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Abstract

Background: Prescription drug monitoring programs (PDMPs) that collect and distribute 

information on dispensed controlled substances have been adopted by nearly all US states. We 

know little about program characteristics that modify PDMP impact on prescription opioid 

overdose deaths.

Methods: We measured associations between adoption of any PDMP and changes in fatal 

prescription opioid overdoses in 2002-2016 across 3,109 counties in 49 states. We then measured 

changes related to the adoption of “proactive PDMPs”, which report outlying prescribing/

dispensing patterns and provide broader access to PDMP data by law enforcement. Comparisons 

were made within three time intervals that broadly represent the evolution of PDMPs (2002-2004, 

2005-2009, 2010-2016). We modeled overdoses using Bayesian space-time models.

Results: Adoption of electronic PDMP access was associated with 9% lower rates of fatal 

prescription opioid overdoses after three years (rate ratio [RR]=0.91, 95% credible interval [CI]: 

0.88-0.93) with well-supported effects for methadone (RR=0.86, CI: 0.82-0.90) and other 

synthetic opioids (RR=0.82, CI: 0.77-0.86). Compared to states with no/weak PDMPs, proactive 

PDMPs were associated with fewer deaths attributed to natural/semi-synthetic opioids 
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(2002-2004: RR=0.72 (0.66-0.78); 2005-2009: RR=0.93 (0.90-0.97); 2010-2016: 0.89 (0.86-0.92)) 

and methadone (2002-2004: RR=0.77 (0.69-0.85); 2010-2016: RR=0.90 (0.86-0.94)). Unintended 

effects were observed for synthetic opioids other than methadone (2005-2009: RR=1.29 

(1.21-1.38); 2010-2016: RR=1.22 (1.16-1.29)).

Conclusions: State adoption of PDMPs was associated with fewer prescription opioid deaths 

overall while proactive PDMPs alone were associated with fewer deaths related to natural/semi-

synthetic opioids and methadone, the specific targets of these programs.

Keywords

Prescription Drug Monitoring Programs; opioids; latent class analysis; latent transition analysis; 
prescribing; opioid overdose

Introduction

Opioid overdoses have more than quadrupled since 1999, from 3.0 deaths per 100,000 in 

2000 to 13.3 deaths per 100,000 in 2016.1 This sharp increase coincided with a dramatic 

increase in the use of prescription opioids to treat chronic pain,2 including a tripling of 

opioid prescriptions dispensed during the same time period.3 In more recent years, deaths 

from non-methadone synthetic opioids (primarily illegally manufactured fentanyl and related 

analogs) have overtaken deaths from the type of opioids prescribed to treat chronic pain (i.e., 

natural and semi-synthetic opioids).4

Prescription drug monitoring programs (PDMPs), state-level databases which collect 

information on controlled substance prescriptions have been advanced as tools to reduce 

prescription opioid-related harm.5,6 Authorized users, including prescribers and law 

enforcement officials, may access these data as dictated by state law. PDMPs have been 

hypothesized to reduce prescription opioid-related harm by improving prescribing practices, 

assisting in the identification of patients who might benefit from targeted health 

interventions, and detecting patients and prescribers engaged in illegal activities.7 By 

December 2017, all US states and Washington, D.C. had an operational PDMP or had taken 

steps to enact a PDMP.8

While many studies have examined the impact of PDMPs on fatal overdoses, their findings 

are inconsistent: three studies have reported a reduction in prescription opioid-related 

overdose deaths following PDMP implementation,9-11 one reported a reduction in total 

opioid overdose deaths,12 one reported a significant increase in total drug overdose rates,13 

and two reported no association with prescription opioid-related overdose deaths.14,15 Some 

studies have investigated the contribution of specific PDMP characteristics on fatal 

overdose, including mandatory provider review,12,16 mandatory provider review combined 

with pain clinic laws,17 number of drug schedules monitored,12,18 and data updating at least 

weekly.12,18 Each of these studies found different PDMP characteristics related to lower 

fatal overdose rates.12,16-19 and achieved little consensus.

Five factors may contribute to the discrepant findings on the impact of PDMPs on opioid 

overdose. First, most research treats the presence of a PDMP as a binary variable, without 
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considering that operational characteristics of PDMPs vary greatly across states,7 such that a 

PDMP implemented in one state may have very different characteristics than that 

implemented in another. Second, those studies that do examine specific PDMP 

characteristics have largely ignored the fact that different aspects of PDMPs are often 

implemented contemporaneously.12,20 Hence, findings related to one PDMP characteristic 

will be conflated with others to the degree that clusters of PDMP characteristics are adopted 

at the same time. Third, the characteristics of PDMPs have also changed over time. Thus, 

equating the effectiveness of PDMPs in 2002 with the effectiveness of PDMPs in 2016 may 

not be justified, given the substantial changes in PDMP characteristics over this period. 

Fourth, deaths from opioid overdoses related to natural/semi-synthetic opioids such as 

diverted oxycodone or hydrocodone may be closely related to prescribing practices, while 

deaths related to synthetic opioids other than methadone (such as illegally manufactured 

fentanyl) may not be. And, fifth, prior studies fail to account for within-state heterogeneity 

in rates of change in PO overdose and in the distribution of key demographic covariates that 

may affect PO overdose, thus generating the potential for aggregation bias in estimated 

effects.21

In this study, we addressed these gaps in four ways. First, we built on a prior study, where 

we had used latent transition analysis to identify those combinations of PDMP 

characteristics that tend to be adopted together.22 We used the resulting PDMP latent classes 

to examine the combinations of PDMP characteristics that were associated with the greatest 

change in prescription opioid overdose fatalities. Second, we assessed these classes across 

three time periods (1999-2004, 2005-2009, and 2010-2016), and examined how transitions 

between types of PDMP classes over time contributed to changes in fatal prescription opioid 

overdose in counties within states in 2002-2016. Third, we examined prescription opioid 

overdoses overall and by opioid class to better differentiate those deaths involving prescribed 

opioids that would be tracked by PDMPs (i.e., natural/semi-synthetic opioids and methadone 

prescribed for pain) from deaths likely involving illegal opioids that would not be tracked by 

PDMPs (i.e., synthetic opioids other than methadone, which primarily comprised illegally 

manufactured fentanyl and similar synthetics during the latter period of study, often 

combined with heroin, cocaine, and other illegal drugs).23 Fourth, we adopted a geospatial 

approach to examine the impact of state-level PDMPs on county-level fatal overdoses, 

accounting for within-state variation in the level and rate of growth of fatal prescription 

opioid overdoses and spatial autocorrelation in overdose deaths across counties and states.

Our study addressed the following questions: (1) what is the relationship between state-level 

PDMP implementation and county-level fatal prescription opioid overdose counts, overall 

and by type of opioid class?; (2) what is the relationship between state membership in 

specific PDMP latent classes and county-level fatal prescription opioid overdose counts, 

overall and by opioid class? To further explicate the relationship between PDMP latent 

classes and prescription opioid overdoses, we also examined the relationship between 

specific PDMP features and prescription opioid overdoses (overall and by opioid class).
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METHODS

We used the National Vital Statistics System multiple cause-of-death mortality files to assess 

opioid-related overdose deaths.24 The International Classification of Disease, Tenth Revision 

(ICD-10) underlying cause-of-death codes were used to identify drug overdose deaths, 

including X40-44 (accidental poisoning by and exposure to noxious substances, including 

analgesics), X60-64 (intentional self-poisoning by and exposure to drugs, including 

narcotics and psychodysleptics), X85 (assault by drugs, medicaments, and biologic 

substances), and Y10-14 (events of undetermined intent, including poisoning by and 

exposure to narcotics and psychodysleptics, not elsewhere classified, undetermined intent). 

Our analyses were restricted to deaths involving the following ICD-10 multiple cause-of-

death codes: natural/semisynthetic opioids (T40.2), methadone (T40.3), and synthetic 

opioids other than methadone (T40.4). Annual counts of overdose deaths were aggregated 

across 3,109 counties in 49 US states plus D.C. for the years 2002-2016. We did not include 

Alaska due to frequent changes in county boundaries during the study period. Overdoses 

were classified by county of death. The New York University Langone Health Institutional 

Review Board reviewed and approved the study protocol.

Exposures

We used three approaches to characterize PDMPs in 2002-2016: (1) date when the PDMP 

provided electronic access to the system; (2) PDMP latent classes;22 and (3) specific PDMP 

characteristics included in the PDMP latent classes. Dates of electronic PDMP access were 

obtained from the National Alliance for Model State Drug Laws (NAMSDL) and state 

PDMP administrators, while features of PDMPs were compiled from the Prescription Drug 

Abuse Policy System (PDAPS).25

For the PDMP latent transition analysis (LTA),22 we considered PDMP characteristics that 

have been identified by policy experts as potentially important determinants of prescribing 

practices and prescription opioid overdose events.6,7 These included: a) state authorization 

for prescribers to access PDMP data; b) state authorization for law enforcement to access 

PDMP data; c) state permission or requirement for PDMP to proactively identify suspicious 

or statistically outlying prescribing, dispensing, or purchasing activity; d) state required 

timeframe for dispensers to report data to the PDMP; e) state required number of drug 

schedules to be reported to the PDMP; f) state requirement for prescribers to check the 

PDMP before prescribing controlled substances; and g) state permission for the PDMP to 

share data with other state PDMPs. These characteristics were measured on an annual basis; 

response options are presented in eTable 1 in the online Supplement.

We used LTA26-28 to identify groups of states with similar combinations of PDMP 

characteristics in three intervals: 1999-2004, 2005-2009, and 2010-2016. These intervals 

represent different historical periods in the opioid overdose epidemic and the evolution of 

PDMPs, including: (1) 1999-2004, the “electronic era”, when PDMPs first started to 

transmit data electronically and prescription opioid overdose rates first started to increase; 

(2) 2005-2009, the “expansion era”, when increased federal funding for PDMPs became 

available from the Bureau of Justice Assistance and SAMHSA, among others; and (3) 

2010-2016, the “robust PDMP era”, when PDMP capacity expanded, prescription opioid 
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overdose rates stabilized, and heroin (starting in 2010) and fentanyl overdoses (starting in 

2013) increased.29-33 Grouping time periods in this way followed a natural characterization 

of the development of PDMPs and helped to avoid sparseness issues in the LTA response 

pattern matrix. The methods used to create these classes and the results from this analysis 

are described elsewhere.22 Results of the LTA are presented in eTable 2 in the online 

Supplement.

Three classes of PDMPs were identified in each interval. Since the pattern of PDMP 

characteristics within each class was most comparable in the first two intervals, we used the 

same labels for classes in 1999-2004 and 2005-2009. The key features of the three latent 

classes in these two intervals were: (1) the No/Weak PDMP class represented states with 

either no operational PDMP, especially in the early years, or an operational PDMP with few 

or no measured characteristics (eTable 2); (2) the Reactive PDMP class represented states 

with a high probability of having no requirements to proactively report outlying patterns to 

law enforcement, licensing bodies and prescribers/dispensers, a high probability of 

providing limited data access for law enforcement, and less frequent reporting requirements 

for dispensers; (3) the Proactive PDMP class represented states that had a high probability of 

permitting/requiring proactive reporting of outlying patterns to law enforcement, licensing 

bodies and prescribers/dispensers, a high probability of providing access to PDMP data to 

law enforcement without requiring a warrant, subpoena, or active investigation, and a high 

probability of requiring dispensers to report data to the PDMP on a more frequent basis.

In the last interval (2010-2016), two new features were added to some PDMPs: requiring 

PDMP access when prescribing and data sharing between states. The Proactive PDMP class 

remained similar to the Proactive PDMP class in the first two intervals. However, all states 

except Missouri had by this time enacted a PDMP, so that the No/Weak PDMP class became 

a Weak PDMP, that represented states with few basic PDMP characteristics. The Reactive 

PDMP class was no longer relevant and a new Cooperative PDMP class appeared. This class 

contains states that had a lower probability than Proactive states of permitting/requiring 

reporting of outlying patterns to PDMP users or providing open access of PDMP data to law 

enforcement, but had a greater probability of allowing PDMP data to be shared with other 

states, and reporting more federal drug schedules than states in the Proactive class. Within 

each interval, states had year-specific probabilities of belonging to a PDMP latent class, and 

they could transition across classes every year. Class membership probabilities for each state 

summed to 1; the probability of membership in each latent class, rather than modal 

assignment, was considered as the exposure of interest.22,34,35

Covariates

Based on prior studies,14,36,37 we accounted for the following county-level demographic 

characteristics, obtained from annual Geolytics data:38 population density (thousands of 

people/square mile); age composition (% of the population aged 0-19, 20–44, 45–64, and 

≥65 years); racial/ethnic composition (% non-Hispanic White, non-Hispanic Black, 

Hispanic); % male; and socioeconomic conditions (% of families in poverty, median 

household income, % unemployed). We also accounted for the overall mortality rate per 

1,000 residents in the county. Finally, we accounted for co-occurring state-level policy 
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changes associated with opioid overdose in prior studies, including: medical marijuana 

legalization,39,40 Good Samaritan laws,41 and naloxone overdose prevention laws.41,42 

Annual information on these laws was obtained through PDAPS.25

Analyses

We modeled the county-by-year mortality counts using hierarchical Bayesian space-time 

Poisson models, with county population included as the offset.43-45 After testing 

unstructured and structured lag specifications, we chose linear distributed lag 46 

specifications to allow a linear progression of policy associations from instantaneous 

through 3-year-lagged effects. We modeled covariates, including demographic 

characteristics and the overall mortality rate, as concurrent predictors of overdose deaths.

The analytic approach addressed potential biases that could arise from mis-specifications of 

unit and time effects (the primary concerns addressed by standard difference-in-difference 

methods) by including state-level fixed effects (dummy variables included for each state 

except the reference) and county-level random intercepts and trends. Thus, growth mixtures 

between counties within states that arose over the course of study and could bias estimates 

of intervention effects were explicitly modeled. Acknowledging that difference-in-difference 

methods are not applicable to Poisson distributed outcomes, this approach provides 

substantial control for potential biases that could arise when examining heterogeneous 

policy effects across counties within states and avoids other biases that arise in difference-in-

difference analyses due to over- and under-differencing.47 By incorporating a conditional 

autoregressive spatial random effect, we account for the lack of independence in spatially 

contiguous geographic areas, and minimize biases due to small area effects.48 Finally, by 

using linear distributed lags, our models separately estimated concurrent (yet temporally 

ambiguous) policy impacts, as well as impact over the subsequent three years, where it was 

possible to establish a clear temporal order between the policy and overdose.49 All analyses 

were performed using R-INLA.50,51

We fit three types of models, in each case accounting for demographic characteristics, 

overall mortality rates, and co-occurring marijuana, overdose Good Samaritan and naloxone 

laws. First, we examined the association between the proportion of each year with electronic 

PDMP implementation and the rate of prescription opioid overdose, including the concurrent 

impact within the year of PDMP implementation, and over the subsequent 3 years.49 

Second, we examined the association between the probability of PDMP latent class 

membership in each year and interval and the rate of prescription opioid overdose. Third, 

given the increase in fentanyl-related overdose deaths since 2013, and the potential for 

prescription opioid overdoses in the latter period to represent a mix of prescription opioids 

and illegally manufactured synthetics such as fentanyl, we examined the association between 

PDMP electronic access, PDMP latent class membership, and types of opioid overdose 

deaths: natural/semi-synthetic opioids, synthetic opioids other than methadone, and 

methadone.
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Secondary analysis

To explicate the relationships between PDMP electronic access and opioid overdose deaths, 

and to inform our understanding of impacts of specific PDMP characteristics within latent 

classes, we estimated the relationship between individual PDMP characteristics and opioid 

overdoses, overall and by class. These models jointly estimated the relationship between all 

features and overdose counts, adjusting for covariates described above. Results are presented 

as log relative rates.

Sensitivity analyses

We conducted two sensitivity analyses. First, we replicated our analyses excluding states that 

had a greater than 5% absolute difference in reported versus imputed opioid overdose rates 

based on a prior study that imputed county-level rates when no specific drug was identified 

(i.e., Alabama, Indiana, Louisiana, and Pennsylvania).52 This analysis addressed two sources 

of bias that could arise when relying on ICD-10 coded death certificate data: specific drugs 

involved in overdose are not always identified on death certificates, and drug-specific 

overdose rates may be variously underestimated or overestimated between states.52 Second, 

we estimated the relationship between PDMP electronic access and PDMP latent classes, 

and opioid overdose mortality, accounting for the potentially confounding role of other 

prescription opioid laws, notably adoption of any pain management clinic laws, and 

adoption of a 7-day or less prescribing limit. Information on these laws was obtained from 

PDAPS.25

RESULTS

The top portion of Table 1 presents the overall assessment of relationships between state 

PDMP electronic access and relative rates of opioid overdose fatalities for the initial year in 

which the electronic PDMP became operational and for the subsequent 3 years. The 

observed associations indicate that electronic PDMP access was associated with a 2% 

increase in opioid overdose deaths in the initial year (RR=1.02; 95% CI: 1.00-1.04), then 

related to lower overdose fatalities over the subsequent 3 years (a 9% decrease by year 3, 

RR=0.91, 95% CI: 0.88-0.93). Both effects were specific to methadone (RR=0.86, CI: 

0.82-0.90) and synthetic opioids other than methadone (RR=0.82, CI: 0.77-0.86) with no 

well-supported effects for natural/semi-synthetic opioids, the key target of PDMP programs 

(RR=1.01, 95% CI: 0.98-1.04 initial year; RR=1.01, 95% CI: 0.97-1.04 year 3).

The bottom portion of Table 1 also presents the association between the probability of 

membership in each PDMP latent class and opioid overdoses during each of the three study 

intervals. For these analyses, the first PDMP interval is examined from 2002 to 2004 (rather 

than 1999 to 2004), as the outcome (overdose deaths) is measured starting in 2002. These 

results are not assessed using distributed lags since the lags would cut across study intervals. 

In the first interval (2002-2004), states in the Reactive PDMP class had 3% lower opioid 

overdose fatality rates than the states with a No/Weak PDMP (RR=0.97; 95% CI: 0.94-1.00), 

while states with a Proactive PDMP had 14% lower opioid overdose fatality rates than the 

states with No/Weak PDMPs (RR=0.86; 95% CI: 0.80-0.91). States with Proactive PDMPs 

also had lower opioid overdose fatality rates than states with Reactive PDMPs (RR = 0.88; 
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95% CI: 0.83-0.94). In the second interval (2005-2009), states with Reactive PDMPs had 

10% higher opioid overdose fatality rates than states with No/Weak PDMPs (RR=1.10; 95% 

CI: 1.08-1.13), while opioid overdose rates in states with Proactive PDMPs were no different 

from those in states with No/Weak PDMPs, but 7% lower than in states with Reactive 

PDMPs (RR=0.93; 95% CI: 0.91-0.96). Finally, in the third interval (2010-2016), states with 

Cooperative PDMPs had 5% lower fatal opioid overdose rates than states with Weak PDMPs 

(RR=0.95; 95% CI: 0.92-0.97), but states with Proactive PDMPs showed no difference in 

opioid overdose rates compared to states with Weak PDMPs. States with Proactive PDMPs 

had 5% higher fatal overdose rates than states with Cooperative PDMPs (RR=1.05; 95% CI: 

1.02-1.08).

Drug-specific analyses revealed three different patterns of findings. First, the Proactive class 

was consistently associated with the lowest rates of overdose from natural/semi-synthetic 

opioids (the type of opioid most likely to be reported to PDMPs) across all three intervals for 

both the Proactive vs. No/Weak (2002-2004: RR=0.72 (0.66-0.78); 2005-2009: RR=0.93 

(0.90-0.97); 2010-2016: 0.89 (0.86-0.92)) and the Proactive vs. Reactive or Cooperative 

comparisons (2002-2004: RR=0.77; 95% CI: 0.71-0.83; 2005-2009: RR=0.92; 95% CI: 

0.89-0.96; 2010-2016: RR=0.91; 95% CI: 0.88-0.95). Second, the Proactive class was 

associated with the lower rates of fatal methadone overdoses in the first period (Proactive vs. 

No/Weak: 2002-2004: RR=0.77; 95% CI: 0.69-0.85), was no different from the No/Weak 

class in the second period, and was associated with lower rates of overdose from methadone 

in the third period (2010-2016: RR=0.90; 95% CI: 0.86-0.94). Third, in contrast, the 

Proactive class was associated with higher rates of overdose from non-methadone synthetic 

opioids in the second and third periods (Proactive vs. No/Weak: 2005-2009: RR=1.29; 95% 

CI: 1.21-1.38; 2010-2016: RR=1.22; 95% CI: 1.16-1.29).

In the third period, the Cooperative class was associated with the lowest rates of fatal 

overdose from methadone (RR=0.85; 95% CI: 0.81-0.89) and non-methadone synthetic 

opioids (RR=0.96; 95% CI: 0.92-1.02).

Secondary analysis

Initial and subsequent 3-year associations of specific PDMP characteristics with rates of 

opioid deaths, overall and by classes, are summarized in Figures 1-4. Specific characteristics 

were heterogeneously related to opioid overdose deaths and showed inconsistencies with 

respect to findings observed for the latent classes. Taking proactive reporting as a key 

example, proactive reporting to providers/dispensers was associated with lower log rates of 

overdose deaths from all POs (Figure 1), and in particular, natural/semi-synthetic opioids 

(Figure 2). Proactive reporting to law enforcement was also associated with lower rates of 

overdose deaths, but not those for natural/semi-synthetic opioids. Proactive reporting to 

professional licensed bodies was related to greater overdose deaths and specifically deaths 

related to natural/semi-synthetic opioids. Among important well-supported effects that were 

also heavily weighted indicators of proactive programs (eTable 2), reports on the broadest 

schedule of drugs (i.e., II through V) was related to substantial reductions across years 

among all overdose deaths (Figure 1), but not among overdose specifically related to natural/

semi-synthetic opioids (Figure 2).
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Sensitivity analyses

As shown in eTable 3 in the online supplement, the results presented in Table 1 remained 

mostly unchanged when we removed four states with high levels of underreporting of 

specific drugs (eTable 3, left columns 2-5), although in the last time interval, the Cooperative 

PDMP became associated with lower rates of synthetic opioid overdoses (Cooperative vs. 

No/Weak: 2010-2016: RR=0.82; 95% CI=0.77- 0.87).

As shown in eTable 4 in the online supplement, accounting for the state-level enactment of 

pain management clinic laws and prescribing limits had no substantive impacts on parameter 

estimates for the relationship between PDMP electronic access, or PDMP latent classes, and 

opioid overdose deaths.

DISCUSSION

The results of this study showed that a simple binary measure of access to prescribing 

information through PDMPs was broadly associated with lower rates of opioid overdose 

deaths over time. However, the magnitude and direction of changes in these deaths following 

implementation differed by opioid class, with no apparent change in overdoses involving 

natural/semi-synthetic opioids, and decreases in overdoses involving methadone and 

synthetic opioids. These observations suggest that the many different versions of PDMPs 

that occurred across states over the 15 years of this study were associated with no change in 

overdoses involving opioids that were the target of PDMPs. In contrast, they were associated 

with reductions in overdoses among classes of opioids that were not the target of PDMPs. 

From this perspective, PDMPs could be considered program failures.

Such a perspective is contradicted by more detailed analyses of PDMP characteristics. The 

results of LTA analyses from related work22 demonstrated that many characteristics of 

PDMPs were implemented in concert but differed in content over time and, importantly, 

could be statistically formed into natural classes that emerged as these programs developed. 

The LTAs enabled classifications of states into those with No or Weak PDMPs, Proactive 

PDMPs, Reactive PDMPs, or Cooperative PDMPs over three time intervals. In all cases, 

those states with a greater probability of appearing in the Proactive PDMP class were also 

those states where rates of opioid overdose deaths from natural/semi-synthetic opioids were 

lowest. Importantly, the Proactive PDMP class had greater impacts than those related to the 

Reactive or Cooperative PDMP classes and the Reactive or Cooperative PDMP classes had 

greater impacts than the No or Weak PDMP class. From this perspective, PDMPs could be 

considered program successes.

As we suggested in the introduction, the contrast here is likely due to the many different 

ways in which PDMPs developed and differed over time; PDMPs initiated in the early years 

of study had different characteristics than those initiated later, and all programs acquired 

additional characteristics over time. Under these circumstances, access to information on 

prescribing practices would mean something very different for those programs initiating in 

the first, second, and third intervals of study, while across all intervals LTA classes would 

remain meaningfully stable; for example, Proactive PDMPs would remain more Proactive 

than Reactive, Cooperative, or No or Weak PDMPs. These observations suggest that, since 
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the meaning of simple measures of PDMP access shift over time, they cannot meaningfully 

be used to measure PDMP success. An ancillary consequence is that the meanings of the 

individual features of these programs also shift as the bundles of PDMP characteristics used 

in any PDMP change over time (i.e., the statistical relationship of any characteristic to the 

outcome shifts as new characteristics are added or removed from the program, Figure 1-4).

With these thoughts in mind, our findings provide empirical support for the proposed 

designation of unsolicited reporting of PDMP data to prescribers, dispensers and law 

enforcement—components of the “Proactive” class—as PDMP “best practices.”31 

Overdoses from those opioids most likely to be monitored by the PDMP (i.e., natural/semi-

synthetic opioids) were consistently lower in states with Proactive PDMPs. Although the 

specifics vary between states, unsolicited reports to medical professionals are typically 

triggered when a patient receives prescriptions for the same drug type from multiple 

prescribers and pharmacies in a relatively short time period, is prescribed a high daily dose 

of opioids, or is simultaneously prescribed opioids and benzodiazepines.53 Sending such 

reports can increase the ability of PDMPs to improve clinical practice by reducing 

overlapping prescriptions to these patients and identifying patients in need of substance use 

disorder treatment. Our findings are consistent with research that has found a reduction in 

risky prescribing practices after receipt of unsolicited reports from the PDMP.54,55

However, proactive PDMPs were associated with higher rates of overdose from synthetic 

opioids other than methadone. The last period of study (2010-2016) coincided with a shift in 

the profile of the opioid overdose epidemic, so that illegally produced synthetic opioids such 

as fentanyl and related analogs broadly contaminated the illegal opioid supply and became 

the leading type of opioid involved in overdose deaths.23 While most studies have not 

examined the impact of PDMPs on prescribing or overdoses associated with specific types 

of prescription opioids, one study in Florida did find that implementation of a PDMP in that 

state combined with pain clinic regulations was associated with reduced rates of diversion 

from natural/semi-synthetic opioids such as morphine and oxycodone, but not with reduced 

rates of diversion of synthetics such as fentanyl.56 Our findings may reflect unintended 

consequences of more proactive PDMPs. In states with more proactive PDMPs, and in the 

absence of an effective system to refer patients with substance use disorders to treatment, 

patients identified through the PDMP proactive reports as having a history of inappropriate 

prescribing may have been tapered off opioids without any attention to their opioid use 

disorder. This may have increased substitution of prescription opioids with products from 

the illegal market, including heroin and drugs contaminated with potent synthetics, such as 

fentanyl.57-59 Future work will investigate the impact of PDMP latent classes on heroin 

overdoses.

Our study found potentially promising effects of Cooperative PDMPs, that is, programs 

characterized by interstate data sharing and reporting on more drug schedules, were 

associated with lower rates of methadone overdoses in the first and third periods, and lower 

rates of overdoses involving non-methadone synthetic opioids in the third period. PDMPs 

which allow for greater interaction with other states have the potential to reduce drug 

diversion, which commonly involves illegal synthetic opioids, across neighboring states. 

Interpreting PDMP impacts on methadone overdose fatalities is difficult because many 
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methadone-related deaths involve methadone prescribed for substance use disorder, which is 

not reported to PDMPs.

Several limitations are noted. First, we rely on ICD-10 coding of death certificate data, 

which may not reliably identify the drugs involved in fatal overdoses and may lead to an 

underestimation or misclassification of fatal opioid overdose rates52. However, our findings 

were robust to sensitivity analyses conducted to address this concern. Second, some of the 

PDMP features hypothesized to have the greatest impact on prescribing practices and 

overdose risk, including mandated access, were only implemented in the third study interval 

(2010-2016), limiting our ability to examine how they contributed to overdose fatalities over 

the long term. Third, our study is not able to examine the causal mechanisms through which 

specific PDMP features influence the risk of prescription opioid overdose. Future studies 

should examine the extent to which rates of PDMP usage and changes in prescribing 

practices and in drug diversion may mediate the impact of PDMP characteristics on 

prescription opioid overdose. Fourth, this study focused on the impact of PDMPs on fatal 

opioid overdoses. Future studies should consider the impact of PDMPs on the spectrum of 

opioid-related harm, from opioid misuse, to disorder, to nonfatal overdoses, including 

potential effects on overdose from illegal opioids. Fifth, increased news coverage and 

heightened awareness of the opioid overdose epidemic may have influenced prescribing 

practices above and beyond the PDMPs, as there is a greater understanding of the harms of 

opioids. To the extent this coincided with state enactment of more comprehensive PDMPs, 

this may explain some of the reported findings attributed to PDMPs. At a broader level, 

PDMP laws likely cluster with other opioid-related policies. Future studies should go 

beyond examining PDMP laws, to examine the range of opioid policies and laws that, as a 

cluster, affect opioid prescribing and opioid overdose risk.

State adoption of PDMPs was associated with fewer opioid deaths overall while proactive 

PDMPs were associated with fewer deaths related to natural/semi-synthetic opioids and 

methadone, the specific targets of these programs. Important components of successful 

PDMPs seem to include providing PDMPs with the resources to proactively identify and 

notify users about outlying prescribing, dispensing, and use patterns, and providing broader 

access of PDMP data to law enforcement. Measurement of specific PDMP components is 

essential to the identification of PDMP effects.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: 
Relationships between Prescription Drug Monitoring Program (PDMP) features and county-

level log relative rates of overdose deaths from all opioids, 2002-2016, United Statesa

aResults based on models that adjust for annual county-level age, race/ethnicity, sex, and 

socioeconomic composition, population density, and overall mortality rate; annual state-level 

medical marijuana laws, Good Samaritan laws, and naloxone overdose prevention laws; 

calendar year; state-level fixed effects; county unit and trend random effects.
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Figure 2: 
Relationships between Prescription Drug Monitoring Program (PDMP) features and county-

level log relative rates of overdose death from natural/semi-synthetic opioids, 2002-2016, 

United Statesa

aResults based on models that adjust for annual county-level age, race/ethnicity, sex, and 

socioeconomic composition, population density, and overall mortality rate; annual state-level 

medical marijuana laws, Good Samaritan laws, and naloxone overdose prevention laws; 

calendar year; state-level fixed effects; county unit and trend random effects.
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Figure 3: 
Relationships between Prescription Drug Monitoring Program (PDMP) features and the 

county-level log relative rates of overdose death from non-methadone synthetic opioids, 

2002-2016, United Statesa

aResults based on models that adjust for annual county-level age, race/ethnicity, sex, and 

socioeconomic composition, population density, and overall mortality rate; annual state-level 

medical marijuana laws, Good Samaritan laws, and naloxone overdose prevention laws; 

calendar year; state-level fixed effects; county unit and trend random effects.
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Figure 4: 
Relationships between Prescription Drug Monitoring Program (PDMP) features and county-

level log relative rates of overdose deaths from methadone, 2002-2016, United Statesa

aResults based on models that adjust for annual county-level age, race/ethnicity, sex, and 

socioeconomic composition, population density, and overall mortality rate; annual state-level 

medical marijuana laws, Good Samaritan laws, and naloxone overdose prevention laws; 

calendar year; state-level fixed effects; county unit and trend random effects.
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