. E., Roland, L., Puopolo, F., Klinker, L., & 

Shaffer, H. J. (2010). Self-treatment: Illicit buprenorphine use by opioid-

dependent treatment seekers. Journal of Substance Abuse Treatment, 39(1), 41-

50. https://doi.org/10.1016/j.jsat.2010.03.014  



 

172 
 

Schuman-Olivier, Z., Weiss, R. D., Hoeppner, B. B., Borodovsky, J., & Albanese, M. J. 

(2014). Emerging adult age status predicts poor buprenorphine treatment 

retention. Journal of Substance Abuse Treatment, 47(3), 202-212. 

https://doi.org/10.1016/j.jsat.2014.04.006  

Scorsone, K. L., Haozous, E. A., Hayes, L., & Cox, K. J. (2020). Overcoming Barriers: 

Individual Experiences Obtaining Medication-Assisted Treatment for Opioid Use 

Disorder. Qualitative Health Research, 30(13), 2103-2117. 

https://doi.org/10.1177/1049732320938689  

Selby, P., Kahan, M., Centre for, A., & Mental, H. (2011). Methadone Maintenance : A 

Physician's Guide to Treatment (Vol. 2nd ed) [Book]. Centre for Addiction and 

Mental Health. 

Sengupta, P. (2013). The Laboratory Rat: Relating Its Age With Human's. International 

journal of preventive medicine, 4(6), 624-630. 

https://pubmed.ncbi.nlm.nih.gov/23930179 

Silverman, M., Slater, J., Jandoc, R., Koivu, S., Garg, A. X., & Weir, M. A. (2020). 

Hydromorphone and the risk of infective endocarditis among people who inject 

drugs: a population-based, retrospective cohort study  . The Lancet Infectious 

Diseases, 20(4), 487-497. https://doi.org/10.1016/S1473-3099(19)30705-4  

Simmons, H. A. (2016). Age-Associated Pathology in Rhesus Macaques (Macaca 

mulatta). Veterinary pathology, 53(2), 399-416. 

https://doi.org/10.1177/0300985815620628  

Slim, K., Nini, E., Forestier, D., Kwiatkowski, F., Panis, Y., & Chipponi, J. (2003). 

Methodological index for non-randomized studies (MINORS): development and 



 

173 
 

validation of a new instrument. ANZ journal of surgery, 73(9), 712-716. 

https://doi.org/10.1046/j.1445-2197.2003.02748.x 

Soares, I. I. I. W. E., Wilson, D., Rathlev, N., Lee, J. D., Gordon, M., Nunes, E. V., 

O'Brien, C. P., & Friedmann, P. D. (2018). Healthcare utilization in adults with 

opioid dependence receiving extended release naltrexone compared to treatment 

as usual  . Journal of Substance Abuse Treatment, 85, 66-69. 

https://doi.org/10.1016/j.jsat.2017.05.009  

Spencer, M. R., Warner, M., Bastian, B. A., Trinidad, J. P., & Hedegaard, H. (2019). 

Drug Overdose Deaths Involving Fentanyl, 2011-2016. National vital statistics 

reports : from the Centers for Disease Control and Prevention, National Center 

for Health Statistics, National Vital Statistics System, 68(3), 1-19.  

Stein, M. D., Risi, M. M., Bailey, G. L., & Anderson, B. J. (2016). Linkage to Primary 

Care for Persons First Receiving Injectable Naltrexone During Inpatient Opioid 

Detoxification. Journal of Substance Abuse Treatment, 64, 44-46. 

https://doi.org/10.1016/j.jsat.2016.01.007  

Strakowski, S. M., & Sax, K. W. (1998). Progressive behavioral response to repeated d-

amphetamine challenge: further evidence for sensitization in humans. Biological 

Psychiatry, 44(11), 1171-1177. http://dx.doi.org/10.1016/S0006-3223(97)00454-

X 

Strakowski, S. M., Sax, K. W., Setters, M. J., & Keck, P. E., Jr. (1996). Enhanced 

response to repeated d-amphetamine challenge: Evidence for behavioral 

sensitization in humans. Biological Psychiatry, 40(9), 872-880. 

http://dx.doi.org/10.1016/0006-3223(95)00497-1 



 

174 
 

Sulley, S., & Ndanga, M. (2020). Inpatient Opioid Use Disorder and Social Determinants 

of Health: A Nationwide Analysis of the National Inpatient Sample (2012-2014 

and 2016-2017). Cureus, 12(11), e11311. https://doi.org/10.7759/cureus.11311  

Sullivan, M. A., Bisaga, A., Mariani, J. J., Glass, A., Levin, F. R., Comer, S. D., & 

Nunes, E. V. (2013). Naltrexone treatment for opioid dependence: Does its 

effectiveness depend on testing the blockade? Drug and Alcohol Dependence, 

133(1), 80-85. https://doi.org/10.1016/j.drugalcdep.2013.05.030  

Sullivan, M. A., Bisaga, A., Pavlicova, M., Carpenter, K. M., Choi, C. J., Mishlen, K., 

Levin, F. R., Mariani, J. J., & Nunes, E. V. (2019). A randomized trial comparing 

extended-release injectable suspension and oral naltrexone, both combined with 

behavioral therapy, for the treatment of opioid use disorder. American Journal of 

Psychiatry, 176(2), 129-137. https://doi.org/10.1176/appi.ajp.2018.17070732  

Tanum, L., Solli, K. K., Latif, Z. E. H., Benth, J. Š., Opheim, A., Sharma-Haase, K., 

Krajci, P., & Kunøe, N. (2017). Effectiveness of injectable extended-release 

naltrexone vs daily buprenorphine-naloxone for opioid dependence: A 

randomized clinical noninferiority trial. JAMA Psychiatry, 74(12), 1197-1205. 

https://doi.org/10.1001/jamapsychiatry.2017.3206  

Tiffany, S. T. (1990). A Cognitive Model of Drug Urges and Drug-Use Behavior: Role of 

Automatic and Nonautomatic Processes (0033-295X). 

Timko, C., Schultz, N. R., Cucciare, M. A., Vittorio, L., & Garrison-Diehn, C. (2016). 

Retention in medication-assisted treatment for opiate dependence: A systematic 

review. Journal of Addictive Diseases, 35(1), 22-35. 

https://doi.org/10.1080/10550887.2016.1100960  



 

175 
 

Truven Health. Truven Health MarketScan® Research Databseses: Commercial Claims 

and Encounters Medicare Supplemental. Data Years: 2010-2012 Dissertation 

Support Edition.  

Tuten, M., Fitzsimons, H., Hochheimer, M., Jones, H. E., & Chisolm, M. S. (2018). The 

impact of early substance use disorder treatment response on treatment outcomes 

among pregnant women with primary opioid use. Journal of Addiction Medicine, 

12(4), 300-307. https://doi.org/10.1097/ADM.0000000000000397  

Unick, G. J., Rosenblum, D., Mars, S., & Ciccarone, D. (2013). Intertwined epidemics: 

national demographic trends in hospitalizations for heroin- and opioid-related 

overdoses, 1993-2009. PLoS ONE, 8(2), e54496. 

https://doi.org/10.1371/journal.pone.0054496  

United States Drug Enforcement Administration. (2020). Fentanyl. 

https://www.dea.gov/factsheets/fentanyl 

van Draanen, J., Tsang, C., Mitra, S., Karamouzian, M., & Richardson, L. (2020). 

Socioeconomic marginalization and opioid-related overdose: A systematic 

review. Drug and Alcohol Dependence, 214. 

https://doi.org/10.1016/j.drugalcdep.2020.108127  

Velasquez, M., Flannery, M., Badolato, R., Vittitow, A., McDonald, R. D., Tofighi, B., 

Garment, A. R., Giftos, J., & Lee, J. D. (2019). Perceptions of extended-release 

naltrexone, methadone, and buprenorphine treatments following release from jail. 

Addiction science & clinical practice, 14(1), 37. https://doi.org/10.1186/s13722-

019-0166-0  



 

176 
 

Viechtbauer, W. (2010). Conducting meta-analyses in {R} with the {metafor} package. 

Journal of Statistical Software, 36(3), 1-48. https://www.jstatsoft.org/v36/i03/  

Vo, H. T., Burgower, R., Rozenberg, I., & Fishman, M. (2018). Home-based delivery of 

XR-NTX in youth with opioid addiction. Journal of Substance Abuse Treatment, 

85, 84-89. https://doi.org/10.1016/j.jsat.2017.08.007  

Vo, H. T., Robbins, E., Westwood, M., Lezama, D., & Fishman, M. (2016). Relapse 

prevention medications in community treatment for young adults with opioid 

addiction. Substance abuse, 37(3), 392-397. 

https://www.tandfonline.com/doi/full/10.1080/08897077.2016.1143435  

Wakeman, S. E., Larochelle, M. R., Ameli, O., Chaisson, C. E., McPheeters, J. T., 

Crown, W. H., Azocar, F., & Sanghavi, D. M. (2020). Comparative Effectiveness 

of Different Treatment Pathways for Opioid Use Disorder. JAMA Network Open, 

3(2). https://doi.org/10.1001/jamanetworkopen.2019.20622  

Wang, A. L., Elman, I., Lowen, S. B., Blady, S. J., Lynch, K. G., Hyatt, J. M., O'Brien, 

C. P., & Langleben, D. D. (2015). Neural correlates of adherence to extended-

release naltrexone pharmacotherapy in heroin dependence [Journal Article]. 

Translational Psychiatry. https://doi.org/10.1038/tp.2015.20 

Weinstein, Z. M., Kim, H. W., Cheng, D. M., Quinn, E., Hui, D., Labelle, C. T., 

Drainoni, M.-L., Bachman, S. S., & Samet, J. H. (2017). Long-term retention in 

Office Based Opioid Treatment with buprenorphine  . Journal of Substance Abuse 

Treatment, 74, 65-70. https://doi.org/10.1016/j.jsat.2016.12.010  

Weir, M. A., Slater, J., Jandoc, R., Koivu, S., Garg, A. X., & Silverman, M. (2019). 

Vulnerable Populations: The risk of infective endocarditis among people who 



 

177 
 

inject drugs: a retrospective, population-based time series analysis. Cmaj 

191(4),E93-E99. https://doi.org/10.1503/cmaj.180694  

Weiss, R. D., & Rao, V. (2017). The Prescription Opioid Addiction Treatment Study: 

What have we learned. Drug and Alcohol Dependence, 173 Suppl 1(Suppl 1), 

S48-S54. https://doi.org/10.1016/j.drugalcdep.2016.12.001  

Westgate, P. M. (2020). Approaches for the utilization of multiple criteria to select a 

working correlation structure for use within generalized estimating equations. 

Communications in Statistics-Simulation and Computation, 49(2), 305-316. 

https://doi.org/10.1080/03610918.2018.1484476 

Wiers, R. W. H. J., & Stacy, A. W. (2005). Handbook of Implicit Cognition and 

Addiction  [Book]. SAGE Publications, Inc.  

Wikler, A. (1973). Requirements for extinction of relapse-facilitating variables and for 

rehabilitation in a narcotic-antagonist treatment program. Advances in 

biochemical psychopharmacology, 8(0), 399-414.  

Wikler, A. (1984). Conditioning factors in opiate addiction and relapse. Journal of 

Substance Abuse Treatment, 1(4), 279-285. https://doi.org/10.1016/0740-

5472(84)90008-4  

World Health Organization. (1977). Manual of the international statistical classification 

of diseases, injuries, and causes of death : based on the recommendations of the 

Ninth Revision Conference, 1975, and adopted by the Twenty-ninth World Health 

Assembly, World Health Organization.  

Wyvell, C. L., & Berridge, K. C. (2000). Intra-accumbens amphetamine increases the 

conditioned incentive salience of sucrose reward: enhancement of reward 



 

178 
 

"wanting" without enhanced "liking" or response reinforcement. The Journal of 

neuroscience : the official journal of the Society for Neuroscience, 20(21), 8122-

8130.  

Wyvell, C. L., & Berridge, K. C. (2001). Incentive sensitization by previous 

amphetamine exposure: increased cue-triggered "wanting" for sucrose reward. 

The Journal of neuroscience : the official journal of the Society for Neuroscience, 

21(19), 7831-7840.  

Zibbell, J. E., Asher, A. K., Patel, R. C., Kupronis, B., Iqbal, K., Ward, J. W., & 

Holtzman, D. (2018). Increases in acute hepatitis C virus infection related to a 

growing opioid epidemic and associated injection drug use, United States, 2004 to 

2014. American journal of public health, 108(2), 175-181. 

https://doi.org/10.2105/AJPH.2017.304132  


