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Abstract 

 

Evaluating the health effects of policies using administrative and observational data sources 

 

By 

 

Christopher Lloyd Rowe 

 

Doctor of Philosophy in Epidemiology 

 

University of California, Berkeley 

 

Professor Jennifer Ahern, Chair 

 

 

Understanding of the health effects of specific interventions is a key objective of epidemiology. 

Policies, whether implemented by governments or other institutions, have immense potential to 

influence population health and thus represent important study exposures for epidemiologists. 

However, because policies are often implemented without specific consideration of or plans for 

evaluation, there are two key challenges to any attempt to evaluate their effects: data availability 

and the methodological challenges associated with estimating causal effects using observational 

data. Fortunately, both the number and diversity of data sources that are available to health and 

other social science researchers are vast and constantly growing. In addition, there is a rich history 

of methodological advancement across multiple disciplines (most notably economics, statistics, 

political science, epidemiology, and biostatistics) pertaining to the evaluation of intervention 

effects in observational settings. The availability of large, novel data sources and a diverse set of 

methodological tools, combined with recent calls for a more “consequentialist” epidemiology that 

focuses as much on the effects of interventions as it does on understanding etiology, makes it an 

exciting time to be an epidemiologist. As such, the studies that constitute this dissertation aim to 

evaluate the health effects of three distinct sets of policies using diverse administrative and 

observational data sources and methods developed across multiple disciplines.  

 

The first study evaluates the impacts of two national policies that aimed to expand access to 

buprenorphine for the treatment of opioid use disorder. The United States continues to grapple 

with an unprecedented opioid overdose epidemic and expanding access to medications for the 

treatment of opioid use disorder (MOUD), such as buprenorphine, is a key priority in the national 

response to the epidemic. This study uses comprehensive administrative data sources from 

California to evaluate the effects of 2016 policies expanding the buprenorphine waiver program 

on buprenorphine prescribing and opioid-related health outcomes. 

 

The second study evaluates the impact of two clinic-level policies that aimed to reduce opioid 

prescribing at a safety-net clinic in 2013 and 2014 in San Francisco, CA. In addition to expanding 

access to MOUD, a concurrent strategy for addressing the opioid crisis has been to reduce 

unnecessary prescribing of opioid medications. However, there is ongoing concern that inflexible 

one-size-fits-all reductions in opioid prescribing could ultimately harm patients, and even result in 

transitions from prescription opioid use and dependence to heroin use and dependence. In 2013 
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and 2014, the clinic under study established standard protocols for dispensing opioid refills and 

conducting urine toxicology testing and a new committee facilitating opioid treatment decisions 

for complex patient cases. Using data from a retrospective cohort study of patients on long-term 

opioid therapy, this study evaluates the effects of these policies on opioid prescribing and use of 

heroin and opioid analgesics not prescribed to the patient.  

 

The third study evaluates the impact of a major California criminal justice policy on mortality 

among state prisoners. In October 2011, California Assembly Bill 109 (AB109) sought to decrease 

the prison population by prospectively shifting the custodial responsibility of non-violent, non-

serious, and non-sexual offenders from state prisons to county jails and probation departments. 

Leveraging several complementary data sources, this study evaluates the effects of AB109 on 

California state prisoner mortality.   

 

Collectively, these studies contribute new evidence regarding the effects of these three sets of 

policies. Furthermore, two of the studies demonstrate the utility of administrative data sources for 

assessing the impacts of real-world interventions. As these data sources expand and become more 

organized, rigorous analyses that leverage their strengths and acknowledge their limitations will 

grow increasingly valuable as a tool for knowledge creation among epidemiologists and other 

applied researchers.
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Chapter 1: Introduction 
 

 

The field of epidemiology is one of immense scope. According to the World Health Organization: 

 

Epidemiology is the study of the distribution and determinants of health-related 

states or events (including disease), and the application of this study to the control 

of diseases and other health problems. 

 

First, regarding “health-related states or events”, the epidemiologist may be concerned with 

chronic diseases (e.g., cancer, diabetes, arthritis), communicable diseases (e.g., HIV, tuberculosis, 

influenza), mental disorders (e.g., depression, anxiety disorders, schizophrenia), states or events 

less easily categorized (e.g., violence, dog bites, pregnancy) or even the ultimate health state, 

death. Regarding “determinants”, the epidemiologist may be concerned with human behaviors 

(e.g., nutrition, substance use, sexual activity), social phenomena (e.g., racism, socioeconomic 

adversity, collective efficacy), environmental exposures (e.g., climate change, agricultural 

pesticides, air quality), transmission vectors (e.g., mosquitos, humans, ticks), or genetics. Beyond 

subject matter, the epidemiologist may be concerned with surveillance, etiology, prediction, 

methodological development, evaluation of interventions, or implementation science. Every 

corner of the field contributes, in one way or another, to the overall physical and mental health of 

humanity; no focus is inherently more valuable than another. However, some have voiced concerns 

that the field has focused too heavily on questions of etiology at the expense of diminished 

engagement with the application of this etiological knowledge to actually improve health 

outcomes. These concerns have been coupled with a call for a more “consequentialist” 

epidemiology that continues to engage with etiological inquiry but that also explicitly (not 

implicitly, as is usually done) informs the development of interventions and works to understand 

their true or hypothetical impact on population health.1–3 Rigorous evaluation of the impact of 

interventions is a critical component of this “consequentialist” epidemiology.  Determining that a 

particular intervention is highly effective can inform its potential expansion or application to other 

places or populations, whereas determining that it is not effective, or that it is harmful, can inform 

its potential elimination or modification and stimulate the examination and development of 

alternatives. 

Policies are a broad category of intervention that have immense potential to affect 

population health. Entities of all types develop and implement policies that, whether intended or 

not, can influence health. This can occur on an immense, national scale, such as with the 

Affordable Care Act, or on a more modest scale such as with the introduction of a new screening 

procedure in a single health clinic. Because policies that can affect health outcomes are constantly 

being implemented at different levels (e.g., national, state, city, clinic, etc.), in different places, 

and at different times, there are ample opportunities for evaluating their effects. However, because 

policies are typically implemented without specific consideration of or plans for their evaluation, 

there are two key challenges to any attempt to evaluate their effects. The first is data availability. 

Unless specific plans were arranged prior to the implementation of a policy, the investigator may 

face challenges identifying and obtaining relevant data that align with a specific research question. 

Fortunately, both the number and diversity of data sources that are either readily available or 



CHAPTER 1: INTRODUCTION 

 2 

available upon navigating a bit of bureaucracy are vast and constantly growing. For 

epidemiologists, some important examples of data sources that can be leveraged to evaluate 

policies are health-related administrative databases such as those that capture healthcare 

utilization, vital statistics, or drug prescriptions. The second key challenge is that policies are 

typically not randomized, and thus the rigorous evaluation of their effects presents nontrivial 

methodological challenges. Fortunately, there is a rich history of methodological advancement 

across multiple disciplines (most notably economics, statistics, political science, epidemiology, 

and biostatistics) pertaining to the evaluation of intervention effects in observational settings. 

In the following chapters, methods from multiple disciplines and a variety of administrative 

and other observational data sources are leveraged to evaluate the health effects of three sets 

policies. Chapter 2 evaluates the effects of two national policies aiming to expand access to 

treatment for opioid use disorder on various opioid-related health outcomes in California. Chapter 

3 evaluates the effects of opioid prescribing policies on both intended and unintended health 

outcomes at a safety-net primary care clinic in San Francisco, CA. Chapter 4 evaluates the 

mortality effects of a major criminal justice policy that substantially reduced the California state 

prison population. Each of these policies were implemented at a different level (i.e., national, 

clinic, and state) and thus require unique considerations regarding data availability and analytic 

approach. 

 

1.1 REFERENCES 
1.  Galea S. An argument for a consequentialist epidemiology. Am J Epidemiol. 

2013;178(8):1185-1191. doi:10.1093/aje/kwt172 

2.  Keyes K, Galea S. What matters most: quantifying an epidemiology of consequence. Ann 

Epidemiol. 2015;25(5):305-311. doi:10.1016/j.annepidem.2015.01.016 

3.  Cates W Jr. Invited commentary: consequential(ist) epidemiology: let’s seize the day. Am J 

Epidemiol. 2013;178(8):1192-1194. doi:10.1093/aje/kwt173 
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Chapter 2: Evaluating the effects of 

expanding the buprenorphine waiver 

program  
 

 

2.1 INTRODUCTION 
The United States continues to grapple with an unprecedented opioid overdose epidemic. Nearly 

half a million people have died from opioid-related drug overdoses since 1999.1 Although the 

epidemic was initially driven by prescription opioids, it is now dominated by illicit opioids, 

specifically heroin and illicitly-made fentanyl and its analogs.2,3 Annual deaths involving heroin 

have increased more than five-fold since they started to rise in 2010 and deaths involving the class 

of drugs that includes illicitly-made fentanyl and its analogs increased ten-fold from 2013 to 

2018.1–3 These trends illustrate an evolving and increasingly complex epidemic that is now 

responsible for nearly 50,000 deaths per year.1 Identifying effective strategies to address this 

ongoing crisis is critical.  

 

Expanding access to treatment for opioid use disorder (OUD), which affects an estimated two 

million individuals in the U.S.,4 has been a key priority in the national response to the epidemic.5–

9 Medications for opioid use disorder (MOUD) are the most effective treatment available for OUD 

and their superiority to non-pharmacologic approaches in decreasing opioid use and increasing 

treatment retention is well established.10–12 There are three medications approved by the FDA for 

the long-term treatment for OUD: naltrexone, methadone, and buprenorphine.13 Of these, 

methadone and buprenorphine, which are themselves opioids, have the longest history of evidence 

establishing their effectiveness.10,11 Recovery from OUD is challenged by the euphoric and 

sedating effects of opioids (i.e., positive reinforcement) as well as severe physical and 

psychological withdrawal symptoms that accompany opioid detoxification and drug cravings that 

follow (i.e., negative reinforcement).13–15 Both methadone and buprenorphine facilitate OUD 

recovery by mitigating withdrawal symptoms and drug cravings while not producing euphoria 

among opioid-dependent individuals. In addition, both medications block the euphoric and 

sedating effects of other opioids that might be used concurrently. Despite their effectiveness, 

MOUD are extensively underutilized, with less than 40% of individuals with OUD accessing these 

medications.16–19 Although the reasons for this underutilization are varied and complex—including 

stigma among both patients and providers, inadequate insurance coverage, regulatory burdens, and 

lack of awareness, training, and institutional support among providers—several studies have 

identified significant gaps between the treatment need and capacity to provide MOUD at both the 

state and national levels.18,20–22  

 

While methadone for OUD can only be dispensed through highly structured and regulated opioid 

treatment programs, buprenorphine can be prescribed by qualified providers in non-specialty 

outpatient settings and dispensed by pharmacies, and thus represents an important avenue for 
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access. Specifically, since 2002, physicians (with either Doctor of Medicine [MD] or Doctor of 

Osteopathic Medicine [DO] degrees) who underwent eight hours of training and applied for a 

special waiver were permitted to prescribe buprenorphine for OUD to up to 30 patients, which was 

increased to 100 patients in 2006 for qualified providers. In 2016, two additional policy changes 

were made in an effort to expand buprenorphine prescribing capacity: (1) a final rule from the 

Substance Abuse and Mental Health Services Administration (SAHMSA) increased the patient 

limit from 100 to 275 for providers who prescribed buprenorphine to 100 patients for at least one 

year and met additional credential and practice criteria (hereafter MD/DO-275 waivers); and (2) 

the Comprehensive Addiction and Recovery Act (CARA) extended the ability to prescribe 

buprenorphine for OUD to nurse practitioners and physician assistants (hereafter NP/PA waivers). 

 

To date, research has not examined the downstream effects of NP/PA or MD/DO-275 waivers. 

National studies have documented substantial increases in both the number of waivered providers, 

including those with NP/PA and MD/DO-275 waivers, as well as the number of buprenorphine 

prescriptions in recent years, and found that increases have been uneven across states and 

counties.23–26 Multiple studies have highlighted the potential for NP/PA and 275-patient waivers 

to expand access to OUD treatment and help to close the current gap between capacity and demand. 

For example, although rural areas typically have fewer waivered providers per capita,24,26 NPs and 

PAs accounted for more than half of new waivers in rural counties since 2017,27 suggesting NP/PA 

waivers may be particularly effective in expanding rural access. In addition, the number of new 

MD/DO-275 waivers far exceeded federal projections, suggesting these waivers could translate to 

a significant expansion in buprenorphine prescribing.23 Although one study examined and found a 

positive state-level association between the total number of waivered providers and rates of 

buprenorphine prescribing among Medicaid enrollees prior to the 2016 policy changes,28 no 

studies have investigated the associations between the number of NP/PA or MD/DO-275 waivers 

and population-level buprenorphine prescribing rates or opioid-related health outcomes. Each 

policy represents a distinct strategy for expanding access to buprenorphine: the NP/PA policy 

sought to expand the number of prescribers whereas the MD/DO-275 policy sought to expand the 

prescribing capacity of prescribers already focused on buprenorphine provision. Evaluating the 

impacts of these two policies can inform ongoing efforts to expand access to treatment for OUD.  

 

Using several statewide administrative data sources from California, we examined the uptake of 

NP/PA and MD/DO-275 waivers both statewide and by county, as well as their association with 

buprenorphine prescribing and opioid-related mortality, emergency department visits, and 

hospitalizations. 

 

2.2 METHODS 
Overview and Data Sources 

Our aim was to describe trends in the number and type of buprenorphine waivers in California 

from 2010-2018 and leverage variability at the county-level to examine associations between the 

number of NP/PA and MD/DO-275 waivers and both buprenorphine prescribing and opioid-

related health outcomes from 2016-2018. 

 



CHAPTER 2: THE BUPRENORPHINE WAIVER PROGRAM 

 5 

We obtained administrative data that cover the entire state of California from several sources: (1) 

counts of buprenorphine waivers by type, month, and county were acquired through a Freedom of 

Information Act request from the Substance Abuse and Mental Health Services Administration, 

which manages the buprenorphine waiver program; (2) individual-level buprenorphine 

prescription data with unique patient and prescriber identifiers from the Controlled Substance 

Utilization Review and Evaluation System (CURES 2.0), California’s controlled substance 

monitoring program maintained by the California Department of Justice; (3) individual-level 

opioid-related mortality data from the California Department of Public Health (CDPH); and (4) 

individual-level opioid-related emergency department visit and hospitalization data from the 

California Office of Statewide Health Planning and Development (OSHPD). All analysis measures 

were calculated by county and calendar quarter, which were selected to mitigate variability present 

at smaller geographic and temporal scales. 

 

Exposures 

Our two exposures of interest were the buprenorphine prescribing capacities associated with 

NP/PA and MD/DO-275 waivers. To capture these prescribing capacities, we calculated the 

patient prescribing capacity per 100,000 residents associated with all NP/PA and MD/DO-275 

waivers separately. For example, if a county had one NP/PA 30-patient waiver and one NP/PA 

100-patient waiver and a population of 150,000 residents, they would have an NP/PA waiver 

patient capacity rate of ((30 + 100)/150,000)*100,000 = 86.7 patients per 100,000 residents. 

Similarly, if a county had one 275-patient waiver and a population of 150,000 residents, they would 

have a MD/DO-275 waiver patient capacity rate of (275/150,000)*100,000 = 183.3 patients per 

100,000 residents. To capture all other prescribing capacity complementary to either NP/PA or 

MD/DO-275 waiver prescribing capacity, we calculated the total patient prescribing capacity rate 

and subtracted the NP/PA rate or MD/DO-275 rate, respectively.  

 

The available waiver data had two key limitations. First, although SAHMSA maintains records of 

the date on which each waiver was first granted, the type of waiver (e.g., provider degree [MD, 

DO, NP, or PA] and patient limit [30, 100, or 275]), and the provider’s current service address, 

they do not maintain historical address information. Thus, if a provider changed service addresses 

between the time they were granted their first waiver and when the data were obtained (March 

2020), the duration of time providing service at the current address and any prior service addresses 

are unknown. Second, for 504 providers whose waivers had been retired, only the date on which 

the providers’ waiver(s) were first granted, the type of waiver and patient limit(s), and the 

providers’ most recent service address were available; the actual date of the retirement was not 

available. As of the time the data were obtained, only MD/DO-30 and MD/DO-100 waivers had 

been retired, which do not affect our primary exposures. In the main analysis, we assigned waivers 

to counties based on the providers’ current county of practice and did not account for possible past 

moves or waiver retirements. However, both of these limitations were directly addressed in a 

sensitivity analysis described below. 

 

Outcomes 

Our seven outcomes were the rates of unique prescribers actively prescribing buprenorphine, 

unique patients receiving buprenorphine prescriptions, total number of buprenorphine 
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prescriptions, opioid-related health events (including deaths, emergency department visits, and 

hospitalizations), opioid-related deaths alone, opioid-related emergency department visits alone, 

and opioid-related hospitalizations alone.  

 

We calculated the numbers and rates of unique buprenorphine prescribers, unique patients 

receiving buprenorphine prescriptions, and total buprenorphine prescriptions using data from 

CURES 2.0. All three measures were associated with counties based on the county of the 

prescribing provider. Each drug product in the CURES 2.0 data can be identified by a unique 11-

digit National Drug Code number. Buprenorphine prescriptions were identified using resources 

developed and made publicly available by the Centers for Disease Control and Prevention.29  

Buprenorphine formulations prescribed for pain management and not treatment for OUD were 

excluded.  

 

We calculated the overall number and rate of opioid-related health events as the sum of opioid-

related deaths, emergency department visits, and hospitalizations. 

 

We calculated the number and rate of opioid-related deaths using multiple cause of death files 

from the California Department of Public Health. To identify opioid-related deaths, we used the 

International Classification of Diseases, Tenth Revision (ICD10) underlying cause-of-death codes 

X40-X44 (unintentional), X60-X64 (suicide), X85 (homicide), or Y10-Y14 (undetermined intent) 

and multiple cause of death codes T40.0-T40.4 and T40.6, which correspond to opioids. Deaths 

that occurred outside of California were excluded.   

 

We calculated the number and rate of both opioid-related emergency department visits and 

hospitalizations using ICD-10 diagnosis root codes T40.0-T40.4 and T40.6 (excluding codes with 

suffix “X6”, which corresponds to underdosing). We defined opioid-related encounters as those 

that include any of the aforementioned root codes as principal or secondary (i.e. “other”) 

diagnoses.  

 

All three opioid-related health outcomes were associated with counties based on the county of 

residence of the decedent/patient because patients are more likely to receive buprenorphine 

prescriptions from providers practicing in their county of residence than the county in which they 

received emergency medical care or in which their death occurred, if different from their county 

of residence. 

 

Descriptive Analysis 

To examine the effects of the new policies on buprenorphine prescribing capacity statewide and 

by county, we generated several descriptive plots. First, we calculated both the number of new or 

upgraded buprenorphine waivers and the cumulative number of waivers in California by type and 

calendar quarter from 2010 to 2018. Second, we calculated the total patient prescribing capacity 

per 100,000 residents (across all waiver types) at the end of the first quarter of 2010 and the end 

of the fourth quarter of 2018 for each county. Third, we calculated the total patient prescribing 

capacity per 100,000 residents, segmented by waiver type, at the end of 2018 for each county.  
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Statistical Analysis 

To examine the association between NP/PA and MD/DO-275 waiver capacity and each outcome, 

we fit Poisson regression models with county and quarter-year fixed effects and a population 

offset. Poisson models were used in favor of ordinary least squares because the outcomes were 

positively skewed counts of events, and coefficient estimates are robust to distributional 

misspecification, provided the conditional mean is correctly specified.30 The county fixed effects 

control for all time invariant differences between counties, whereas quarter-year fixed effects 

control for all county invariant differences over time (i.e., the secular trend). Because we 

hypothesized a delay between the receipt of a waiver and the outcomes of interest, we employed a 

one quarter lag between independent and dependent variables. Specifically, we modeled the 

association between waiver capacity measured in one quarter and outcomes measured in the 

subsequent quarter, which ensures correct temporal ordering between our exposures and outcomes. 

Below, we refer to the quarter associated with the exposure as the exposure quarter and the 

subsequent quarter as the outcome quarter. Because the population denominator is incorporated 

into the outcome through the offset term, our dependent variables were included in the model as 

counts. Alternatively, our primary independent variables (NP/PA waiver capacity and MD/DO-

275 waiver capacity) were included directly as rates. 

 

In total, we fit 14 separate models, including all combinations of our two exposures (NP/PA waiver 

capacity and MD/DO-275 waiver capacity) and seven outcomes (unique buprenorphine 

prescribers, unique patients receiving buprenorphine prescriptions, buprenorphine prescriptions, 

all opioid-related health outcomes, opioid-related overdose deaths, opioid-related emergency 

department visits, and opioid-related hospitalizations). Models only included counties that had 

variability in both the exposure and outcome during the study period and the time period was 

limited to Q4 2016 through Q4 2018 for the NP/PA models and Q2 2016 through Q4 2018 for the 

MD-DO/275 models; the start of each time period corresponds to the quarter prior to introduction 

of each waiver type in California. Each model controlled for the buprenorphine prescribing 

capacity associated with all waiver types other than the exposure waiver type during the exposure 

quarter, unemployment rate (obtained from the Bureau of Labor Statistics and calculated as the 

mean monthly rate in each quarter) in the quarter prior to the exposure quarter, and the non-

buprenorphine opioid prescription rate in the quarter prior to the exposure quarter.  Each model 

also controlled for lagged values of the exposure to account for the possibility that our waiver-

outcome relationships could be confounded by past numbers of waivers; specifically, the models 

controlled for the average value of the main exposure in the four prior quarters. 

 

To control for county-level variability in the implementation of buprenorphine-related initiatives 

over time, each model included indicator variables corresponding to the implementation of three 

different California initiatives that aimed to expand access to buprenorphine for the treatment of 

OUD during the analysis period. Indicator variables captured the implementation of the Drug 

Medi-Cal Organized Delivery System,31 the California Hub and Spoke Program,32 and the 

California Health Care Foundation supported California Opioid Safety Coalitions Network.33 For 

each initiative, we identified the month of implementation for each county and set the relevant 

indicator variable to 1 for the quarter of implementation and all subsequent quarters, and zero 

otherwise. Implementation months for each county are provided in Table 1. The NP/PA models 
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did not include an indicator variable for the California Opioid Safety Coalitions Network because 

it was initiated prior to the start of the analysis period for these models, thus any impacts of the 

program would be absorbed by the county fixed effects. 

 

The introduction of the new waivers coincided with increasing fentanyl-related mortality in 

California and, due to its high potency and erratic adulteration of other illicit substances, fentanyl 

presents challenges for existing overdose prevention strategies (e.g., lay naloxone distribution).34,35 

In addition, the timing and severity of increases in fentanyl-related mortality varied by county in 

California.36 To control for possible confounding by the presence of fentanyl across counties and 

calendar quarters for each of the four health outcomes, these models controlled for the county-

specific proportion of opioid overdose deaths involving fentanyl in the quarter prior to the 

exposure quarter. 

 

In order to better capture the effects of a single new NP/PA or MD/DO-275 waiver, regression 

coefficients associated with NP/PA waiver capacity were scaled to correspond to a 30 patient 

capacity increase in a median-sized California county (186,620.5 residents), and those associated 

with MD/DO-275 waiver capacity were scaled to correspond to a 175-patient capacity increase. 

These numbers were selected because the majority of NP/PA waivers were new 30-patient limit 

waivers, and MD/DO-275 waivers correspond to a 175 patient increase from a 100-patient limit 

waiver. 95% confidence intervals were calculated using fully robust standard errors obtained from 

heteroscedasticity-consistent covariance matrices.37,38 

 

We thought that our exposure-outcome relationships could be confounded by prior values of the 

outcome (e.g., the number of waivers in the current quarter and the number of opioid-related 

overdose deaths in the subsequent quarter could both be affected by the number of opioid-related 

overdose deaths in a prior quarter). However, in fixed effects regression models, controlling for 

lagged dependent variables leads to inconsistent parameter estimates.30,39 Although this potential 

for uncontrolled confounding is a limitation of our analysis approach, it is unlikely that quarter-to-

quarter fluctuations in buprenorphine prescribing and opioid-related health outcomes would have 

a strong influence on the number of new NP/PA and MD-275 waivers, as the opioid epidemic was 

well-established in California by time these waivers were introduced in 2016 and 2017.36 In our 

view, confounding by unobserved and time-invariant differences between counties was a far more 

substantial concern than confounding by past outcomes, and thus we pursued the fixed effects 

approach. 

 

Regression Model Specification 

As described above, we examined the association between NP/PA and MD/DO-275 waivers and 

the rate of each outcome using Poisson regression models with county and quarter-year fixed 

effects, time-varying covariates, and a population offset.  Our regression models were specified as 

follows: 
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Where Yi,t is the outcome count for county i during quarter t; αi  and γt.  are county and quarter fixed 

effects, respectively; Wi,t-1 is the waiver capacity rate associated with the waiver type of interest 

(NP/PA or MD/DO-275) for county i during quarter t-1; Xi,t-1 is a vector of time-varying covariates 

for county i and indexed by quarter t-1; and Pi,t is the population in county i during quarter t. 

 

Our main results are estimates of β1 for each combination of waiver type W (NP/PA or MD/DO-

275) and outcome Y (buprenorphine prescribers, patients, and total prescriptions, total opioid-

related health events, and opioid-related deaths, emergency department visits, and 

hospitalizations), and scaled as described above. 

 

Sensitivity Analyses 

To explore the associations between NP/PA and MD/DO-275 waiver capacities and our outcomes 

at a different timescale that would involve less variability in our measures, we also fit models using 

half-year periods (i.e., January to June, July to December) rather than quarters. 

 

There is extensive variability in the population sizes of California’s 58 counties (range = 1,094 – 

10,101,104; median = 186,621; interquartile range = 47,868 – 704,863). To mitigate the influence 

of rate variability in smaller counties, we fit regression models among subsets of populous 

counties. Specifically, to avoid an arbitrary threshold, we sequentially obtained estimates when 

excluding counties with a mean population during the study period that was less than 10,000, 

20,000, 30,000, 40,000, and 50,000 residents. 

 

We also conducted a probabilistic sensitivity analysis to assess the sensitivity of our results to the 

two limitations of our waiver capacity measures: (1) the assumption that all providers practiced in 

the same county from the month in which they obtained their first waiver through the present; and 

(2) the fact that we did not account for waiver retirements.  

 

For limitation (1), we used county-to-county migration data from the American Community 

Survey to estimate the probability that a provider moved to their present county for each month 

between January 2002 (the first month of the year in which the buprenorphine waiver program 

began) and March 2020 (when data were obtained and the providers were known to practice in 

their present county). Using these county- and month-specific probabilities, we simulated the 

month that each provider arrived in their present county. If a provider’s simulated arrival month 

fell after the month in which they obtained their waiver, their waiver was not attributed to their 

present county until their simulated arrival month. If the simulated arrival month fell on or before 

the month during which they obtained their waiver, no change was made to the data. When a 

simulated arrival month fell after the month in which a provider obtained their waiver, we also 

simulated whether the provider moved from a different California county, and if so, the specific 
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county from which they came. In this scenario, the provider’s waiver was associated with the 

simulated prior county from the original waiver date until the month that they moved to their 

present county.  

 

For limitation (2), we randomly generated retirement months for the 504 retired waivers between 

the month of initial waiver receipt and March 2020, assuming that the probability of retiring each 

month increased linearly with calendar time.  

 

For each set of simulated waiver data that incorporated stochastic moves and retirements, we 

generated measures and conducted analyses as described in the main text. We ran 1000 iterations 

and reported the 2.5% and 97.5% quantiles of the distributions of each effect estimate.  

 

Randomization Inference 

As an alternative approach to assessing the probability that our estimates were due to chance, we 

conducted a randomization inference procedure. The advantage of this approach to inference is 

that it does not rely on asymptotic theory, contrary to the fully robust standard errors that we report 

with our main estimates. Specifically, we randomly re-assigned each county’s quarterly time series 

of waiver capacity rates (i.e., the waiver capacity rates associated with NP/PA and MD/DO-275 

waivers as well as the corresponding other waiver capacity rates) to a different county, conducted 

analyses as described above, and recorded the t-statistics for the main associations of interest in 

each of the 14 models. The resulting distributions of t-statistics represent the distributions under 

the sharp null hypothesis; that is, that there was no association between exposure and outcome for 

any county-quarter. We conducted 1000 iterations and, for each of the 14 associations of interest, 

we reported the proportion of t-statistics under the sharp null hypothesis that were equal to or more 

extreme in absolute value than the observed t-statistic.  

 

2.3 RESULTS 
Buprenorphine Waivers in California 

The cumulative number and number of new or upgraded buprenorphine waivers by type and 

calendar quarter from 2010 to 2018 in California are presented in Figures 1 and 2. The total patient 

prescribing capacity rate (across all waiver types) at the end of the first quarter of 2010 and the 

end of the fourth quarter of 2018 for each county are presented in Figure 3. The total patient 

prescribing capacity rates segmented by waiver type for each county at the end of 2018 are also 

presented in Figure 4.  

 

The number of buprenorphine waivers increased substantially over the study period, with more 

rapid increases following the introduction of NP/PA and MD/DO-275 waivers, and there was 

extensive heterogeneity in the number and type of waivers across counties. 

 

Associations between NP/PA and MD/DO-275 Waiver Capacity and Outcomes 

Estimates for the covariate-adjusted associations between NP/PA and MD/DO-275 prescribing 

capacity rates and each of the seven outcomes are presented in Figure 5 and Table 2.  
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Each additional NP/PA waiver (scaled to correspond to a median-sized California county) was 

associated with a 1.5% increase in the rate of active buprenorphine prescribers (exponentiated 

Poisson regression coefficient = 1.015, 95% Confidence Interval = 1.007-1.024), a 1.4% increase 

in the rate of patients receiving buprenorphine prescriptions, (1.014, 1.007-1.020), and a 1.7% 

increase in the total buprenorphine prescriptions rate (1.017, 1.009-1.025) in the subsequent 

calendar quarter. When scaled to the median California population size and outcome rates in Q4 

2018, these point estimates correspond to an average increase of 0.7 buprenorphine prescribers, 

6.7 patients receiving buprenorphine and 11.7 buprenorphine prescriptions for each additional 

NP/PA waiver. Each additional MD/DO-275 waiver was associated with a 1.7% increase in the 

rate of patients receiving buprenorphine prescriptions, (1.017, 1.007-1.028) and a 2.7% increase 

in the total buprenorphine prescriptions rate (1.027, 1.016-1.039). These point estimates 

correspond to an average increase of 8.6 patients receiving buprenorphine and 18.7 buprenorphine 

prescriptions for each additional MD/DO-275 waiver. There was no association between MD/DO-

275 waiver capacity and the rate of buprenorphine prescribers, which we expected given that 

MD/DO-275 waivers represent patient limit increases for providers who were already waivered, 

as opposed to prescribing ability for new providers. 

 

Each additional NP/PA waiver was associated with a 1.0% decrease in the opioid related 

emergency department visit rate (0.990, 0.980-1.000). This point estimate corresponds to an 

average decrease of 0.9 opioid-related ED visits for each additional NP/PA waiver. Otherwise, 

there were no clear associations between NP/PA or MD/DO-275 waiver capacity and opioid-

related health outcomes for which 95% confidence intervals did not include the null. 

 

Sensitivity Analyses 

Estimates obtained using six-month time periods were largely consistent with the main estimates 

obtained using quarters, with the exception that the confidence intervals for the associations 

between NP/PA waiver capacity and the total buprenorphine prescription and opioid-related 

emergency department visit rates included the null (Table 3).  

 

When excluding sparsely populated counties, estimates were largely unchanged (Table 4). 

However, each additional NP/PA waiver was associated with an 8-9% decrease in the opioid-

related mortality rate when excluding counties with fewer than 20,000 to 50,000 residents 

(excluding counties with <10,000 residents: 0.939, 0.879-1.002; <20,000 residents: 0.917, 0.865-

0.973, <30,000 residents: 0.915, 0.863-0.971; <40,000 residents: 0.913, 0.860-0.970; <50,000 

residents: 0.912, 0.858-0.970). This point estimate corresponds to an average decrease of 0.2 

opioid-related deaths (using the point estimate from the model excluding counties with fewer than 

20,000 residents) per NP/PA waiver. 

 

The results of our probabilistic sensitivity analysis were largely concordant with our main analysis 

(Table 5). Specifically, the 2.5% and 97.5% quantiles of estimates were both above the null for the 

associations between NP/PA waiver capacity and the buprenorphine prescriber, patient, and 

prescription rates and between MD/DO-275 waiver capacity and the buprenorphine patient and 
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prescription rates. The quantiles were both below the null for the association between NP/PA 

waiver capacity and the opioid-related emergency department visit rate. 

 

Randomization Inference 

The results of our randomization inference procedure were mostly consistent with inference using 

robust standard errors and are presented in Table 6 and Figure 6. For associations between NP/PA 

waiver capacity and the buprenorphine prescriber, patient, and prescription rates, 2.2%, 0.6%, and 

0.8% of t-statistics under the sharp null hypothesis were more extreme than the observed t-

statistics. For the association between MD/DO-275 waiver capacity and the buprenorphine 

prescription rate, 5.2% of sharp null t-statistics were more extreme than the observed t-statistic. 

The associations between MD/DO-275 waiver capacity and the buprenorphine patient rate and 

between NP/PA waiver capacity and the opioid-related ED visit rate were less robust, with 15.8% 

and 20.3% of sharp null t-statistics more extreme than the observed t-statistics, respectively. 

 

2.4 DISCUSSION 
We found that the number of waivered providers and the overall buprenorphine prescribing 

capacity increased substantially in California following the implementation of new national 

policies allowing the MD/DO-275 and NP/PA waivers, and there was extensive variability across 

counties. We also found positive associations between both NP/PA and MD/DO-275 waivers and 

different measures of buprenorphine prescribing and negative associations between NP/PA 

waivers and opioid-related emergency department visits and, when excluding sparsely populated 

counties, opioid-related mortality. This is the first study to examine links between these novel 

types of buprenorphine waivers and buprenorphine prescribing and the first to examine links 

between any type of buprenorphine waiver and opioid-related health outcomes, which have 

implications for ongoing efforts to expand access to buprenorphine for the treatment of opioid use 

disorder. 

 

NP/PA waivers were positively associated with the rate of buprenorphine prescribers, patients, and 

total prescriptions. This is consistent with a national 2017 study that found 75% of waivered NPs 

and PAs reported prescribing buprenorphine since obtaining their waiver.40 Although these 

findings highlight the potential for NPs and PA’s to help fill existing treatment gaps, we also found 

substantial heterogeneity in the rates of NP/PA waivers across counties, which has also been 

reported across states at the national level.27 Despite this variation, NP/PA waivers accounted for 

the majority of new waivers in rural U.S. counties through March 2019 and, in many cases, the 

first waivered clinicians in such counties.27 Our findings highlight the valuable contribution of 

NP’s and PA’s in filling the OUD treatment gap. However, to maximize impact of NP/PA waivers, 

future research should investigate whether the geographic heterogeneity in waiver rates is due to 

the distribution of NPs and PAs or other addressable factors (e.g., awareness or training 

constraints).   

  

We also found that NP/PA waivers were associated with decreases in opioid-related emergency 

department visits and mortality; however, these findings were not robust to randomization 

inference, and the association with mortality was only present when excluding sparsely populated 

counties, so they should be interpreted with caution. Numerous studies have linked sustained OUD 
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treatment with methadone or buprenorphine with lower risk of opioid-related health encounters 

and mortality at the individual level,41–45 but studies demonstrating meaningful population-level 

effects are limited.46 The translation of individual-level benefits to shifts in population-level 

outcomes depends on a variety of factors, including the number of individuals that receive 

sustained treatment in a given population. Medications for the treatment of OUD are extensively 

underutilized,16–18 but use, particularly that of buprenorphine, is increasing nationwide and our 

findings linking NP/PA waiver capacity to population-level health outcomes are promising. It is 

important for future work to investigate the characteristics of places (e.g., states, counties, smaller 

localities, health systems) where prescribing capacity translates most effectively to buprenorphine 

prescribing, retention in treatment, and improved health outcomes.  

 

We found positive associations between MD/DO-275 waivers and both buprenorphine patients 

and prescriptions but found no associations between MD/DO-275 waivers and opioid-related 

health outcomes. Although not directly supported by our analysis, the presence of associations 

between NP/PA waivers and opioid-related health outcomes and the absence of those associations 

for MD/DO-275 waivers could suggest differences in treatment outcomes for patients prescribed 

buprenorphine by different types of providers with different prescribing limits. A recent study 

examined characteristics and prescribing practices by clinician type and patient limit,40 but future 

research should explore patient outcomes in this context to identify potential differences and 

inform strategies to maximize patient benefits. MD/DO-275 waivers are uncommon relative to 

other waiver types, both nationally and in California.47 The only other study to examine the 

abundance of these waivers found that growth through May 2018 exceeded initial projections,23 

but was uneven across the U.S. Although high-limit prescribers may not be relevant to all regions 

and settings, our findings do suggest that the increased limit permitted under the MD/DO-275 

waivers are an important tool for expanding buprenorphine prescribing.  

 

The introduction of NP/PA and MD/DO-275 waivers aimed to increase access to buprenorphine 

for OUD by increasing the number and prescribing capacity of buprenorphine prescribers, 

respectively. It is important to note that the supply and prescribing capacity of buprenorphine 

prescribers are only two of a wide array of constraints that inhibit broader utilization. Several 

studies have also highlighted a lack of education, training, and institutional support among 

providers,48–58 poor care coordination,48,51–55,57–59 inadequate reimbursement,51,54,58–61 stigma 

among both providers48,50,52,53,55,58,62 and patients,63,64 and lack of awareness among patients65 as 

key barriers to buprenorphine treatment. As a consequence of these multi-faceted challenges, 

isolated efforts that address only single barriers are not likely to result in the large population-level 

increases in treatment utilization that are needed to combat the ongoing opioid crisis. For example, 

although Medicaid expansion has been linked to increased buprenorphine prescribing, one study 

found that this association may have been constrained by the number of waivered providers.66,67 

Despite the likely limited effectiveness of singular interventions, our findings suggest that the 

introduction of NP/PA and MD/DO-275 waivers had a meaningful effect on buprenorphine 

prescribing and possibly also on opioid-related health outcomes. These findings highlight the 

possibility that further expansion of buprenorphine prescribing, possibly by way of deregulation 

as has been advocated by some,68–70 could be an effective means to increase access. 
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Our study has several limitations. First, data were from administrative data sources, which are not 

collected for research purposes and may be subject to inaccuracies; however, leveraging these data 

are the only viable way to evaluate population-level effects and we have no specific reason to 

suspect the presence of systematic measurement error that would bias our findings. Second, our 

study is ecological in nature so we cannot confirm that the new NP/PA and MD/DO-275 waivered 

providers contributed directly to subsequent changes in individual outcomes. Third, we could not 

confirm where each provider practiced between their waiver date and when the data were obtained 

in 2020 or whether they retired; however, we attempted to rigorously address this limitation in a 

sensitivity analysis, and our results were unchanged. Fourth, our analysis approach does not 

account for potential confounding by past outcomes, though we do not expect this to substantially 

bias our estimates. Fifth, our results are specific to the state of California and not necessarily 

generalizable to other states or the U.S. overall. 

 

Despite these limitations, we employed a rigorous analysis approach that takes into account 

temporal ordering and controls for all time invariant and county invariant confounders as well as 

important time-varying confounders and found that NP/PA and MD/DO-275 waivers were 

associated with increased buprenorphine prescribing and NP/PA waivers were potentially 

associated with decreased opioid-related ED visits and mortality. These findings highlight the 

benefits of these relatively new waiver types and suggest that efforts to increase their adoption 

may lead to increased buprenorphine utilization and corresponding health benefits. 
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Figure 3: Change in Buprenorphine Prescribing Capacity by County, California 2010-2018* 

 
*Excludes three counties (Alpine, Sierra, Modoc) with Q1 2010 population less than 10,000. 
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Figure 4: Buprenorphine Prescribing Capacity by Waiver Type and County, 2018* 

 
*Excludes three counties (Alpine, Sierra, Modoc) with Q1 2010 population less than 10,000. 
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Figure 5: Fixed effects Poisson regression results estimating associations between waiver 

capacities and buprenorphine prescribing and opioid-related health outcomes, California, 2016-

2018 
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Figure 6: Randomization inference results. The distributions are those of t-statistics under the 

sharp null hypothesis. The blue line is the observed t-statistic for each exposure-outcome. 
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Table 1: California county implementation months for three buprenorphine-

related initiatives controlled for in main analysis 

 Implementation Dates 

County 

Drug Medi-Cal 

Organized 

Delivery System 

California 

Hub and 

Spoke 

Program 

California Healthcare 

Foundation Supported 

California Opioid Safety 

Coalitions Network* 

Alameda July 2018   November 2015 

Alpine       

Amador       

Butte   August 2017   

Calaveras       

Colusa       

Contra Costa July 2017 August 2017 November 2015 

Del Norte       

El Dorado   August 2017   

Fresno   August 2017   

Glenn       

Humboldt   August 2017 November 2015 

Imperial July 2018     

Inyo       

Kern       

Kings   August 2017   

Lake   August 2017 November 2015 

Lassen   August 2017 November 2015 

Los Angeles July 2017 August 2017 November 2015 

Madera       

Marin April 2017 August 2017 November 2015 

Mariposa       

Mendocino   August 2017 November 2015 

Merced       

Modoc     November 2015 

Mono       

Monterey July 2018     

Napa December 2017   November 2015 

Nevada July 2018 August 2017 November 2015 

Orange July 2018   November 2015 

Placer November 2018 August 2017 November 2015 

Plumas   August 2017 November 2015 

Riverside February 2017 August 2017   

Sacramento   August 2017   

San Benito       

San 

Bernardino March 2018 August 2017   

San Diego July 2018 August 2017   

San 

Francisco July 2017 August 2017   

San Joaquin July 2018 August 2017   

San Luis 

Obispo January 2018   November 2015 
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San Mateo February 2017     

Santa 

Barbara December 2018     

Santa Clara June 2017   November 2015 

Santa Cruz January 2018 August 2017 November 2015 

Shasta   August 2017 November 2015 

Sierra   August 2017 November 2015 

Siskiyou   August 2017 November 2016† 

Solano   August 2017   

Sonoma     November 2015 

Stanislaus       

Sutter       

Tehama   August 2017   

Trinity   August 2017   

Tulare       

Tuolumne   August 2017 November 2015 

Ventura December 2018     

Yolo July 2018 August 2017 November 2015 

Yuba   August 2017   

*Because the California Health Care supported Opioid Safety Network Coalitions 

Network was initiated prior to the time period included in the analysis models for all 

counties except for Siskiyou county, the corresponding policy indicator variables are 

subsumed by the county fixed effects for all counties except for Siskiyou. 

†The coalition in Siskiyou county did not begin until "late 2016". 
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Table 3: Fixed effects Poisson regression results using half-year periods (sensitivity 

analysis) 

Exposure Outcome Rate IRR* (95% CI) 

NP/PA 

Waivers 

Buprenorphine Prescribers 1.015 (1.005-1.026) 

Buprenorphine Patients 1.012 (1.002-1.021) 

Buprenorphine Prescriptions 1.011 (1.000-1.023) 

All Opioid-Related Health Outcomes 0.994 (0.985-1.003) 

Opioid-Related Deaths 0.960 (0.909-1.014) 

Opioid-Related ED Visits 0.992 (0.979-1.005) 

Opioid-Related Hospitalizations 0.997 (0.986-1.007) 

MD/DO-275 

Waivers 

Buprenorphine Prescribers 1.003 (0.983-1.023) 

Buprenorphine Patients 1.015 (1.002-1.027) 

Buprenorphine Prescriptions 1.020 (1.005-1.035) 

All Opioid-Related Health Outcomes 0.998 (0.990-1.006) 

Opioid-Related Deaths 0.996 (0.934-1.062) 

Opioid-Related ED Visits 0.994 (0.982-1.005) 

Opioid-Related Hospitalizations 1.003 (0.993-1.014) 

*Incidence rate ratios (IRRs) correspond to a 30 patient increase in prescribing capacity for NP/PA 

and a 175 patient increase in prescribing capacity for MD/DO-275 waivers in a median-sized 

California county. 
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Table 5: 2.5% and 97% quantiles for probabilistic sensitivity 

analysis estimates. 

  Quantile 

Exposure Outcome Rate 2.5% 97.5% 

NP/PA 

Waivers 

Buprenorphine Prescribers 1.010 1.021 

Buprenorphine Patients 1.008 1.018 

Buprenorphine Prescriptions 1.011 1.024 

All Opioid-Related Health Outcomes 0.993 1.003 

Opioid-Related Deaths 0.935 1.001 

Opioid-Related ED Visits 0.984 0.997 

Opioid-Related Hospitalizations 1.000 1.012 

MD/DO-

275 

Waivers 

Buprenorphine Prescribers 0.993 1.025 

Buprenorphine Patients 1.006 1.023 

Buprenorphine Prescriptions 1.013 1.034 

All Opioid-Related Health Outcomes 0.992 1.003 

Opioid-Related Deaths 0.950 1.051 

Opioid-Related ED Visits 0.987 1.002 

Opioid-Related Hospitalizations 0.992 1.007 

 

Table 6: Randomization inference results: proportion 

of sharp null t-statistics more extreme than observed t-

statistic 

Exposure Outcome Rate % 

NP/PA 

Waivers 

Buprenorphine Prescribers 2.2 

Buprenorphine Patients 0.6 

Buprenorphine Prescriptions 0.8 

All Opioid-Related Health Outcomes 69.0 

Opioid-Related Deaths 44.3 

Opioid-Related ED Visits 20.3 

Opioid-Related Hospitalizations 43.3 

MD/DO-

275 

Waivers 

Buprenorphine Prescribers 62.5 

Buprenorphine Patients 15.8 

Buprenorphine Prescriptions 5.2 

All Opioid-Related Health Outcomes 68.0 

Opioid-Related Deaths 93.1 

Opioid-Related ED Visits 67.8 

Opioid-Related Hospitalizations 90.4 
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Chapter 3: Evaluating the effects of 

opioid prescribing policies on patient 

outcomes in a safety-net primary care 

clinic 
 

3.1 INTRODUCTION 
The United States continues to grapple with an unprecedented opioid overdose epidemic. Nearly 

half a million people have died from opioid-related drug overdoses since 1999, including close to 

50,000 deaths annually in recent years.1 Although the crisis is now dominated by illicit opioids 

such as heroin and fentanyl, nearly one third of opioid overdose deaths involved prescription 

opioids in 2018.2,3  

 

Opioid stewardship measures aiming to limit supply and mitigate harms associated with 

prescription opioids in primary care settings have been a major component of the national response 

to the epidemic.4–11 Most prominently, the Centers for Disease Control and Prevention (CDC) 

released guidelines for prescribing opioids for chronic pain in 2016, which was linked to a national 

reduction in opioid prescribing.12,13 Despite well-documented declines in opioid prescribing,14–16 

the rate of prescribing in the U.S. remains substantially higher than any other nation and varies 

widely throughout the country.17–19 In addition, little is known about the effectiveness of specific 

components of the CDC guidelines or of other prescribing-related policies in reducing opioid 

prescribing or their effects on other patient outcomes, intended or unintended.20 Several studies 

have linked reduction or discontinuation of prescribed opioids to adverse patient outcomes, 

including dropping out of care,21 initiation of illicit opioid use22, and death by overdose and 

suicide.23–25 In light of these risks, critical examination of the effects of specific policies on opioid 

prescribing and other patient outcomes is needed to identify the safest and most effective strategies 

moving forward.   

 

In 2013-2014, a safety-net primary care clinic in San Francisco, California implemented two new 

policies and established a new committee in an effort to promote more judicious opioid 

prescribing. Specifically, the clinic implemented policies restricting opioid prescription refills 

under certain circumstances and standardizing the regular use of urine toxicology testing and 

established a new committee to discuss treatment decisions for complex patient cases involving 

opioid therapy.  Understanding the effects of these interventions on opioid prescribing and on 

unintended negative outcomes can inform opioid prescribing policies and practices in the future. 
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In this study, we used a retrospective cohort study design to evaluate the combined effects of these 

two policies and committee on opioid prescribing, use of heroin, and use of opioid analgesics not 

prescribed to the patient.  

 

3.2 METHODS 
Parent Study 

Data were from a retrospective cohort study of 602 publicly-insured patients who were prescribed 

opioids for chronic non-cancer pain in San Francisco’s safety-net health network.22 To be eligible, 

participants had to be at least 18 years of age, able to communicate in English, and prescribed 

opioids for at least three months from 2013-2015. Potential participants were identified through 

patient registries maintained by each network clinic and primary care providers were contacted for 

permission to contact patients directly. Participants who were contacted and agreed to participate 

were seen for a single in-person visit in 2017 or 2018, which included an in-depth interview to 

collect retrospective substance use patterns (including heroin and non-prescribed opioid 

analgesics) and other demographic and behavioral information. Separately, opioid prescription and 

other clinical measures were manually abstracted from participants’ medical charts.  

 

Policies Under Study 

The interventions were established at the clinic within a one-year period from July 1, 2013 to July 

1, 2014. The purpose of the two policies was to define uniform procedures related to opioid 

prescribing so as to “clarify expectations and improve safety for patients and staff, reduce risks 

and harms from opioids, and reduce staff anxiety.” The first policy addressed opioid refills and the 

second policy addressed the use of urine toxicology testing. The new committee was called the 

“yellow flag” committee in reference to yellow flag behaviors, which are potentially concerning 

behaviors in the context of opioid prescribing (e.g., repeated requests for dose escalations, 

presenting to clinic while intoxicated).  The purpose of the yellow flag committee, which began 

meeting in early 2014, was to establish a formal system for multidisciplinary group discussion of 

treatment plans for patients who were prescribed opioids under complex or challenging 

circumstances (e.g., patients with substance use histories, those prescribed particularly high opioid 

dosages, or those with a history of yellow flag behaviors).  

 

Opioid Refill Policy: Effective July 1, 2013, the opioid refill policy established uniform procedures 

for refilling opioid medications. Specifically, the policy outlined procedures for refilling opioid 

medications when patients requested early or late refills or reported lost or stolen opioid 

medications or prescriptions. The policy established a limit of one early or late refill in a 12-month 

period and outlined requirements for increased monitoring and a detailed treatment plan 

assessment (including possible dose modification) in the case of multiple early or late refill 

requests or for patients who have exhibited yellow flag behavior.  

 

Urine Toxicology Policy: Effective July 1, 2014, the urine toxicology policy established uniform 

procedures for requesting urine samples from patients for toxicological testing, interpreting results, 

and taking action based on results. The policy required that all patients prescribed chronic opioids 

be asked to submit a urine sample for toxicology testing prior to initiating therapy and at least once 

per 12 months while continuing therapy. The policy outlined procedures for when urine toxicology 
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results were inconsistent with prescribed medications (e.g., negative for the prescribed opioid, or 

positive for cocaine, methamphetamine, or non-prescribed opioids), including a detailed 

assessment of the patient’s treatment plan and possible opioid discontinuation with a taper.  

 

Yellow Flag Committee: The “yellow flag” committee, which was conceived in late 2013 and 

officially began meeting in early 2014, was designed to discuss treatment plans for the following 

types of patients: those on opioids whose use has become problematic for the patient, provider, or 

staff; those with three or more “yellow flag” behaviors; those with a behavioral agreement for 

disruptive or violent behavior related to opioids; and those on opioids who are at higher risk for 

overdose or death (e.g., patients with overdose in the past 12 months, patients on high dose opioids 

[>400 morphine milligram equivalents per day or > 100mg methadone per day]). The committee 

did not review every case falling into the above categories, which would not have been feasible 

due to volume, but sought to identify and review the most complex patient cases involving opioids, 

which typically fell into one of these categories. Any staff member at the clinic could also request 

a case review by the committee as well, regardless of reason. Committee composition included a 

provider (always a medical doctor, but sometimes also a nurse practitioner or physician assistant, 

who was not the primary care provider), nursing staff and behavioral health staff. The committee 

was not explicitly tasked with decreasing the opioid dose for patients on high doses, but generally 

did provide recommendations to maximize non-opioid treatments and consider decreasing doses, 

especially in high-risk cases.  

 

These two policies and the committee will hereafter be referred to as the interventions. 

 

Clinics Under Study 

The clinic that implemented the interventions (hereafter referred to as the treated clinic) 

predominately provides primary care to adults experiencing homelessness, residents of permanent 

supportive housing, and other members of San Francisco’s downtown neighborhoods, which are 

characterized by concentrated socioeconomic disadvantage and elevated rates of drug overdose 

mortality.26–28  

 

To evaluate the impacts of the interventions among patients at the treated clinic, we leveraged the 

experience of patients at a control clinic that is part of the same network as the treated clinic but 

that did not implement the interventions. Specifically, we used patients at a clinic that provides 

integrated primary and specialty care to the network’s HIV-infected patients. The control clinic is 

unique among the network’s clinics in that, during a time of both national and local reductions in 

opioid prescribing, it did not implement formal policies to reduce prescribing, whereas other 

clinics in the network did. In addition, the control clinic is partially managed by a local university 

and is not subject to the same oversight as other clinics in the network. 

 

Analysis Sample 

The analysis was restricted to 151 patients who were prescribed opioids and receiving care from 

the treated clinic and an additional 122 patients who were prescribed opioids and receiving care 

from the control clinic at the time of the first policy change (July 1, 2013). Patients in the analysis 

sample were required to have started receiving care from the network on January 1, 2012 or earlier; 

all retrospective study measures were collected starting in January 1, 2012, so this restriction 

ensured that all patients had complete follow-up during the full pre-policy period (i.e., January 1, 
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2012 through June 30, 2013). Measures from the pre-policy period were used to assess trends in 

outcomes during the pre-policy period as well as to generate baseline covariates for estimating 

patient propensity scores, both described in greater detail below. 

 

Measures and Data Sources 

Clinical measures were manually abstracted from electronic medical charts by trained staff who 

were blinded to all other study data. Measures included opioid prescription data (opioid type, dose, 

quantity per 30 days), exposure to opioid stewardship activities (controlled substance monitoring 

program [CSMP] checks, controlled substance agreements, and “yellow flag” behaviors 

documented by the provider), and emergency department visits and their opioid-relatedness.  

 

Self-reported use frequency of heroin, non-prescribed opioid analgesics, cocaine, 

methamphetamine, and alcohol was collected for each calendar quarter (i.e., January-March, 

April-June, etc.) from 2012 until the date of the study visit through an in-person historical 

reconstruction interview procedure described elsewhere.22 Demographic information (e.g., age, 

education) was also collected at the study visit. 

 

Study Outcomes 

Six study outcomes were assessed for each patient for the one-year pre-policy period (July 1, 2012 

– June 30, 2013), the implementation period (July 1, 2013 – June 30, 2014), and a three additional 

post-policy periods (July 1, 2014 – June 30, 2015; July 1, 2015 – June 30, 2016; July 1, 2016 – 

June 30, 2017). The implementation period and three additional post-policy periods will hereafter 

be referred to as the first, second, third, and fourth post-policy periods.  

 

Outcomes included whether the patient had an active opioid prescription on the last day of each 

period, and their mean daily opioid dose in morphine milligram equivalents (MME),29,30 any heroin 

use and use frequency, and any non-prescribed opioid analgesic use and use frequency during each 

period. To avoid counting temporary discontinuations of opioid prescriptions, a patient was only 

considered to not be on opioids at the end of each period if they were not prescribed opioids on 

the last day of a period and were not prescribed opioids for a period of at least three months. Use 

frequency of heroin and non-prescribed opioid analgesics was operationalized as sequential 

integers ranging from 0 to 6 corresponding to none, once, intermittently, less than weekly or 

weekly, multiple times per week, and daily or nearly daily. 

 

Statistical Analysis 

The associations between the new policies and each of the six outcomes were assessed using a 

conditional difference-in-differences approach.31  

 

The key assumption underlying the standard difference in differences approach in our context is 

that the change in outcome from pre- to post-policy periods in the control clinic represents the 

change that would have occurred in the treated clinic had the policies under study not been 

implemented (i.e., the secular trend). If this assumption holds, the difference in differences 

estimate can be interpreted as an unbiased estimate of the effect of the policies on the outcome 

under study. Although the parallel trends assumption is fundamentally untestable, its plausibility 
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can be assessed by examining treated and control clinic outcome trends during the pre-policy 

period. Although not guaranteed, parallel outcome trends during the pre-policy period may suggest 

that the trends would have remained parallel through the post-policy period had the policies not 

been implemented. Thus, we plotted the mean outcomes over time during the pre-policy period as 

well as separate linear regression fits using the individual-level outcomes for each clinic (Figure 

1). Because there were only 18 months in the pre-policy period, we plotted outcomes and fit the 

regression lines using calendar quarter as the timescale. As a result, the unit of time utilized in 

assessing pre-policy outcome trends is smaller than that used in the main analysis (i.e., years), 

which may result in greater outcome variability in the pre-policy assessment.  

 

Because visual inspection of these pre-policy outcome trends during the pre-policy period 

suggested possible violations of the parallel trends assumption, we used a generalization of the 

difference-in-differences design that relies on the weaker “conditional parallel trends” assumption. 

The conditional parallel trends assumption posits that any differences in outcome trends in the 

absence of treatment are the result of differences in observed baseline covariates between the 

treated and the control group. This approach uses propensity score weighting to balance covariates 

that may be associated with differential outcome dynamics among the treated and control groups.  

 

As derived and presented elsewhere,31 the conditional difference-in-differences estimates for each 

post-policy period are calculated as follows: 

 

Where Yi,2 is the outcome for patient i in period 2 (i.e., a post-policy period) and Yi,2 is the outcome 

for patient i in period 1 (i.e., the pre-policy period). Ti is the treatment indicator for patient i, which 

is equal to 1 if the patient was a patient of the treated clinic and 0 otherwise. P(T = 1|Xi) is the 

estimated propensity score and P(T = 1) is the empirical proportion of treated clinic patients among 

the entire sample. 

 

We used logistic regression to estimate propensity scores and included independent variables that 

we hypothesized may impact trends in our outcomes. Specifically, we included gender, 

race/ethnicity, age, education, and the following measures corresponding to the 18 month pre-

policy period from January 1, 2012 through June 30, 2013: use of heroin, use of non-prescribed 

opioid analgesics, use of alcohol, use of methamphetamine, use of cocaine, any emergency 

department visits, any opioid-related emergency department visits, any pain agreements, any 

CSMP checks, any yellow flag behavior indicated by the physician, and mean opioid dose. 

 

We then applied the conditional difference-in-differences weighting estimator to each outcome 

and post-policy period and calculated 95% bootstrap confidence intervals using the percentile 

method with 2000 iterations.  

 

Sensitivity Analysis 
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Because matching on pre-period outcome levels can bias difference-in-difference estimates when 

pre-period outcome levels are correlated with treatment assignment,32 we conducted a sensitivity 

analysis in which we excluded the relevant pre-period outcome as an independent variable in the 

propensity score models. Specifically, we excluded mean opioid dose when estimating the 

propensity scores for the opioid prescription outcomes, heroin use for the heroin use outcomes, 

and non-prescribed opioid analgesic use for the non-prescribed opioid analgesic use outcomes. 

 

3.3 RESULTS 
Sample Characteristics 

The analysis includes 151 (55%) treated clinic patients and 122 (45%) control clinic patients. 

Treated clinic patients were more likely to be older (mean age of 52.5 among treated clinic patients 

vs. 49.9 among control clinic patients), female (34% vs. 21%), non-Hispanic white (38% vs. 30%) 

and to have had experience with opioid stewardship activities in the pre-policy period (controlled 

substance agreements: 20% vs. 8%; yellow flag behaviors: 33% vs. 25%; CSMP checks: 6% vs. 

1%) relative to control clinic patients. Detailed patient characteristics by clinic are presented in 

Table 1. 

 

Conditional Differences-in-Differences Estimates 

There was no evidence that the interventions were associated with whether patients were 

prescribed opioids at the end of each period (Figure 2). However, the interventions were associated 

with a reduction in mean opioid dose in the first three post-policy years (Year 1 conditional 

difference-in-differences estimate: -52.0 MME [95% confidence interval: -109.9, -10.6]; Year 2: 

-106.2 MME [-195.0, -34.6]; Year 3: -98.6 MME [-198.7, -23.9]; Year 4: -72.6 MME [-160.4, 

3.6])  (Figure 3).  

 

There was no evidence that the interventions were associated with heroin use or use frequency 

(Figures 4-5). 

 

Although 95% confidence intervals included the null, estimates suggested a possible positive 

association between the interventions and non-prescribed opioid analgesic use (Year 3: 5.2 

absolute percentage points [-0.1, 11.2]) and use frequency (Year 3: 0.21 ordinal frequency scale 

points [0.00, 0.47]) in the third post-policy year (Figures 6-7). 

 

All conditional difference-in-differences estimates and 95% confidence intervals are reported in 

Table 2.  

 

Sensitivity Analysis 

The results of our sensitivity analysis, for which we excluded pre-policy outcome levels as 

independent variables when estimating propensity scores, were largely consistent with the main 

results and are presented in Table 3. 
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3.4 DISCUSSION 
We found that the implementation of opioid refill and urine toxicology policies and the 

establishment of a committee to discuss complex patient cases were associated with reductions in 

opioid dose and were suggestive of increases in non-prescribed opioid analgesic use. There was 

no evidence that the interventions were associated with changes in the overall proportion of 

patients prescribed opioids or in heroin use.  

 

The interventions were associated with over a 100 MME reduction (40% relative change from the 

pre-intervention dose), which brought the mean opioid dose among treated clinic patients below 

200 MME, a dose deemed high risk and targeted for reduction by policies at the Veterans 

Administration Health System.48 The interventions under study did not have the explicit aim of 

reducing patients’ opioid dose but rather aimed to mitigate problematic patient behavior and 

improve safety. Our findings suggest that policies guided by this strategy may provide an effective 

approach for reducing opioid prescribing.   

 

The dose reductions were greatest in the second and third post-policy years but were largely 

attenuated by the fourth year. The slower pace of dose reductions among control clinic patients 

suggest that secular trends in opioid prescribing may have caught up to reductions achieved by the 

interventions. Although the control clinic did not implement specific opioid prescribing policies, 

our study period overlaps with several trends and policies that likely affected prescribing trends at 

both the treated and control clinics. There were national reductions in prescribed opioid dose 

during this time,15,16 which were likely driven by an increasing awareness of the risks associated 

with prescription opioids35–39 and further influenced by the release of the CDC’s prescribing 

guidelines in 2016.13 In addition, there were several state and local changes aiming to promote 

safer opioid prescribing during this period. Specifically, the Medical Board of California adopted 

its own prescribing guidelines in 2014,40 which were similar to the CDC’s opioid prescribing 

guidelines and may have led to reductions in opioid prescribing across California. Also, the 

network that includes the clinics under study formed a pain management workgroup in 2012 to 

promote responsible prescribing across all the network’s clinics. Lastly, the managed care 

organization that oversees the management of the majority of Medicaid clients in San Francisco 

implemented dose and quantity limits on opioid prescribing in 2014. Our results suggest that these 

changes, among others, were sufficient to gradually reduce prescribed opioid dose without the 

explicit interventions implemented at the treated clinic, though not with the rapidity achieved by 

the interventions. 

 

There was no association between the interventions and a decrease in the proportion of patients 

prescribed opioids. However, to participate in the parent study, patients were required to complete 

an in-person visit in either 2017 or 2018, which may have systematically excluded patients who 

had dropped out of care, died, or been otherwise difficult to locate since the interventions were 

implemented in 2013-2014.  Opioid discontinuation and dose reductions have been linked to both 

dropping out of care21 and mortality,23–25 suggesting the possibility that opioid-discontinued 

patients may be under-represented in our sample. An unpublished quality improvement analysis 

conducted at the treated clinic found a 52% reduction in the number of patients on chronic opioids 

from 2012 to 2015, which is substantially larger than the 15% reduction observed among our 

treated clinic sample over a similar timeframe.41 This difference suggests that patients who had 
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their opioids discontinued are under-represented in our treated clinic sample; unfortunately, we 

have no way to make a similar assessment for our control clinic sample. However, under the 

assumption that undersampling of opioid-discontinued patients occurred at the same rate across 

the treated and control clinics, our estimate of a true effect would be biased towards the null. Thus, 

our null effect estimate for this measure should be interpreted with caution. To mitigate the threat 

of such biases, it is important that future studies evaluate opioid prescribing policies using entire 

populations of interest or truly representative samples. 

 

The results were suggestive of a positive association between the interventions and use of non-

prescribed opioid analgesics, although confidence intervals included the null. Because of the 

challenges involved with collecting measures of substance use, studies examining the relationship 

between changes in prescribed opioid dose and subsequent substance use are limited. However, 

this finding is consistent with a study among the entire parent study sample that found that opioid 

dose discontinuations were associated with more frequent use of both heroin and non-prescribed 

opioid analgesics, and opioid dose reductions were associated with any use of non-prescribed 

opioid analgesics.22 It is also worth noting that the treated clinic implemented an integrative pain 

management program to advance the use of multimodal pain treatments in 2016, which was 

associated with self-reported improvements in pain, social satisfaction, and mental health 

outcomes among participating patients.42 It is plausible that this program and its benefits could 

have attenuated any adverse impacts of the interventions on non-prescribed opioid use. Regardless, 

our findings highlight the importance of carefully weighing the potential benefits and harms 

associated with reducing or discontinuing opioid therapy for individual patients.43  

 

The present study has several limitations. First, our convenience sample may not be representative 

of the entire patient population among the two clinics over the course of the study period, as was 

suggested in the context of our opioid discontinuation outcome. Second, although our opioid 

prescription measures were abstracted from medical charts, our measures of illicit opioid use were 

obtained via retrospective self-report and thus vulnerable to various reporting biases. Third, the 

patients under study are socioeconomically disadvantaged relative to the general population and 

thus the estimated impacts of these policies may not be generalizable to other patient populations. 

Fourth, the validity of the conditional difference-in-differences estimator depends on the 

assumption that any differences in outcome trends not attributable to the treatment are attributable 

to baseline characteristics that we observed and incorporated into our analysis, which is not directly 

testable. Related to this, our analytic approach and choice of control group also assume that 

outcome trends are independent of HIV-status, conditional on other observed patient 

characteristics. Although levels of outcomes may differ by HIV-status, we have no reason to 

expect trends in outcomes to differ after accounting for other demographic and clinical 

characteristics. 

 

Despite these limitations, the present study offers a rigorous evaluation of the effects of specific 

opioid prescribing policies on opioid prescribing and illicit opioid use. We found that policies 

addressing concerning behavior, such as multiple early refill requests or abnormal urine toxicology 

results, and a patient-centered committee designed to facilitate challenging treatment decisions 

were associated with a substantial reduction in mean opioid dose and possibly with an increase in 

non-prescribed opioid analgesic use. Such empirical evidence is essential for informing the path 
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forward as we continue to seek a balance between reducing opioid prescribing and minimizing 

harms for affected patients.  
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3.6 FIGURES AND TABLES 
Figure 1: Pre-policy outcome trends for (A) mean opioid dose (B) any heroin use, (C) heroin use 

frequency, (D) any non-prescribed opioid analgesic use, and (E) non-prescribed opioid analgesic 

use frequency 
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Figure 2: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for the binary opioid prescription outcome 
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Figure 3: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for the mean opioid dose outcome 

 
 



CHAPTER 3: OPIOID PRESCRIBING POLICIES 

 51 

Figure 4: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for the any heroin use outcome 

 



CHAPTER 3: OPIOID PRESCRIBING POLICIES 

 52 

Figure 5: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for heroin use frequency outcome 
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Figure 6: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for the any non-prescribed opioid analgesic use outcome 
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Figure 7: (A) Outcome trends by clinic and (B) conditional difference in differences estimates 

for the non-prescribed opioid analgesic use frequency outcome 
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Table 1: Patient characteristics by clinic 

 

Entire Sample 

(n=273)  

Treated Clinic 

(n=151)  

Control 

Clinic 

(n=122) 

Patient Characteristics n (%)   n (%)   n (%) 

Age, mean (SD) 51.4 (8.5)  52.5 (8.0)  49.9 (8.9) 

Gender         

    Male 175 (64.1)  86 (57.0)  89 (73.0) 

    Female 77 (28.2)  51 (33.8)  26 (21.3) 

    Transgender or other 21 (7.7)  14 (9.3)  7 (5.7) 

Race         

    Non-Hispanic white 95 (34.8)  58 (38.4)  37 (30.3) 

    Non-Hispanic black 99 (36.3)  56 (37.1)  43 (35.2) 

    Hispanic 38 (13.9)  13 (8.6)  25 (20.5) 

    Non-Hispanic other/mixed race 41 (15.0)  24 (15.9)  17 (13.9) 

Education         

    Less than high school 63 (23.1)  35 (23.2)  28 (23.0) 

    High school graduate 87 (31.9)  52 (34.4)  35 (28.7) 

    Some college, associate's degree, or 

vocational training 94 (34.4)  49 (32.5)  45 (36.9) 

    Bachelor's degree or higher 29 (10.6)  15 (9.9)  14 (11.5) 

HIV positive 141 (51.6)  24 (15.9)  117 (95.9) 

Mean pre-policy opioid dose (MME), mean 

(SD) 269.9 (549.0)  264.8 (490.9)  276 (615.5) 

Any pre-policy heroin use 29 (10.6)  18 (11.9)  11 (9.0) 

Any pre-policy non-prescribed opioid 

analgesic use 40 (14.7)  25 (16.6)  15 (12.3) 

Any pre-policy alcohol use 155 (56.8)  83 (55.0)  72 (59.0) 

Any pre-policy cocaine use 73 (26.7)  38 (25.2)  35 (28.7) 

Any pre-policy methamphetamine use 47 (17.2)  29 (19.2)  18 (14.8) 

Any pre-policy emergency department 

visits 103 (37.7)  60 (39.7)  43 (35.2) 

Any pre-policy opioid-related emergency 

department visits 34 (12.5)  17 (11.3)  17 (13.9) 

Any pre-policy pain agreements 40 (14.7)  30 (19.9)  10 (8.2) 

Any pre-policy yellow flag behaviors 80 (29.3)  49 (32.5)  31 (25.4) 

Any pre-policy CSMP checks 10 (3.7)   9 (6.0)   1 (0.8) 

 



  
 

T
a
b

le
 2

: 
C

o
n
d
it

io
n

al
 d

if
fe

re
n
c
e 

in
 d

if
fe

re
n
ce

 e
st

im
at

es
 f

o
r 

th
e 

as
so

ci
a
ti

o
n
 b

e
tw

ee
n
 o

p
io

id
 p

re
sc

ri
b
in

g
 i

n
te

rv
en

ti
o
n
s 

an
d
 

p
at

ie
n

t 
o
u
tc

o
m

es
 

 
Y

e
a
r
 1

 
 

Y
e
a
r
 2

 
 

Y
e
a
r
 3

 
 

Y
e
a
r
 4

 

P
a
ti

en
t 

O
u

tc
o
m

e
 

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 

O
p

io
id

 p
r
e
sc

r
ip

ti
o
n

 (
a
b

so
lu

te
 %

) 
 

3
.5

 
(-

8
.4

, 
2
2
.5

) 
 

0
.7

 
(-

1
1
.7

, 
2
2
.0

) 
 

6
.6

 
(-

6
.3

, 
2
7
.2

) 
 

2
 

(-
1
2
.3

, 
2
4
.5

) 

M
e
a
n

 o
p

io
id

 d
o
se

 (
M

M
E

) 
-5

2
.0

 
(-

1
0
9
.9

, 
-1

0
.6

) 
 

-1
0
6
.2

 
(-

1
9
5
.0

, 
-3

4
.6

) 
 

-9
8
.6

 
(-

1
9
8
.7

, 
-2

3
.9

) 
-7

2
.6

 
(-

1
6
0
.4

, 
3
.6

) 

H
e
r
o
in

 u
se

  
 

 
 

 
 

 
 

 
 

 
 

  
  
A

n
y
 u

se
 (

ab
so

lu
te

 %
) 

1
.2

 
(-

3
.7

, 
6
.6

) 
 

0
.9

 
(-

4
.6

, 
7
.1

) 
 

-0
.4

 
(-

8
.9

, 
8
.8

) 
 

2
.3

 
(-

4
.2

, 
1
1
.6

) 

  
  
F

re
q
u
en

cy
 o

f 
u
se

 (
o
rd

in
al

 u
se

 

sc
al

e)
 

0
.0

6
 

(-
0
.1

0
, 
0
.2

3
) 

 
0
.0

3
 

(-
0
.1

6
, 
0
.2

3
) 

 
0
.0

6
 

(-
0
.2

4
, 
0
.5

3
) 

 
0
.1

 
(-

0
.1

9
, 
0
.4

8
) 

N
o
n

-p
r
e
sc

r
ib

e
d

 o
p

io
id

 a
n

a
lg

e
si

c 

u
se

 
 

 
 

 
 

 
 

 
 

 
 

  
  
A

n
y
 u

se
 (

A
b
so

lu
te

 %
) 

1
.3

 
(-

1
.3

, 
4
.0

) 
 

3
.0

 
(-

1
.9

, 
9
.6

) 
 

5
.2

 
(-

0
.1

, 
1
1
.2

) 
 

4
.6

 
(-

5
.0

, 
1
3
.1

) 

  
  
F

re
q
u
en

cy
 o

f 
u
se

 (
o
rd

in
al

 u
se

 

sc
al

e)
 

0
.0

3
 

(-
0
.0

7
, 
0
.1

3
) 

  
0
.1

4
 

(-
0
.0

9
, 
0
.4

1
) 

  
0
.2

1
 

(0
.0

0
, 
0
.4

7
) 

  
0
.1

2
 

(-
0
.1

6
, 
0
.4

1
) 

E
st

. 
=

 E
st

im
at

e 
 

 
 

 
 

 
 

 
 

 
 

               

56 

CHAPTER 3: OPIOID PRESCRIBING POLICIES 



  
 

T
a
b

le
 3

: 
C

o
n
d
it

io
n

al
 d

if
fe

re
n
c
e 

in
 d

if
fe

re
n
ce

 e
st

im
at

es
 f

o
r 

th
e 

as
so

ci
a
ti

o
n
 b

e
tw

ee
n
 o

p
io

id
 p

re
sc

ri
b
in

g
 i

n
te

rv
en

ti
o
n
s 

an
d
 

p
at

ie
n

t 
o
u
tc

o
m

es
 (

p
re

-p
er

io
d
 o

u
tc

o
m

e 
le

v
el

s 
ex

c
lu

d
e
d
 f

ro
m

 p
ro

p
en

si
ty

 s
co

re
 e

st
im

at
io

n
) 

 
Y

e
a
r
 1

 
 

Y
e
a
r
 2

 
 

Y
e
a
r
 3

 
 

Y
e
a
r
 4

 

P
a
ti

en
t 

O
u

tc
o
m

e
 

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 
  

E
st

. 
(9

5
%

 C
I)

 

O
p

io
id

 p
r
e
sc

r
ip

ti
o
n

 (
a
b

so
lu

te
 %

) 
 

2
.4

 
(-

8
.9

, 
2
0
.0

) 
 

-0
.5

 
(-

1
2
.3

, 
1
9
.6

) 
 

5
.3

 
(-

7
.0

, 
2
4
.0

) 
 

1
.3

 
(-

1
2
.5

, 
2
2
.5

) 

M
e
a
n

 o
p

io
id

 d
o
se

 (
M

M
E

) 
-4

8
.8

 
(-

1
0
9
.0

, 
-5

.0
) 

 
-1

0
2
.3

 
(-

1
9
1
.6

, 
-2

8
.7

) 
 

-9
0
.0

 
(-

1
8
9
.0

, 
-5

.6
) 

 
-5

8
.7

 
(-

1
5
6
.7

, 
3
8
.6

) 

H
e
r
o
in

 u
se

  
 

 
 

 
 

 
 

 
 

 
 

  
  
A

n
y
 u

se
 (

ab
so

lu
te

 %
) 

0
.7

 
(-

4
.5

, 
5
.0

) 
 

0
.4

 
(-

5
.3

, 
5
.7

) 
 

-1
.5

 
(-

1
0
.0

, 
6
.1

) 
 

1
.4

 
(-

4
.9

, 
8
.1

) 

  
  
F

re
q
u
en

cy
 o

f 
u
se

 (
o
rd

in
al

 u
se

 

sc
al

e)
 

0
.0

5
 

(-
0
.1

2
, 
0
.2

0
) 

 
0
.0

1
 

(-
0
.1

8
, 
0
.2

0
) 

 
0
.0

1
 

(-
0
.2

7
, 
0
.3

1
) 

 
0
.0

6
 

(-
0
.2

4
, 
0
.3

4
) 

N
o
n

-p
r
e
sc

r
ib

e
d

 o
p

io
id

 a
n

a
lg

e
si

c 

u
se

 
 

 
 

 
 

 
 

 
 

 
 

  
  
A

n
y
 u

se
 (

A
b
so

lu
te

 %
) 

1
.3

 
(-

1
.3

, 
4
.0

) 
 

2
.8

 
(-

2
.1

, 
8
.5

) 
 

5
 

(-
0
.4

, 
1
0
.8

) 
 

4
.4

 
(-

5
.1

, 
1
2
.8

) 

  
  
F

re
q
u
en

cy
 o

f 
u
se

 (
o
rd

in
al

 u
se

 

sc
al

e)
 

0
.0

3
 

(-
0
.0

7
, 
0
.1

3
) 

  
0
.1

3
 

(-
0
.1

0
, 
0
.3

7
) 

  
0
.2

 
(-

0
.0

1
, 
0
.4

5
) 

  
0
.1

1
 

(-
0
.1

6
, 
0
.3

9
) 

E
st

. 
=

 E
st

im
at

e 
 

 
 

 
 

 
 

 
 

 
 

   

57 

CHAPTER 3: OPIOID PRESCRIBING POLICIES 



CHAPTER 4: PUBLIC SAFETY REALIGNMENT ACT 

  58 

Chapter 4: Examining prisoner 

mortality following California’s 

historic Public Safety Realignment Act 
 

4.1 INTRODUCTION 
The United States (US) has both the largest prison population, with over two million current 

prisoners, and the highest incarceration rate in the world.1 Although the country has recently 

started shifting away from more punitive and towards more rehabilitative forms of criminal justice 

and recent legislation has successfully decreased incarceration rates,2,3 a substantial population 

remains incarcerated in prisons and jails in the US. 

 

California has the nation’s second largest prison population. Following substantial population 

growth in the 1980’s and 1990’s, California’s prisons were characterized by extreme overcrowding 

during the 2000’s. Although California’s prisons were not unique in this regard, the circumstances 

surrounding its efforts to resolve the problem of overcrowding were. Two class action lawsuits 

filed on behalf of California state prisoners alleged that inadequate mental (Coleman v. Brown, 

filed 1990) and physical (Brown v. Plata, filed 2001) healthcare stemming from overcrowded 

conditions violated prisoners’ constitutional rights. In connection with Brown v. Plata, federal 

courts established a receivership with full authority over the state’s prison healthcare system in 

2006. Components of both lawsuits were ultimately consolidated before a single three-judge court, 

which in 2009 declared overcrowding to be the primary reason for healthcare deficiencies and 

mandated the state to reduce its prison population by nearly 50,000 individuals, corresponding to 

approximately a 30% reduction. This order was upheld by the U.S. Supreme Court in 2011 and 

California was required to meet the mandated reduction target within three years of the ruling.4 To 

comply with the court’s decision, California passed the Public Safety Realignment Act (Assembly 

Bill [AB] 109) in October 2011.  

 

AB109 sought to decrease the prison population by prospectively shifting the custodial 

responsibility of non-violent, non-serious, and non-sexual offenders from state prisons to county 

jails and probation departments, which was motivated by the idea that local agencies could do a 

better job of rehabilitating offenders.5,6 In addition, by limiting the funds provided to counties for 

these additional inmates, the policy incentivized more cost-effective alternatives to incarceration, 

such as the use of day reporting centers, shorter post-release community supervision, intensive 

probation, and home detention with GPS monitoring, with the aim of lowering the overall rate of 

incarceration across both prisons and jails.5,6  

 

Empirical studies and policy analyses have examined the effects of AB109 on a variety of 

outcomes, including state prison and county jail populations,7–10 recidivism,7,11–16  corrections 

spending,7 and crime.7,8,17–19  Research suggests that AB109 significantly reduced the state prison 

population and extent of overcrowding, though not enough to reach the court-mandated target, 

while increasing the county jail population.7–9,11 The increase in the county jail population was 
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smaller than the decrease in the state prison population, resulting in a lower rate of incarceration 

overall. However, one study found that AB109 may have exacerbated racial, ethnic, and gender 

disparities in incarceration in California’s prison system.10 AB109 appears to have led to modest 

increases in recidivism statewide, but increases were smaller for counties that prioritized reentry 

programs.7,11–15 As of 2015, the policy appears to have had no effect on rates of violent crime, but 

may have increased rates of property crime, particularly auto theft.7,8,17–19  

 

Despite the fact that AB109 was precipitated by inadequate healthcare in California prisons, no 

independent studies have examined its effect on the health of prisoners. However, monthly reports 

tracking a wide variety of healthcare performance indicators did document improvements 

following the implementation of AB109.20,21 Indeed, in 2013, Governor Jerry Brown of California 

declared that prison overcrowding no longer inhibited the delivery of timely and effective 

healthcare to prisoners. 

 

AB109 was implemented amidst an evolving prison healthcare system in California, including 

documented improvements under the federal receivership and the opening of a new medical 

complex that was constructed in 2013 in response to decisions in both the Plata and Coleman 

cases.20 As such, it is not possible to isolate the effects of AB109 from those due to other concurrent 

changes prompted by these lawsuits. However, given that overcrowding was identified as the 

primary reason for California’s inadequate prison healthcare,4 it is plausible that any changes in 

health outcomes over this period are at least partially attributable to the de-crowding effects of 

AB109. Furthermore, the changes initiated by AB109 were unprecedented in state-level criminal 

justice reform, representing the largest ever court-ordered reduction of a prison population in the 

U.S. Indeed, AB109 has been characterized as “the biggest criminal justice experiment ever 

conducted in America”.22 At the end of 2018, 25 states exceeded at least one measure of prisoner 

capacity.23 As these states continue to grapple with overcrowded prisons and look to California’s 

experience with AB109, it is critical that we understand how the policy may have impacted all 

relevant outcomes, including prisoner health.  

 

Leveraging several complementary data sources, we aimed to evaluate the effects of AB109 on 

California state prisoner mortality. By shifting the custodial responsibility of low-level offenders 

to county jails, AB109 impacted both the number of composition of prisoners in California state 

prisons. Because of these dynamics, we also sought to assess the extent to which effects of AB109 

on prisoner mortality might be attributable contemporaneous changes in the age distribution of 

prisoners. 

 

4.2 METHODS 
Overview 

To evaluate the effects of AB109 on California state prisoner mortality and assess the extent to 

which changes in the age distribution may have contributed to these effects, we conducted four 

complementary analyses. First, we evaluated the effects of AB109 on crude mortality (i.e., not 

accounting for temporal changes in age distribution) using the synthetic control method. Second, 

we examined how the age distribution of California state prisoners changed following AB109 and 

compared these changes to those occurring in other states over the same timeframe. Third, we 

compared trends in crude and age-standardized mortality among California state prisoners before 

and after AB109. Lastly, we compared pre- to post-AB109 changes in mortality among California 
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state prisoners to those occurring in other states while accounting for differential changes in 

prisoner age distributions between states. 

 

Data Sources 

To comprehensively answer our research question, we would ideally leverage data on the universe 

of state prisoners in the US, including their ages and dates of incarceration, as well as if and when 

they died in prison. However, such comprehensive data were not obtainable. Instead, we leveraged 

three complementary data sources that were either publicly available or practically obtainable in 

order to conduct the four analyses outlined above. 

 

First, we obtained the annual counts of deaths and crude mortality rates among state prisoners for 

all 50 states for years 2001-2015 from publicly available reports published by the Bureau of Justice 

Statistics (BJS).24,25  

 

Next, we obtained individual-level state prison inmate term records for California and several other 

states for years 2000-2015, including month and year of birth and prison term dates, from the 

National Corrections Reporting Program (NCRP).26 Annually, the NCRP collects offender-level 

administrative data on prison admissions and releases and year-end custody populations from 

participating jurisdictions. The number of states submitting data to NCRP has varied over time, 

with at least 38 states providing some amount of data since 2000. These data were available from 

the Inter-university Consortium for Political and Social Research under restricted conditions. 

 

Lastly, we obtained de-identified individual-level data for all deaths among California state 

prisoners, including age of the decedent and date of death, from the California Deaths in Custody 

(DIC) reporting program.27 The DIC Data includes all deaths that occur in law enforcement 

custody. To capture deaths among California state prisoners, we retained only deaths for which 

the California Department of Corrections and Rehabilitation had custody of the subject 

immediately preceding death. We excluded decedents held in out-of-state correctional facilities, 

those who died by execution, and those released on medical parole. These data were publicly 

available through California Department of Justice’s Open Justice program.28 

 

Collectively, these data sources provide or allow us to calculate crude annual mortality rates for 

California and control states (BJS Data), annual total mortality counts for California and control 

states (BJS Data), annual age-specific prisoner person-time for California and control states 

(NCRP Data), and annual age-specific mortality counts for California only (DIC Data). Table 1 

provides an overview as to which components of these data sources were used in each of our four 

analyses. 

 

Crude Mortality 

To evaluate the effect of AB109 on crude mortality, we used the synthetic control method with the 

annual crude mortality rates from the BJS as the outcome variable.29,30 Specifically, we considered 

California as the single treated unit, and included other states in the donor pool from which to 

construct the synthetic control. The synthetic control approach uses pre-policy covariates and 

outcome data to identify a weighted combination of control units whose weighted pre-policy 

covariates and outcomes best fit those of the treated unit. For our analysis, the pre-policy period 

included years 2001-2010 and the post-policy period included years 2012-2014. The year 2011 
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was excluded because AB109 was implemented in October 2011. Years after 2014 were excluded 

because California implemented Proposition 47, another major criminal justice law that reduced 

penalties for many low-level crimes, in November 2014. The effect of AB109 on prisoner 

mortality is estimated by comparing the observed California state prisoner mortality rate to that of 

the synthetic control unit in the post-policy period. 

 

In our implementation, we included all annual values of the pre-policy prison mortality rates and 

no other covariates in the construction of the synthetic control unit. We considered several 

covariates but obtained a substantially improved pre-policy fit in terms of mean squared prediction 

error (MSPE) when including only pre-policy outcomes. Specifically, we considered the following 

state-level covariates: age-adjusted all-cause mortality rate among the general population, 

incarceration rate, proportion of male prisoners, proportion of prisoners over 55, and prison 

population as a percentage of the lowest reported measure of prison facility capacity. General 

population mortality rates were obtained from the Centers for Disease Control and Prevention’s 

Wide-Ranging Online Data for Epidemiologic Research (CDC WONDER) database;31 

incarceration rates, proportions of male prisoners, and capacity measures were obtained from 

annual BJS Prisoners Series reports;32 and the proportions of prisoners over 55 were obtained from 

NCRP data that was processed and published by the Prison Policy Initiative.33 Each prison-related 

measure referred to the prison population at year end. We attribute the better fit of the outcome-

only model to the limited predictive power (with regard to the outcome) of the small number of 

covariates that were available. 

 

The synthetic control approach precludes traditional approaches to statistical inference; however, 

it is standard to conduct inference using a permutation test to compare the estimated treatment 

effect for the state that implemented the policy under study to estimates for states where the policy 

was not implemented.29,30 Specifically, we applied the synthetic control estimator to every state in 

the control donor pool for the same time period assessed for the main analysis and compared the 

estimated treatment effect to these placebo effects in two ways: (1) comparing the post-policy 

MSPE (i.e., the sum of squared differences between the observed and synthetic mortality rates 

over the post-policy years) for California’s synthetic control to those of each of the control states, 

while restricting to subsets of states with good pre-policy fits (i.e., within 5x and 2x of the pre-

policy MSPE for California’s synthetic control); and (2) comparing the ratio of the post- to pre-

policy MSPE for California’s synthetic control to those of each of the control states. This latter 

measure precludes choosing an arbitrary cutoff for excluding control states with poor pre-policy 

fits by standardizing post-policy effect sizes by the quality of the pre-policy fit. The permutation 

test provides a distribution of placebo effects for each of these measures to which we can compare 

the values for California. We generated plots to visualize the results and calculated the proportion 

of control states that had post-policy MSPEs and ratios of post- to pre-policy MSPEs that were 

less extreme than those of California. Each of these inferential approaches have been described in 

greater detail elsewhere.29,30 

 

We also conducted two separate robustness checks. First, we conducted an “in-time” placebo test, 

in which we applied the synthetic control method to California but considered 2001-2006 as the 

pre-policy period, 2007 as the excluded implementation year, and 2008–2010 as the post-policy 

period and also conducted a permutation test as described above. These years were selected 

because they allowed for the greatest number of pre-policy years while maintaining three post-



CHAPTER 4: PUBLIC SAFETY REALIGNMENT ACT 

  62 

policy years that occurred prior to the actual implementation of AB109. Because AB109 was not 

implemented until 2011, we should expect the mortality rates of the synthetic control unit to mirror 

those observed in California from 2008-2010. Second, for each control state that contributed to the 

synthetic control unit in the main analysis, we constructed a new synthetic control for California 

while excluding that state from the donor pool. We then compare the outcome trajectories of these 

leave-one-out synthetic control units to those of the original synthetic control unit that included 

the entire donor pool. These comparisons assess the robustness of our main estimates to the 

exclusion of any single state. 

 

Changes in prisoner age distributions 

In order to investigate the extent to which the effects of AB109 on crude mortality may be 

attributable to changes in California’s prisoner age distribution, we first sought to assess how the 

age distribution of California state prisoners changed following AB109 relative to other states over 

the same timeframe. If California experienced a change in age-distribution following AB109 that 

was extreme relative to concurrent changes in other states, this would support the plausibility that 

effects of AB109 on mortality could be attributable to a shift in the California’s prisoner age-

distribution. To do this, we calculated the proportion of prisoner person-time corresponding to 

specific age groups (under 26, 26-35, 36-45, 46-55, 56-65, 66-75, over 75) for 2010 and each year 

2012-2014 for California and each control state. Prisoner person-time was derived from the NCRP 

individual-level term records. Specifically, for each state and year, this involved summing up the 

incarcerated person-time among prisoners falling within each age group and dividing by the total 

incarcerated person-time to obtain proportions. We then calculated the relative change in each age 

group proportion from 2010 to each of the three post-policy years for each state. 

 

Comparing crude and age-standardized mortality among California state prisoners 

Next, we sought to investigate differences between the trend in crude California state prisoner 

mortality and the trend in California state prisoner mortality that accounts for changes in the age-

distribution of prisoners over time and, particularly, following AB109. To do so, we compared the 

annual crude mortality rates among California state prisoners from 2008-2014 to annual age-

standardized mortality rates over the same period, both calculated with death counts from the DIC 

data and person-time measures from the individual-level NCRP data. To calculate the annual age-

standardized mortality rates, California’s annual age-specific mortality rates for each year from 

2008-2014 were applied to the California state prisoner age-distribution from 2008, which 

preceded the implementation of AB109. This procedure is known as direct standardization. The 

age-standardized mortality rates for each year were thus calculated as: 

 
Where λAS

CA,,j is the California age-standardized rate for year j; λCA,j,k is the California mortality 

rate for year j and age group k; and ptCA,2008,k is the California incarcerated person-time for 2008 

and age group k. The age-standardized mortality trend illustrates how crude mortality would have 

changed if the California state prisoner age-distribution were static from 2008 to 2014. We were 

only able to standardize California’s age-specific prisoner mortality rates in this way because we 

had access to annual age-specific mortality rates for California but not for any control states.  
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Comparing age-standardized mortality between California and other states 

Lastly, we sought to evaluate the effects of AB109 on mortality net of any effect due to resultant 

changes in the age distribution of California state prisoners and any secular trends approximated 

by the experience of other states. To do so, we compared California’s change in state prisoner 

mortality from pre- to post-policy years to that experienced by other states, while controlling for 

differential changes in age distribution between California and other states over the same period. 

Standard approaches to adjust for differential changes in age distribution between California and 

other states would require that annual age specific mortality rates among California and other states 

be compared directly or standardized to and summed over the same age distribution, such as 

California’s age distribution in a given year (i.e., direct standardization). However, as previously 

noted, the data available for this analysis precluded the ability to calculate age-specific rates for 

any state but California. We did, however, have access to the annual age-specific person-time from 

the NCRP data and the total number of deaths from the BJS data for control states. 

 

To compare mortality trends between California and other states while accounting for differential 

changes in age distribution, this combination of data is amenable to an extension of the method of 

indirect age standardization, in which a set of “standard” age-specific mortality rates are 

standardized to and summed over a target age distribution to obtain the total number or rate of 

deaths expected in the target population had it experienced the “standard” age-specific mortality 

rates. We calculated a single measure for each control state and post-policy year that captured the 

excess (or deficit) change in mortality that would have occurred in the control state had it 

experienced California’s age-group specific mortality rates in the pre- and relevant post-policy 

year. Specifically, we used California’s annual age-specific mortality rates as the “standard” set of 

rates, which we standardized to and summed over the age distribution of each control state for 

each corresponding year. Thus, for each control state, we obtained four quantities that 

corresponded to the crude mortality rate expected in each control state had it experienced 

California’s age-group specific mortality rates in 2010 and each year 2012-2014. Then, for each 

control state and post-policy year, we calculated the difference between the change in the expected 

crude mortality rate from 2010 to a post-policy year and the change in the control state’s observed 

crude mortality rate over the same period. Thus, the age-adjusted excess mortality was calculated 

as:  

 
Where EMi,j is the age-adjusted excess mortality for control state i and post-policy year j; λCA,j,k is 

the mortality rate for California in post-policy year j for age group k; pti,j,k is the incarcerated 

person-time for control state i, post-policy year j, and age group k; and CRi,j is the crude mortality 

rate for control state i and post-policy year j. A positive value for this quantity suggests that the 

change in the crude mortality rate associated with California’s pre- and post-policy age-specific 

mortality rates was greater than the change associated with the control state’s pre- and post-policy 

age-specific mortality rates, a negative value suggests the opposite, and a value of zero suggests 

that there was no difference between the two. This quantity can also be framed as a difference-in-

differences estimate, for which California’s age-specific mortality rates applied to a control state’s 
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age distribution represent the treated unit and the control states observed mortality rates represent 

the control unit. 

 

For each post-policy year, we present the age-adjusted excess mortality rate estimates for each 

control state, the median value, and exact confidence intervals. Exact confidence intervals were 

obtained for the closest confidence levels above and below the 95% level via inversion of the one-

sample sign test. The sign test is a non-parametric statistical test that makes no distributional 

assumptions about the underlying data distribution other than that data are drawn independently 

from a continuous distribution. 

 

We also conducted a placebo test using 2008 as the pre-policy year and 2010 as the post-policy 

year and present the median and exact confidence intervals as described above. These years were 

selected so as to skip a single “implementation” year as in the main analysis and because 2010 is 

the last year prior to the actual implementation of AB109. 

 

Control States 

For both the crude and age adjusted mortality analyses, we excluded several control states. 

Specifically, we excluded states that had 10 or fewer deaths during any year under study. The BJS 

considers 10 or fewer deaths an insufficient number to provide a reliable rate.24,25 Florida was 

excluded because the state privatized its prison healthcare system in 2011, which an independent 

audit found to correspond with decreased quality of care.34 Alaska, Connecticut, Delaware, 

Hawaii, Rhode Island, and Vermont were excluded because prisons and jails form one integrated 

system in these states and mortality data were only available among the combined prison and jail 

populations.24,25  

 

For the age-adjusted analysis, we excluded additional states for which the person time measures 

calculated using the NCRP data were determined not to be sufficiently accurate. Through the 

National Prisoner Statistics (NPS) Program, the BJS collects and reports the year-end custody 

population for each state prison system (i.e., the number of prisoners in physical custody on 

December 31 of each year).35,36 We used the individual-level term records from the NCRP to 

calculate the year-end custody population for each state and year for 2007-2014. We excluded 

states for which the year-end custody population calculated using NCRP data differed by more 

than 10% from the number reported by BJS during any year. A 10% accuracy threshold between 

NCRP and NPS data has been used in prior analyses using NCRP data.37,38  

 

The inclusion status and reasons for exclusion for all 50 states for both the crude and age-adjusted 

mortality analyses are presented in Table 2.  

 

Because we do not have access to age-specific mortality rates for any control states, we cannot 

examine whether there were systematic differences in these rates between the states that were 

included and excluded from the age-adjusted analysis. However, we investigated whether the 

changes in crude mortality rates from 2010 to each post policy year from the BJS data are different 

by inclusion status for the age-adjusted analysis. Specifically, we assess whether the changes in 

each group (included vs. excluded) are likely to arise from the same underlying distribution using 

Kolmogorov-Smirnov tests for each post policy year. For this assessment, we only consider states 

that were included in the crude mortality analysis. 
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Sensitivity Analysis for Differences in Mortality Reporting 

As previously described, our comparison of changes in age-adjusted mortality rates between 

California and other states leveraged multiple complementary datasets. There were small 

differences between the annual number of deaths among California state prisoners in the DIC and 

BJS data, with DIC data consistently reporting fewer deaths than the BJS data (Table 3). For the 

main age-adjusted analysis, we used the deaths present in the DIC data. To account for the 

possibility that DIC data are not comprehensive and that the BJS data represent the truth, we 

conducted a sensitivity analysis in which we added deaths to the DIC data such that the annual 

number of deaths matched the number in the BJS data for 2010 and each post-policy year 2012-

2014. Over 1000 iterations, we randomly assigned the added deaths to different age groups (with 

equal probability), calculated the age-adjusted excess mortality rate estimates for each state and 

post-policy year, and calculated the median value for each post policy year. We then present the 

2.5% and 97.5% quantiles of the distributions of the median values for each post-policy year. 

 

Bias Analyses for Concurrent Policy Changes 

Two sources of potential bias in estimating the effects of AB109 on California state prisoner 

mortality are the nearly concurrent introduction of the medical parole program and the subsequent 

introduction of the elderly parole program in the California state prison system. The medical parole 

program began in January 2011, granted its first parole in June 2011, and was expanded in July 

2014. This program initiated a parole hearing process that allowed grantees who are permanently 

medically incapacitated and who require 24-hour care to be placed in a licensed healthcare facility 

in the community. The elderly parole program began in October 2014 and initiated a parole hearing 

process by which prisoners over 60 years old who have served at least 25 years of continuous 

incarceration could be assessed for parole. An elderly parole hearing differs from a standard parole 

hearing in that the panel gives special attention to the prisoner’s age, physical condition, and long-

term confinement when determining a prisoner’s suitability for parole.   

 

These two programs may have implications for our analysis because they were introduced after 

the end of the pre-policy period and could have impacted the mortality rate among California state 

prisoners if those granted parole through the programs were at systematically higher or lower risk 

of death than those who remained incarcerated. If this were the case, any changes in mortality in 

the post-policy period could be at least partially due to the initiation of these parole programs.  

 

We sought to assess the impact of these parole programs on the results of our comparison of age-

adjusted mortality rates between California and other states. It seems reasonable to assume that 

medical parolees would be at greater risk of death than other age-comparable prisoners, and thus 

their release from custody may have resulted in a reduction in age-specific prisoner mortality rates. 

However, two points are worth noting. First, medical parole differs from compassionate release, 

which involves a recall of sentence for California state prisoners who are terminally ill and are 

estimated to have less than six months to live. Although medical parolees are permanently 

medically incapacitated, they are not necessarily terminally ill.  Second, there were never more 

than seven medical parole deaths during any post-policy year (Table 4), which represent a small 

fraction of the annual number of deaths among California state prisoners.  Regarding the elderly 

parole program, we have no specific reason to expect elderly parolees to be more or less at risk of 

death than age-comparable prisoners who remained incarcerated. 
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To assess the sensitivity of our age-standardized analysis results to the introduction of the medical 

parole program, we calculated age-standardized excess mortality rates as described above but 

included deaths among California medical parolees and person time attributed among these 

deceased medical parolees in the calculation of the age-specific annual California mortality rates. 

Deaths among medical parolees were present in the DIC data and were excluded from our main 

analysis. In addition, we re-ran the sensitivity analysis described above to correct for differences 

in death counts between DIC and BJS data, but for each iteration we added medical parolee deaths 

after updating the annual DIC death counts to match those reported by BJS. 

 

Because the medical parole program began after the end of the pre-policy period, including deaths 

among California medical parolees had no effect on the synthetic control fit for our crude mortality 

analysis. Their inclusion increased California’s observed mortality rate by <2% for each post-

policy year and thus we do not present this sensitivity analysis for crude mortality. 

 

To explore the potential impact of the elderly parole program on the California prison mortality 

rate, we compared the trend in the mortality rate among California state prisoners aged 60 and 

older before and after the start of the elderly parole program to the trend in rate among prisoners 

younger than 60. Specifically, we calculated mortality rates separately among prisoners above and 

below age 60 for each calendar quarter in 2013 and 2014. Because the variance of quarterly 

mortality rates among prisoners aged 60 and older were substantially larger than those among 

prisoners under 60 (60 and older variance = 100,463; under 60 variance = 530), we calculated the 

change in quarterly mortality rate since the rate in the first quarter (Q1) of 2013 standardized by 

the standard deviation of quarterly rates in 2013-2014 for each group. If the beginning of the 

elderly parole program led to a meaningful change in the mortality rate among prisoners aged 60 

and older, we might expect to observe a standardized change in the mortality rate among this group 

in Q4 2014 that is not evident among prisoners under 60. 

 

4.3 RESULTS 
Crude Mortality 

The composition of the synthetic California is presented in Table 5, the crude mortality rates for 

California and the synthetic California are presented in Figure 1, and the difference between the 

rates are presented in Figure 2. Mortality among California state prisoners increased after the 

implementation of AB109 relative to those of the synthetic California, but the two rates converged 

by 2014. These estimates suggest that, without accounting for age distribution changes, the 

mortality rate among California state prisoners was higher in 2012 and 2013 than would have been 

expected in the absence of AB109.  

 

Permutation test plots of the differences between each control state’s mortality rate and that of 

their corresponding synthetic control are presented for all control states (Figure 3) and those within 

5x (Figure 4) and 2x (Figure 5) of California’s pre-policy MSPE. Nine (31.0%) of all 29 control 

states, five (26.3%) of 19 states within 5x of California’s pre-policy MSPE, and zero (0.0%) of 7 

states within 2x of California’s pre-policy MSPE had a post-policy MSPE greater than that of 

California. The plot of the ratios of post- to pre- policy MSPE for California and all control states 

is presented in Figure 6. Three (10.3%) of 29 control states had ratios of post- to pre-policy MSPE 

greater than that of California. 
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A sizeable proportion of control states had greater post-policy MSPE values than California, yet 

few of these states had particularly good pre-policy fits. When restricting to seven states with good 

pre-policy fits, California’s estimated effect was more extreme than those of all placebo states. 

Similarly, California’s ratio of post- to pre-policy MSPE, which standardizes effect size by the 

quality of the pre-policy fit, exceeded those of 90% of placebo states. Thus, when accounting for 

pre-policy fit, the estimated effect of AB109 on mortality is relatively large compared to the 

distribution of placebo effects. These results provide modest, but not conclusive, evidence that the 

estimated effect in Figure 1 is due to AB109.  

 

For the “in-time” placebo test treating 2007 as the policy implementation year, the crude mortality 

rates for California and the synthetic control and the difference between California’s annual 

mortality rate and those for the synthetic California are presented in Figures 7-8. Mortality rates 

were very similar between California and the synthetic California from 2008 to 2010.  

 

The corresponding plots of the gaps between each control state’s mortality rate and that of their 

corresponding synthetic control are presented for all control states (Figure 9) and those within 5x 

(Figure 10) and 2x (Figure 11) of California’s pre-policy MSPE. Twenty-two (78.6%) of 28 

control states (a solution did not converge for one state), 16 (76.2%) of 21 states within 5x of 

California’s pre-policy MSPE, and 10 (76.9%) of 13 states within 2x of California’s pre-policy 

MSPE had a post-policy MSPE greater than that of California. The plot of the ratios of post- to 

pre- policy MSPE for California and all control states is presented in Figure 12. Nineteen (67.9%) 

of 28 control states had ratios of post- to pre-policy MSPE greater than that of California. 

 

The effect size and corresponding permutation test when treating the implementation year as 2007 

provide no evidence for an effect on California state prisoner mortality during this placebo period. 

These results demonstrate that the synthetic control method applied to these data was able to 

accurately reconstruct California’s observed mortality rates in the absence of a major intervention, 

increasing confidence in our estimates of the effects of AB109.  

 

The leave-one-out estimates obtained when excluding single control states from the donor pool are 

presented in the Figure 13. Exclusion of any of the states that contributed to the synthetic control 

unit in the main analysis had little impact on the estimates of AB109’s effect on mortality. 

 

It is worth noting that the 2012 crude mortality rate for California reported by the BJS is and used 

in this analysis likely to over-estimate the true mortality rate (in deaths per person-time). The BJS 

uses the year-end custody population as the denominator for calculating annual rates, and AB109 

led to a large and rapid reduction in the prison population that did not stabilize until the end of 

2012. Specifically, the year-end custody populations reported by BJS for 2011 and 2012 were 

147,051 and 132,624, respectively. As a result of this reduction from year-end 2011 to year-end 

2012, the year-end population will underestimate the true incarcerated person-time more in 2012 

than in other years.  

 

Changes in prisoner age distributions 

After the implementation of AB109, the proportion of California state prisoners in older age groups 

increased and those in lower age groups decreased (Figures 14-16). From 2010 to 2012, California 
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had relative increases in the proportion of prisoners in older age groups that exceeded those of 

most control states with reliable person-time data (62% of control states for prisoners aged 45-55 

and 100% of control states for prisoners aged 56-65, 65-75, and over 75). Similarly, California had 

relative decreases in the proportion of prisoners for some younger age groups that exceeded those 

of most control states (77% of control states for prisoners aged 36-45; 100% of control states for 

prisoners aged 26-35; 38% of control states for prisoners aged 18-25). Similar patterns were 

sustained through 2013 and 2014. 

 

Comparing crude and age-standardized mortality among California state prisoners 

Both the crude and age-standardized mortality rates among California state prisoners from the 

period 2008-2014 are presented in Figure 17. The increase that was observed for crude mortality 

rates following the implementation of AB109 is absent from the age-standardized mortality rates. 

Whereas the crude mortality rate increased from 247.7 deaths per 100,000 person-years in 2010 to 

260.5 in 2012 and 266.0 in 2013, the age-standardized mortality rate decreased from 223.4 in 2010 

to 205.2 in 2012 and 202.5 in 2013. We also present the age-specific mortality rates among 

California state prisoners for each year from 2008 to 2014 in Table 6. Age-specific mortality rates 

declined for all but one age group (46-55 year-olds) from 2010 to 2012 and declined for all age 

groups from 2010 to 2013 and 2014. 

 

Comparing age-standardized mortality between California and other states 

The age-standardized excess mortality rate estimates for each state and post-policy year are 

presented in Figure 18 and Table 7. Among the 13 control states included in the analysis, the 

median excess mortality rates were 5.6 (97.8% exact confidence interval: -71.7, 34.5; 90.8% exact 

confidence interval: -37.1, 34.4) in 2012, -18.6 (-78.4, 42.6; -68.5, 13.1) in 2013, and -48.6 (-100.6, 

-27.2; -48.7, -30.0) in 2014. These results suggest that if each control state’s prison population had 

experienced California’s age-specific mortality rates from 2010 to 2014, they would have tended 

to have greater decreases in mortality relative to what they actually experienced. By 2014, the 

median state would have experienced nearly 50 fewer deaths per 100,000 prisoners, representing 

a nearly 20% reduction from the median mortality rate of 259 per 100,000 among the 13 control 

states in that year.  

 

When applied to the pre-policy period (2008 to 2010), the median excess mortality rate was 37.0 

(-3.6, 110.3; 19.8, 85.7). This result suggests that if each control state’s prison population had 

experienced California’s age-specific mortality rates from 2008 to 2010, they would have tended 

to have greater increases in mortality relative to what they actually experienced. 

 

There was no evidence that the changes in crude mortality among states included in the analysis 

arise from a different distribution than excluded states from 2010 to 2012 (p=0.402), 2013 

(p=0.806), or 2014 (p=0.943), as assessed using Kolmogorov-Smirnov tests. 

 

Sensitivity Analysis for Differences in Mortality Reporting 

The results of our sensitivity analysis in which we randomly corrected for differences between the 

annual numbers of California state prisoner deaths included in the DIC data and those reported by 

BJS were consistent with our main age-standardized analysis results comparing changes in 

California to those in other states and are presented in Table 8.  
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Bias Analyses for Concurrent Policy Changes 

The results of our sensitivity analysis that incorporated medical parole deaths were also similar to 

our main age-standardized analysis results comparing changes in California to those in other states 

(Table 9). As with our main analysis, randomly correcting for differences between DIC and BJS 

data had little effect on these estimates (Table 10). 

 

In regards to the elderly parole program, the standardized changes over time in quarterly mortality 

rates among prisoners above and below 60 years of age were very similar throughout 2013 and 

2014, with the exception of a spike in deaths among prisoners 60 and older in Q1 2014 (Figure 

19). Under the assumption that the relationship between the mortality trends among those above 

and below 60 years of age would have continued through Q4 2014 in the absence of the elderly 

parole program, there is no indication that the elderly parole program impacted mortality rates 

among prisoners aged 60 and over. 

 

4.4 DISCUSSION 
Following the implementation of AB109, California prisons experienced an increase in crude 

mortality that attenuated by 2014 and appears to be attributable to a concurrent shift in the age 

distribution of California state prisoners. When accounting for this change in the age distribution, 

California’s change in mortality rate appeared consistent with those of other states in the first two 

post-policy years but exhibited a greater reduction relative to other states in the third year after 

implementation. This is the first study evaluating California state prisoner mortality following the 

implementation of California’s historic criminal justice initiative, and our analysis suggests 

improved mortality outcomes three years after implementation. 

 

The results of our synthetic control analysis suggest that the crude mortality among California state 

prisoners increased relative to what would have occurred in the absence of AB109, with the largest 

increase occurring in 2012. This finding is supported by our permutation test when restricting to 

control states with good pre-policy fits and our robustness checks. However, as previously noted, 

the crude mortality among California state prisoners that is reported by BJS and used in this 

analysis over-estimates the true mortality rate in 2012, thus the magnitude of the effect in this year 

is likely exaggerated. Importantly, our age-focused analyses suggest that this increase is 

attributable to a substantial shift in the age distribution of California state prisoners as opposed to 

other mechanisms elevating prisoners’ mortality risk. We explored this possibility in three ways. 

 

First, we found that California experienced a shift in age distribution among prisoners that was 

more extreme than most control states, particularly in regard to increasing proportions of older 

prisoners, following the implementation of AB109. AB109 provisions were implemented 

prospectively such that that new low-level offenders would be incarcerated in county jails instead 

of state prisons but existing state prisoners would not be transferred to county jails or granted early 

release. Although both admissions and releases declined after AB109, the reduction in California’s 

prison population was driven by a decline in admissions that exceeded the corresponding decline 

in releases. The rapid change in the age distribution of California’s prisoner population following 

AB109 aligns with the fact that that older prisoners are more likely to be serving longer 

sentences,39 such that prisoners released in a given year are disproportionately younger than the 

overall prisoner population. Prior to AB109, these releases would be approximately offset by new 

admissions, but new admissions were reduced under AB109, a dynamic that resulted in a smaller 
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and older prisoner population. It is well established that mortality risk increases with age both in 

and out of prisons,24,40 thus it is plausible that the age-shift precipitated by AB109 could increase 

the crude mortality rates. 

 

Second, we found that the California state prisoner age-specific mortality rates actually declined 

for nearly all age groups following the implementation of AB109. This is also reflected in our 

finding that while the crude mortality rate increased from 2010 to 2012 and subsequently declined 

through 2014, the age-standardized rate declined over the entire period.  

 

Lastly, in our comparison of changes in age-standardized mortality rates between California and 

other states, we found no evidence that changes in California age-specific mortality rates were 

systematically different from those of 13 control states from 2010 to 2012 or 2013, but we did find 

that California’s age-specific rates decreased more than those of all but one control state in 2014. 

Furthermore, we presented evidence that if each control state had experienced California’s age-

specific mortality rates before and after AB109, the median state would have experienced 50 fewer 

deaths per 100,000 prisoners compared to what was actually observed, or 20% relative to the 

median 2014 mortality rate among control states. 

 

Taken together, our findings suggest that crude mortality increased among California state 

prisoners following AB109 due to an evident change in the age distribution and corresponding risk 

profile of California’s prison population, but that mortality within age strata declined both relative 

to the year before implementation and relative to contemporaneous changes in other states. 

Understanding the overall (i.e. crude) mortality risk of the incarcerated population is critical for 

surveillance and healthcare planning; however, to understand how the de-population of 

California’s state prisons under AB109 may have impacted the health of individual prisoners, it is 

essential to account for the concurrent change in age distribution and the corresponding mortality 

risk.  

 

The discrepant findings between our crude and age-adjusted analyses highlight an important 

methodological consideration when studying trends or impacts of policies on population measures. 

Specifically, researchers must take special care when applying methods and interpreting results 

when the internal composition of an aggregate population being studied may change in a manner 

that impacts the outcome of intertest. In the present scenario, a careless interpretation of the results 

of our synthetic control analysis might conclude that AB109 increased the mortality risk among 

California state prisoners, which our age-adjusted analyses suggest is not the case. Importantly, 

any approach effectively accounting for such dynamics requires data at a level more granular than 

crude population measures (e.g., individual-level data or measures stratified by relevant 

covariates), which might not always be available.   

 

It is important to place our findings within the broader context of the California prison healthcare 

system leading up to and following the implementation of AB109. As noted in the Introduction, 

California’s prison healthcare system has a unique and complex history dating back decades from 

the implementation in AB109. Most notably, from 2006 through the end of the study period, 

California’s healthcare system was under full authority of a federal receiver specifically tasked 

with improving the quality of care.20 From 2008 to 2010, both the crude and age-standardized 

mortality rates among California state prisoners increased; in fact, when calculating age-
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standardized excess mortality rates for this period, California appeared to have a greater increase 

age-specific mortality rates than control states. Despite these increases in the early years of the 

receivership, a 2015 report by the receiver summarized substantial improvements to the structure, 

processes, and outcomes related to medical care in California prisons since 2008, though it also 

noted extensive variability in quality of care at the institutional level. Also, from 2006 to 2014, a 

comprehensive death review process documented a reduction in the rate of medically preventable 

deaths.41 In addition to these changes that spanned the pre- and post-AB109 periods, the state 

opened the California Health Care Facility (CHCF) in July 2013. The CHCF is a 54-building and 

nearly 3000-prisoner capacity medical complex for prisoners with long-term medical or acute 

mental-health needs. It is thus clear that the de-population of California prisons under AB109 

occurred in tandem with dedicated and seemingly effective efforts to improve the quality of 

medical care provided to prisoners. Indeed, although the original court decision and subsequent 

Supreme Court opinion for Coleman/Plata vs. Brown declared overcrowding as the primary reason 

for healthcare deficiencies, they also made clear that resolving overcrowding alone would not be 

sufficient to improve the quality of care for prisoners. 

 

The changes that spanned or occurred during the post-policy period offer potential explanations 

for why we only observed the reduction in age-standardized prisoner mortality in 2014, the third 

year after the implementation of AB109. Although the CHCF opened in July 2013, the receiver 

halted intake in January 2014 citing inadequate staffing and supply chain issues that precluded 

effective provision of healthcare at the facility.42 Following a series of improvements, intake at 

CHCF resumed in July 2014.43 Thus, after a challenging first 6-12 months in operation, CHCF 

may have impacted system-wide mortality rates by admitting and providing care for prisoners with 

the most complex and severe medical needs in 2014. Indeed, CHCF’s average end-of-month 

population was 366 across all 12 months in 2013 and 1,620 in 2014.44 In addition, the state’s death 

review process determined that the rate of medically preventable deaths was relatively stable from 

2009 to 2013 but decreased by one-third in 2014, which aligns with our findings.41 On the other 

hand, the average number of identified lapses in care per prisoner death showed no meaningful 

trend prior to 2010 but decreased from 1.1 in 2010 to 0.8 in 2012-2013 and to 0.5 in 2014,41 which 

aligns with the timing of AB109 implementation. It is worth noting that death is the most severe 

health outcome and that improvements in medical care are likely to impact intermediate health 

outcomes before ultimately impacting mortality. This is particularly true in the context of chronic 

conditions such as diabetes or hypertension, which require ongoing care and management and are 

more prevalent among incarcerated populations.45 Accordingly, it seems plausible that de-

population under AB109 could facilitate improvements in the quality of prisoner care that would 

correspond to the observed lag between the implementation of AB109 and changes in mortality.  

 

Our study is novel in that it evaluates the impacts of decarceration on individuals who remain 

incarcerated and that it focuses on a health outcome. Prior work has noted the potential for 

decarceration efforts to improve the health and well-being of prisoners by reducing overcrowding 

and decreasing prisoner-to-staff ratios;46 indeed, AB109 was predicated on this idea.4 However, as 

illustrated by other research evaluating AB109,7,8,11–19 outcomes related to public safety and 

recidivism tend to receive more attention among efforts to understand the impacts of decarceration. 

Our findings that AB109 may have decreased the risk of mortality among California state prisoners 

provides an important complement to this other work, and allows for a more comprehensive view 

of the impacts of AB109 and of decarceration more broadly. 
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The present study has several limitations. First, our synthetic control analysis and our age-

standardized excess mortality rate measures both rely on the assumption that the mortality 

experience of other states can be used to approximate what would have occurred in California in 

the absence of AB109, which is untestable. Second, we are unable to disentangle the mortality 

effects of de-population under AB109 and concurrent improvements in the quality of medical care 

in California’s prisons that were prompted by the same lawsuits as AB109; however, given that 

these were intended as concurrent and complementary strategies for improving prisoner 

healthcare, we are not certain that it would be meaningful to do so. Third, only 29 and 13 control 

states were included in the crude and age-adjusted analyses, respectively; however, the majority 

of states were excluded due to small population sizes and numbers of prisoner deaths or having 

integrated prison and jail systems, which may limit their comparability to California, which has 

the nation’s second largest state prison system. In addition, among states included in the crude 

mortality analysis, there was no difference in the distributions of crude mortality trends between 

those that were included and excluded from the age-adjusted analysis. Fourth, our age-adjusted 

analysis combines data from multiple sources, which involved population data of variable quality 

in NCRP data and discordant counts of annual deaths among California state prisoners in the BJS 

and DIC data. We sought to address the variable quality in the NCRP data by validating year-end 

custody counts against NPS data and only retaining states that exhibited reasonable quality over 

the entire study period. We sought to address the discordant death counts in our stochastic 

sensitivity analysis, which had trivial effects on our estimates and no impact on our conclusions. 

It is important to note that broader availability of reliable data on US prison populations, including 

health-related measures, would mitigate the majority of these limitations and improve the ability 

of researchers to rigorously evaluate the impacts of changes to the nation’s prison systems. Indeed, 

a study surveyed 36 prominent publicly available health datasets and found the none could be used 

to assess the health of incarcerated individuals, highlighting the dearth of these data.47 

 

Despite these limitations, we leveraged multiple data sources to examine mortality among 

California state prisoners following a historic and unprecedented de-populating of a state prison 

system. Although the crude mortality rate increased initially, our findings suggest this was due to 

an expected shift in age distribution of California state prisoners. When accounting for this shift 

in age distribution, we found that mortality decreased more in California relative to control states 

three years after the implementation of AB109. As other states seek to reduce their prison 

populations to address overcrowding and corresponding healthcare deficiencies, any assessment 

of California’s experience with AB109 should consider this potential benefit.  
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Figure 19 

 
 

Table 1: Overview of analyses and contributed data sources 

Analysis 

Contributing 

Data Sources Data Source Components 

Evaluating effects of AB109 

on crude mortality using 

synthetic control method 

BJS Data 
Annual mortality rates among California and 

control state inmates 

Comparing changes in 

inmate age distribution 

between California and 

control states 

NCRP Data 

Age-specific annual incarcerated person-time 

among California and control state inmates, 

calculated from individual-level term records 

Comparing trends in crude 

and age-standardized 

mortality rates among 

California inmates 

DIC Data 
Total and age-specific annual mortality counts 

among California inmates 

NCRP Data 

Age-specific annual incarcerated person-time 

among California inmates, calculated from 

individual-level term records 

Comparing changes in age-

standardized mortality rates 

between California and 

other states 

BJS Data 
Total annual mortality counts among control state 

inmates 

NCRP Data 

Age-specific annual incarcerated person-time 

among California and control state inmates, 

calculated from individual-level term records 

DIC Data 
Age-specific annual mortality counts among 

California inmates 

BJS = Bureau of Justice Statistics; NCRP = National Corrections Reporting Program; DIC = Deaths in 

Custody Reporting Program 
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Table 2: States included in crude and age-adjusted 

mortality analyses. 

State 

Included in 

Crude 

Mortality 

Analysis 

Included in Age-

Adjusted Mortality 

Analysis 

Alabama X X 

Alaskaa,b,d     

Arizonad X   

Arkansasd X   

California X X 

Coloradod X   

Connecticutb,d     

Delawarea,b,d     

Floridac,d     

Georgiad X   

Hawaiia,d     

Idahoa,d     

Illinois X X 

Indianad X   

Iowaa,d     

Kansasd X   

Kentuckyd X   

Louisianad X   

Mainea,d     

Maryland X X 

Massachusettsd X   

Michigan X X 

Minnesotaa,d     

Mississippid X   

Missouri X X 

Montanaa,d     

Nebraskaa     

Nevada X X 

New Hampshirea,d     

New Jerseyd X   

New Mexicoa,d     

New York X X 

North Carolina X X 

North Dakotaa,d     

Ohiod X   

Oklahomad X   

Oregon X X 

Pennsylvania X X 

Rhode Islanda,b     

South Carolina X X 

South Dakotaa,d     

Tennesseed X   

Texasd X   

Utaha,d     

Vermonta,b,d     
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Virginiad X   

Washington X X 

West Viginiaa,d     

Wisconsin X X 

Wyominga,d     
aExcluded from both crude and age-adjusted mortality analyses 

due to annual number of deaths < 10 during the study period. 
bExcluded from both crude and age-adjusted mortality analyses 

because prisons and jails form one integrated system in these 

states and mortality data were only available among the 

combined prison and jail populations.  
cExcluded from both crude and age-adjusted mortality analyses 

because the state privatized its prison healthcare system in 2011, 

which was reported to result in decreased quality of care. 
dExcluded from age-adjusted mortality analysis because year-

end custody estimates calculated with NCRP data differed by 

more than 10% from those reported by BJS for at least one year 

during the period 2007-2014. 

 

Table 3: Differences between annual number of deaths among 

California state prisoners included in Deaths in Custody (DIC) data 

and reported by the Bureau of Justice Statistics (BJS). 

Year 

Included in Deaths in 

Custody (DIC) Data 

Reported by The 

Bureau of Justice 

Statistics (BJS) 

Relative 

Difference* 

2008 355 371 4.3% 

2009 392 395 0.8% 

2010 413 414 0.2% 

2011 386 388 0.5% 

2012 363 368 1.4% 

2013 360 366 1.6% 

2014 313 317 1.3% 

*Calculated with the BJS counts as the reference. 

 

Table 4: Annual number of 

deaths among California medical 

parolees, 2011-2014 

Year 

Count of Medical 

Parole Deaths 

2011 5 

2012 7 

2013 7 

2014 4 
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Table 5: Composition of 

Synthetic Control 

Control State Weight 

Illinois 0.301 

Missouri 0.229 

Oregon 0.166 

Washington 0.154 

Indiana 0.079 

Arizona 0.044 

Georgia 0.027 

 

 

Table 6: Age-specific mortality rates among California state 

prisoners, 2008-2014* 
Age 

Group 2008 2009 2010 2011 2012 2013 2014 

Under 

26 
20.8 28.5 36.2 53.3 31.6 37.4 33.1 

26-35 52.3 53.7 70.4 43.6 59.3 68.6 54.7 

36-45 115.5 102.4 133.1 114.9 121.4 135.6 98.8 

46-55 407.7 423.7 373.5 376.0 393.9 324.4 306.7 

56-65 948.9 1282.5 1252.0 1079.6 1023.1 1034.8 843.8 

66-75 2985.8 2579.6 2788.1 2455.8 2136.5 2540.9 2088.8 

Over 75 6479.6 6995.9 5762.9 6780.2 6868.2 5443.3 4628.0 

*Rates calculated using death counts from Deaths in Custody (DIC) data and 

incarcerated person-time from National Corrections Reporting Program 

(NCRP) data. 
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Table 7: Age-adjusted excess mortality rates before 

and after the implementation of AB109, 13 states 

  

Pre-Policy 

Period  Post-Policy Period 

State 2010*   2012† 2013† 2014† 

Alabama 70.4  -71.7 -139.9 -155.2 

Illinois -9.4  22.0 42.6 -4.4 

Maryland 150.3  -27.5 -78.4 -27.2 

Michigan 19.8  -85.5 -80.2 -100.6 

Missouri 26.2  56.6 -4.2 -48.6 

North Carolina 110.3  14.3 13.1 -48.7 

Nevada -15.2  34.5 58.6 -48.6 

New York 33.3  3.8 -49.1 -48.6 

Oregon -3.6  76.5 54.1 11.2 

Pennsylvania 68.8  -37.1 -30.7 -40.1 

South Carolina 85.7  34.4 3.6 -30.0 

Washington 37.0  5.6 -18.6 -48.1 

Wisconsin 112.7   -93.3 -68.5 -165.2 

MEDIAN 37.0   5.6 -18.6 -48.6 

*Refers to  change in mortality from 2008 to 2010. 

†Refers to  change in mortality from 2010  to each post-policy 

year. 

 

Table 8: 2.5% and 97.5% quantiles of 

median age-adjusted excess mortality 

rates  over 1000 iteraitons of 

stochastically correcting DIC death 

counts to match those reported by BJS, 

13 states 
Post-Policy 

Year* 

2.5% 

Quantile 

97.5% 

Quantile 

2012 8.2 8.9 

2013 -15.3 -14.4 

2014 -46.6 -46 

Pre-Policy 

Year† 

2.5% 

Quantile 

97.5% 

Quantile 

2010 27.0 28.2 

*Refers to  change in mortality from 2010  to 

each post-policy year. 

†Refers to  change in mortality from 2008 to 

2010. 
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Table 9: Median age-adjusted  excess mortality 

rate and  exact confidence intervals calculated with 

the inclusion of California medical parole deaths, 

13 states 

Post-Policy Year* Median (97.8% CI) 

2012 10.1 (-67.6, 39.5) 

2013 -13.6 (-74.8, 45.6) 

2014 -45.8 (-97.7, -24.8) 

*Refers to  change in mortality from 2010  to each post-policy 

year. 

 

 

Table 10:  2.5% and 97.5% quantiles of median age-

adjusted excess mortality rates  over 1000 iterations of 

stochastically correcting DIC death counts to match those 

reported by BJS and adding California medical parole 

deaths, 13 states 

Post-Policy Year* 2.5% Quantile 97.5% Quantile 

2012 12.7 13.3 

2013 -10.1 -9.4 

2014 -43.9 -43.3 

*Refers to  change in mortality from 2010  to each post-policy year. 
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