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Preface 

Substance use and drug policy are clearly in the national spotlight. Although heroin, 
prescription opioids, and synthetic opioids (such as fentanyl) receive most of the attention, 
deaths involving methamphetamine and cocaine are both on the rise. Marijuana continues to 
receive attention as more states relax their laws. 

To better understand changes in drug use outcomes and policies, policymakers need to know 
what is happening in the markets for these substances: How many people are using them? How 
much are they using? How much money are they spending? How have these quantities changed 
over time? The main report, the most recent in the What America’s Users Spend on Illegal Drugs 
series, updates and extends estimates of the number of users, expenditures, and consumption 
from 2006 to 2016 for cocaine (including crack), heroin, marijuana, and methamphetamine, 
based on a methodology developed by the RAND Corporation for the Office of National Drug 
Control Policy (ONDCP). Both of these efforts were funded by ONDCP.  

These five appendixes present additional details about our methods and calculations. 
Appendix A includes plots of chronic drug users, expenditure, and consumption for 2000–2016, 
along with comparisons to estimates from the prior edition of this report (Kilmer et al., 2014a). 
Appendixes B and C provide additional information about our approach to estimating the 
number of cocaine, heroin, and methamphetamine users, and Appendix D presents survey-based 
data about the size of marijuana purchases. Appendix E extends the consumption estimates based 
on the limited set of drug use indicators available for 2017. 

RAND Social and Economic Well-Being is a division of the RAND Corporation that seeks to 
actively improve the health and social and economic well-being of populations and communities 
throughout the world. This research was conducted in the Social and Behavioral Policy Program 
within RAND Social and Economic Well-Being. The program focuses on such topics as risk 
factors and prevention programs, social safety net programs and other social supports, poverty, 
aging, disability, child and youth health and well-being, and quality of life, as well as other 
policy concerns that are influenced by social and behavioral actions and systems that affect well-
being. For more information, email sbp@rand.org. 
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Appendix A. Cocaine, Heroin, and Methamphetamine Estimates, 
2000–2016 

Figures A.1 through A.11 include CDU, expenditure, and consumption estimates for 2000–
2016. To enable comparison of these figures with prior estimates, they are plotted against 
estimates published in the previous WAUSID (Kilmer et al., 2014a). 1 

Figure A.1. Estimates of Chronic Cocaine Users 

 

 
1 Differences between the best estimates reported and the most recent equivalent prior estimates (Kilmer et al., 
2014a) are due to the revised prevalence models and their underlying data extended through 2013. These differences 
affect CDU, expenditure, and consumption estimates. Although differences appear large in 2006, they are relatively 
small compared with the uncertainty in these estimates. 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Best 3.8 3.6 3.4 3.6 3.6 3.7 3.8 3.4 2.9 2.7 2.5 2.5 2.4 2.3 2.3 2.3 2.3

Higher 5.3 5.0 5.0 5.1 5.2 5.3 5.5 4.9 4.3 4.0 3.7 3.6 3.5 3.4 3.3 3.3 3.4

Lower 2.8 2.6 2.3 2.4 2.5 2.6 2.6 2.3 2.0 1.9 1.7 1.7 1.7 1.6 1.6 1.5 1.6

ONDCP (2014a) 3.3 3.1 2.9 2.9 3.1 3.2 3.2 3.0 2.8 2.7 2.5
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Figure A.2. Cocaine Expenditure Estimates 

 

Figure A.3. Cocaine Consumption Estimates 

 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Cocaine Best $77 $69 $62 $62 $61 $60 $58 $48 $39 $35 $31 $29 $27 $24 $24 $24 $24

Higher $107 $96 $90 $90 $87 $85 $83 $70 $57 $51 $45 $42 $39 $36 $34 $34 $35

Lower $55 $50 $43 $42 $41 $41 $40 $32 $26 $24 $21 $20 $18 $16 $16 $16 $16

ONDCP (2014a) $63 $56 $52 $49 $51 $51 $49 $45 $39 $36 $32
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Figure A.4. Estimates of Chronic Heroin Users 

 

Figure A.5. Heroin Expenditure Estimates 

 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Best 1.5 1.7 1.5 1.5 1.6 1.6 1.6 1.6 1.7 1.9 1.9 1.9 2.0 2.2 2.2 2.2 2.3

Higher 3.0 3.2 2.9 2.8 2.9 2.9 3.0 2.8 3.1 3.5 3.3 3.2 3.6 4.0 4.5 4.2 4.6

Lower 0.7 0.8 0.7 0.7 0.8 0.8 0.8 0.8 0.8 0.9 1.0 0.9 1.0 1.0 0.8 0.9 0.9

ONDCP (2014a) 1.4 1.4 1.3 1.3 1.3 1.2 1.2 1.2 1.3 1.5 1.5
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Heroin Best $29 $33 $30 $29 $31 $31 $31 $29 $31 $36 $35 $35 $37 $40 $42 $41 $43

Higher $59 $64 $58 $55 $57 $56 $57 $53 $56 $66 $61 $60 $66 $74 $84 $79 $85

Lower $13 $15 $14 $14 $15 $16 $16 $15 $16 $17 $18 $17 $18 $18 $16 $17 $17

ONDCP (2014a) $26 $26 $25 $26 $26 $25 $24 $24 $26 $30 $31
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Figure A.6. Heroin Consumption Estimates 

  

Figure A.7. Marijuana Users by Use Category 

 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Best 22 28 25 25 25 26 27 27 30 31 27 30 33 42 43 44 47
High 43 54 46 47 46 48 49 49 53 57 46 52 59 77 87 86 94
Low 10 13 12 12 13 13 13 14 15 15 14 15 16 19 16 18 18
ONDCP (2014a) 25 25 22 23 23 22 22 24 26 27 24
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Figure A.8. Marijuana Expenditures 

 

NOTES: Expenditures are calculated by multiplying use days by RASTUD, adjusted for underreporting and fit to 
legacy level. Comparable data are not available for 2000. 

Figure A.9. Estimates of Chronic Methamphetamine Users 
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Figure A.10. Methamphetamine Expenditure Estimates 

 

Figure A.11. Methamphetamine Consumption Estimates 

 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
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Appendix B. Estimation Models for Cocaine, Heroin, and 
Methamphetamine 

Predicting Positive Drug Tests Among Adult Male Arrest Events in ADAM 
Jurisdictions 
The estimates detailed in this report are based on methods developed for the 2000–2010 

WAUSID (Kilmer et al., 2014a), with refinements to account for changes in data availability and 
changes in the relationships among covariates.2 The following discussion is adapted from the 
technical report to the previous WAUSID (Kilmer et al., 2014b). 

Drug use among adult male arrestees is a function of both individual and market-level 
demand factors, and the relationships can differ by substance. For example, Dave (2008) finds 
that race, ethnicity, age, the drug possession arrest rate, and STRIDE-derived street-level cocaine 
prices are statistically associated with the probability that an arrestee in the ADAM program tests 
positive for cocaine; for heroin, age did not matter, but the street-level price of heroin, possession 
arrest rate, race, and employment status did. Our challenge was to find state- and substate-level 
variables that (1) predict the share of arrestees testing positive for each drug in ADAM counties 
and (2) are available for all, or substantially all, counties in the country. These variables are 
discussed later in this appendix, but we begin with our construction of the dependent variable.  

Dependent Variable 

As noted by previous studies (Rhodes et al., 2001, and Rhodes et al., 2012), a large 
proportion of chronic cocaine, methamphetamine, and heroin users are subject to a nontrivial 
arrest risk and, therefore, are within the purview of ADAM data. In each relevant year, roughly 
22,000 adult male respondents in the 43 ADAM-I counties (2000–2003)3 and 4,000 in the ten 
ADAM-II counties (2007–2011; five counties in 2012–2013) submitted to a toxicology screen 
for a battery of substances (Box B.1). 

 
2 In future work, a Bayesian approach formally updating estimates to account for new data and sources of 
uncertainty may be well-suited to the estimation. 
3 Not all 43 jurisdictions participated every year. The average number of participating counties was 36.  
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Box B.1 
ADAM Locations by Region 
East North Central: Chicago, Cleveland, Detroit, Indianapolis 
Mountain: Albuquerque, New Mexico; Denver; Las Vegas; Phoenix; Salt Lake City; Tucson, Arizona; Rio Arriba 
County, New Mexico 
Northeast: Albany, New York; Boston; Manhattan, New York City; Philadelphia 
Pacific: Anchorage, Alaska; Honolulu; Los Angeles; Portland, Oregon; Sacramento, California; San Diego; San 
Jose, California; Seattle; Spokane, Washington  
South Atlantic: Atlanta; Charlotte, North Carolina; Fort Lauderdale, Florida; Miami; Tampa, Florida; Washington, 
D.C. 
South Central: Birmingham, Alabama; Dallas; Houston; Laredo, Texas; New Orleans; Oklahoma City; San 
Antonio; Tulsa, Oklahoma  
West North Central: Des Moines, Iowa; Kansas City, Missouri; Minneapolis; Omaha, Nebraska; Woodbury 
County, Iowa 
NOTE: Italicized locations were included in both ADAM-I (2000–2003) and ADAM-II (2007–2013); bold locations 
were included in the final two years of data (2012–2013). 
 

 
For each county and year for which data were collected, we collapsed urinalysis results to a 

county-year mean positive rate for cocaine, methamphetamine, and opiates. We used a linear 
regression specification, so it was possible to estimate infeasible prevalence rates that were either 
negative or greater than one. To eliminate those numbers, we employed the following logistic 
transformation on county-year prevalence rates before estimation to guarantee that predicted 
prevalence rates 0 and 1: 

Logistic[𝑅𝑅]+, = Log .
𝑅𝑅,

1 − 𝑅𝑅,
1 , 

where R is the observed prevalence rate for each ADAM county a in year t.  

Independent Variables 

The goal of the independent variables is to predict what value would have been measured for 
the share of adult male arrest events involving a positive drug test had ADAM been conducted in 
every county in the United States. For example, we would expect the proportion of arrestees 
testing positive to be higher in counties with greater overall prevalence of use, greater demand 
for treatment, more job applicants testing positive, and more overdose events. So in non-ADAM 
counties with high rates of those predictors, our model would predict that a high proportion of 
arrestees would test positive.  

To capture the overall prevalence of use in the area, we included the NSDUH household 
survey–reported past-year use rates for each drug as predictors. We used treatment admissions 
recorded in TEDS as our measure of treatment demand.4 TEDS data include information on the 

 
4 Individuals enter the data for each time they are admitted to a covered treatment facility in a year. Data on 
individuals, rather than episodes, are not available at the national level. This is only problematic if the rate of same-
year repeat admissions differs systematically across geographies. For example, if two counties have an identical 
number of people in need of treatment, but  individuals in one county average twice as many treatment admissions 
per person than those in another because of admissions rules or availability constraints, the former’s reported 
treatment rate in TEDS will be twice as large as the latter. However, we expect that such a situation is unlikely. 
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substance or substances leading to admissions to treatment facilities receiving public funding. 
For every location, we calculated the ratio of admissions with a primary diagnosis including the 
drug of interest to total admissions. Although not universal in coverage, TEDS captures 
treatment facilities in all states and many counties in the United States, so the data offer a good 
view of treatment episodes tied to drug dependence and abuse. The TEDS data were acquired at 
the CBSA-level for metropolitan areas and state level excluding CBSAs for the rest of the nation. 
All ADAM sites except Rio Arriba fall into a CBSA. Counties fall exclusively within a single 
CBSA or nonurban area, so their TEDS admission rates are simply the rate corresponding to 
their CBSA or state nonurban area. Admission rates may vary according to local, publicly funded 
treatment facility capacity or cost or where private drug treatment facilities are more common. 
To account for this disparity in the model, we tested interactions with the region indicators and 
retained these interaction terms when they were significant. Additionally, we included N-SSATS 
methadone and buprenorphine treatment reports per capita in the heroin model.  

Our third predictor was toxicology screen data from Quest Diagnostics. Quest data offer 
compelling advantages, including being available down to the three-digit ZIP code level and 
being based on an objective assay. The data were manipulated using ArcGIS, a mapping and 
spatial analysis software package, to apportion the test information to each county based on land 
area. When a county overlaps multiple zip codes, its rate is calculated as the area-weighted 
average of the zip code areas it is a member of. These data cover all tests from 2000 to 2016 for 
cocaine, methamphetamine, and opiates.5  

After careful consideration, we do not include Quest methamphetamine testing data in our 
analyses for several reasons. First, the series is not available for two key ADAM years (2000 and 
2001). The overall rate of methamphetamine use reported in the Quest data accelerates rapidly, 
from 0.19 percent in 2002 to 0.32 percent 2003, and it would be difficult to extrapolate a trend 
back to 2000 with much confidence. Second, the number of tests administered grew rapidly, 
from roughly 40,000 per month in 2002 to nearly 80,000 at the peak in 2007, then rapidly falls to 
40,000 once again by late 2008. This change suggests that the groups captured in testing may not 
be comparable over time. Although problematic, these wrinkles alone are not sufficient to justify 
dropping the Quest methamphetamine series. However, given the possibility of this changing 
base and very low overall prevalence over several years of data (e.g., 0.10 percent between 2008 
and 2010), even small changes in the number of positive tests observed in any area result in 
relatively large changes in prevalence rates entering our models. At this point, we cannot reliably 
account for the variability in these unobserved factors affecting the data over the important 
historical period. Data from more recent years appear to be less volatile. 

These data represent a sample of people submitting to drug tests evaluated by Quest for 
occupational and medical testing; the majority of tests in our sample are preemployment tests 
ordered by people’s prospective place of employment. As a result, there may be variation in 

 
5 Quest data for methamphetamine begin in 2002. 
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Quest positive rates because of the composition of people testing in a given location. Again, we 
examine and attempt to control for this variability explicitly by testing for significance of region 
interactions. 

Mortality data are available throughout the United States and are based on total counts of 
decedents per county. We created time series of drug-related deaths for cocaine and heroin from 
unintentional poisoning occurrences in the Multiple Cause of Death Mortality Data from the 
National Vital Statistics System of the CDC National Center for Health Statistics. We were not 
able to create an equivalent series for methamphetamine, as the data set does not differentiate 
between different types of psychostimulants. We use this psychostimulant series as a proxy for 
methamphetamine overdose risk.  

In addition, a base set of standard demographic variables were included in all models. The 
county-level share of total population from 18 to 24 years old from the annual intercensal 
population estimates, along with each county’s poverty rate, the share of the population who are 
high school graduates, and log-transformed population from the U.S. Census Bureau captured 
basic demographic variation and trends.  

Finally, for series missing values in a given county-year, we impute using linear trends when 
possible. If data from 2000 or 2016 are missing, we impute using the closest available annual 
value for that county.  

Empirical Specification 

Our main empirical specification is 
Logistic[𝑅𝑅3+,] = 𝛽𝛽𝛽𝛽+, + 𝛾𝛾𝛾𝛾3+, + 𝛼𝛼𝛼𝛼; + 𝜃𝜃(𝛾𝛾+, × 𝛼𝛼;) + 𝜀𝜀+,, 

where  

• Logistic[Rdat] is the logistic transformation of the observed positive drug test rate for drug 
d in county a in year t.  

• Cat represents a matrix of demographic characteristics, including log(population), 
population density, population share ages 18–24, population share with high school or 
higher education, poverty rate, and unemployment rate for county a in time t.  

• Ddat represents a matrix of drug market indicators, potentially including treatment 
admissions, Quest Diagnostics observed positive drug test rates (cocaine), CDC 
unintentional poisoning rate per 10,000 people (cocaine, heroin), and NSDUH reported 
past-year use rates for drug d in county a in time t.  

• I represents six region indicator variables, where each county a belongs to exactly one 
region A and A contains at least one ADAM county.  

• β, γ, α, and θ represent vectors of coefficients that are estimated in the model (the latter 
for region-market demand indicator interaction effects).  

• εat represents the residual error terms for each observation. 
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We estimate these models using Stata 15 and assuming errors are clustered at the county 
level to account for heteroskedasticity. We weighted each county-year based on the reciprocal of 
the variance in observed prevalence rate for each drug, so larger, less-varied city-years were 
weighted relatively more than rates based on smaller, more-varied observations. For the few 
observation counties with no variance in their rates—all arrestees tested negative for a drug—
weights were defined as the reciprocal of their sample size. These observations were all based on 
fewer than 25 arrestees; they should not contribute as much to their region’s predicted prevalence 
as another county with significantly more observations.  

It is important to note that we did not use the sampling weights provided with the ADAM 
data set, for several reasons. The weights initially developed for ADAM-I observations became 
obsolete when the methodology changed for the 2007 survey. Corrected weights were developed 
after ADAM-II was reinitiated, but the new weights are only available for a subset of the original 
ADAM-I locations. Specifically, the new weights are only available for a subset of observations 
in nine of the 43 counties that appear in ADAM-I, reducing our total sample size from 97,641 to 
9,226 and significantly diminishing regional representation.6 Additionally, the samplewide 
aggregate figures using the new weights produced what we believe to be reasonable estimates 
but suggested erratic trends in population estimates within counties over time. We chose to base 
our analyses on the unweighted observations to improve the sample size and regional 
representation, rather than in-county representativeness.  

Model Selection  

This section details the logic and mechanics of our regression-based drug prevalence 
strategy. We selected models using an iterative process that attempted to simultaneously 
minimize in-sample prediction error and out-of-sample standard error in extrapolating from 
ADAM counties to the nation. Region fixed effects and the demographic information series were 
included in every run. The drug-related variables from NSDUH, TEDS, Quest, and CDC were 
interacted with the region fixed effects. These interaction terms were included along with the 
other covariates for each of the models. Starting with a saturated model of all demographic, drug 
use, and region fixed effects variables, and drug use by region interaction terms, we chose a final 
specification for each drug model empirically. We selected models based on whether any 
coefficients in the group were significant in the saturated model and refined each specification to 
maximize model performance, given the risk of overfitting due to the inclusion of too many 
covariates. The performance of the models was measured using the Akaike information criterion 
(which measures in-sample performance well in these models) and the Bayesian information 
criterion (which measures out-of-sample performance, including extrapolation to the non-ADAM 

 
6 Corrected weights were not computed for Washington, D.C., which provides data for only 2003 in ADAM-I and 
2007–2010 in ADAM-II. 
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counties). Table B.1 lists the data sources used in the estimation models, and Table B.2 lists the 
model fit statistics for the preferred specifications.  

Table B.1. Data Sources and Covariates Used to Predict Drug Prevalence Rates in Estimation 
Models 

Source Covariate Cocaine Heroin Methamphetamine 

Socioeconomic and 
demographic 
characteristics  
(U.S. Census) 

Population (natural log) X X X 

Poverty rate (percent) X X X 

High school graduation rate 
(percent) 

X X X 

Population ages 18–24 (percent) X X X 

National Survey on 
Drug Use and 
Health (NSDUH) 

Past-year use prevalence 
(percent) 

X X X 

National Survey of 
Substance Abuse 
Treatment Services 
(N-SSATS) 

Medically assisted opioid 
treatment rate 

 X  

TEDS-A Share of admissions with drug 
as primary drug of abuse 

X X X 

Urinalysis testing 
(Quest Diagnostics) 

Positive test rate for drug X X  

Overdose mortality 
(CDC) 

Cocaine overdose deaths X X  

Heroin overdose deaths  X  

Psychostimulants overdose 
deaths 

  X 

Table B.2. Model Fit Statistics for the Preferred Specifications 

Statistic Cocaine Heroin Methamphetamine 
Observations 203 203 203 

Coefficient of 
determination (R2) 

0.717 0.720 0.701 

Akaike information 
criterion 

204.8 271.4 439.9 

Bayesian information 
criterion 

294.3 364.0 506.2 

Number of covariates 33 27 19 

NOTES: Region-fixed effects were included in all models. Interaction effects were incorporated differently for each 
drug, which explains the different number of covariates for each model. 
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Three important changes were required to generate estimates for cocaine, heroin, and 
methamphetamine in the post-ADAM period from 2014 to 2016, as follows:  

1. Update the logistic regression model to account for changing relationships between drug 
test prevalence and the model covariates.  

2. Extrapolate to county-level prevalence rates for 2014–2016 based on estimated 
parameters from ADAM ending in 2013. 

3. Revise the process of translating predicted drug prevalence rates to counts of drug-using 
arrestees due to changes in UCR arrestee data. These changes are described in detail later 
in this appendix.  

Updates to the Logistic Regression Model  

One may expect that the demographic profile of cocaine, heroin, and methamphetamine users 
has changed in the time since the original model described in Kilmer et al. (2014b) was 
developed. Furthermore, the ADAM sample frame went from ten counties to five in 2012 and 
2013. Indicators used in the regression models underpinning our CDU estimates also showed 
important changes, including shifts in drug treatment counts away from cocaine and toward 
heroin and methamphetamine, increased use of medically assisted therapies (e.g., methadone and 
buprenorphine) for heroin users, and changes in regional concentrations of drug overdose deaths. 
For these reasons, we chose to revise rather than simply refit the regression models.  

Because the additional years of ADAM data were limited in their geographic coverage, we 
revised the regression models with an eye toward parsimonious specifications. Simply put, the 
previous model included numerous interaction terms that were strong predictors through 2010, 
but that had little predictive power in the five ADAM counties from 2012 to 2013. Despite 
reported statistical precision at the local level in ADAM counties, these estimated relationships 
could lead to volatile and potentially spurious estimates at the national level, especially when 
extrapolating through 2016. We found that simpler models with fewer covariates produced 
comparable estimates in the historical period (2000–2010) but had larger confidence intervals 
around the predictions. As a result, our estimates are less precise than the previous model but are 
less likely to yield biased point estimates. 

Ultimately, the best-performing model specifications for each drug were as follows: 

• Cocaine:  

 

Logistic Cocaine prevalence rateat[ ]= β1 log populationat( )( )+β2 poverty rateat( )
+β3 high school or higherat( )+β4 percent ages 18 to 24at( )
+γ1 NSDUH past-year cocaine use rateat( )
+γ2 CDC cocaine overdose rateat( )
+θ1A Quest cocaine rateat ×I A( )+θ2A TEDS cocaine rateat ×I A( )
+θ3A CDC cocaine OD rateat ×I A( )+αI A +εat
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• Heroin:  

 

Note: MAT = medication-assisted treatment. 

• Methamphetamine:  

 
 

Differences in summary statistics of model covariates for the ADAM counties versus non-
ADAM counties showed that our initial naive assumption that minimizing out-of-sample error by 
minimizing a tenfold error statistic7 or Akaike information criterion value among nested models 
looking at only ADAM counties was not sufficient. That is to say, the distribution of observed 
values for many of the market demand indicators is sometimes very different for the United 
States as a whole than it is for the almost exclusively urban ADAM counties. These covariates 
and interactions with means in ADAM counties that are in the tails of their respective national 
distributions are problematic for at least two reasons. First, the fact that data in ADAM counties 
are different from the rest of the United States suggests the two groups may not be equivalent, 
and that the estimated coefficient based on ADAM data does not accurately represent national 
data. Second, when included, these covariates and interactions inflated our already large 
confidence intervals, typically without changing our final estimated number of CDUs very much. 

 
7A k-fold cross-validation procedure randomly excludes 1/k share of observations from the estimation, predicting 
their value based on the other 1−1/k share of observations k times and using the deviation from the true estimate to 
construct a root mean square error statistic based on out-of-sample predictions. In this case, we created ten partitions 
and ran the estimation over ten trials. 

β β

β β

γ γ

γ γ

θ

θ α ε

( )
( ) ( )

[ ] ( ) ( )

( ) ( )
( ) ( )
( )
( )

= +

+ +

+ +

+ +

+ ×

+ × + +

I

I I

at at at

at at

at at

at at

A at A

A at A A at

Logistic Opioid prevalence rate log population poverty rate

high school or higher percent ages 18-24

TEDS heroin rate CDC cocaine overdose rate

CDC heroin overdose rate N-SSATS MAT rate

TEDS heroin rate

CDC heroin overdose rate

1 2

3 4

1 2

3 4

1

2

β β

β β

γ

γ

γ

θ α ε

( )
( ) ( )

[ ] ( ) ( )

( )
( )
( )
( )

= +

+ +

+

+

+

+ × + +I I

at at at

at at

at

at

at

A at A A at

Logistic Meth prevalence rate log population poverty rate

high school or higher percent ages 18-24

NSDUH past-year meth use rate

TEDS meth rate

CDC psychostimulants overdose rate

CDC psychostimulants overdose rate

1 2

3 4

1

2

6

1



 15 

Extrapolate from 2000–2003 and 2007–2013 ADAM to 2014–2016 

Based on the regression coefficients displayed in Table B.3, prevalence rates are predicted 
for every county for which the associated covariates could be calculated. Given the paucity of 
alternative evidence for the 2014–2016 period, we predict values for 2000–2016 based on the 
estimated values for ADAM counties in 2000–2003 and 2007–2013. This makes a large and 
potentially erratic assumption that the relationships estimated in the model hold for counties and 
periods outside the model. We discussed this in the prior WAUSID’s technical appendix (Kilmer 
et al., 2014b) but stress the point even more vigorously here.  

Update and Simplify Extrapolation to National CDU Counts Using UCR 

Once we obtain county-level prevalence estimates, we multiply by the number of recorded 
arrest events in each county using UCR records. For this report, we change the UCR series from 
the county-level file to the Age, Sex, Race file due to the lack of recent available county 
aggregate data—the most recent available year as of this report was 2014—and because the 
county-level arrest file significantly undercounts the number of arrests in the United States. This 
undercounting is due to reporting inconsistencies from agencies into the UCR system (Maltz, 
1999, and Lynch and Jarvis, 2008), and the exclusion of low-reporting agencies from the county-
level aggregate data (National Archive of Criminal Justice Data, 2019). However, the coverage 
indicator provided in the UCR county file cannot be used reliably to scale to a nationally 
representative count of arrests, so we no longer use the coverage indicator to assess reliability. 
We instead aggregate the Age, Sex, Race file to county counts, ignoring potentially incomplete 
data. The sums of annual arrests in the Age, Sex, Race file are similar to the national estimates 
published in the FBI’s annual Crime in the U.S. reports (see, for example, FBI, undated). This 
aggregation led to levels similar to the previous report over 2000–2010 (see Appendix A) and a 
simpler model.  
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Table B.3. Regression Estimates for Adult Male Drug User Arrest Events Using ADAM 

Covariate Cocaine 
Heroin and 

Opiates Methamphetamine 
log(population)  0.239a 0.328 0.110 
 

0.0860 0.018 0.095 

 Poverty rate  0.038b −0.257 0.037 
 

0.016 1.998 0.021 

 High school or higher rate 3.839* -0.164 5.816a  
 

1.590 0.096 1.806 

 Percentage of population ages 18–24 −8.013a 7.120 29.700c 
 

2.853 4.293 4.925 

 NSDUH past-year cocaine rate 0.001   
 

0.001   

NSDUH past-year heroin rate  3.859b   
 

 1.467  

NSDUH past-year meth rate   0.007 
 

  0.005 

 Quest cocaine rate 210.375c    
 

49.977   

TEDS cocaine rate −4.297   
 

2.600   

TEDS heroin rate  3.859a   
 

 1.467  

TEDS meth rate   5.206b  
 

  1.495 

CDC cocaine overdose share 0.849b  −0.891  
 

0.382 0.497  

CDC heroin overdose share  0.770  
 

 2.193  

CDC psychostimulant overdose share   10.338b  
 

  5.095 

N-SSATS MAT rate  1.709a   
 

 0.626  

Quest cocaine × region 2 −206.869b    
 

90.313   

Quest cocaine × region 3 −37.501   
 

49.292   

Quest cocaine × region 4 −154.442b    
 

62.731   
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Covariate Cocaine 
Heroin and 

Opiates Methamphetamine 
Quest cocaine × region 5 −142.805a    
 

48.460   

Quest cocaine × region 6 −136.279   
 

48.162a    

Quest cocaine × region 7 −186.919b    
 

79.074   

TEDS cocaine × region 2 12.729a    
 

4.577   

TEDS cocaine × region 3  7.410b    
 

2.787   

TEDS cocaine × region 4 4.891   
 

2.695   

TEDS cocaine × region 5 5.919b    
 

2.702   

TEDS cocaine × region 6 4.921   
 

2.589   

TEDS cocaine × region 7 9.105b    
 

3.092   

TEDS heroin × region 2  −1.395  
 

 1.335  

TEDS heroin × region 3   9.512c   
 

 2.025  

TEDS heroin × region 4  1.389  
 

 2.301  

TEDS heroin × region 5  −0.980  
 

 1.678  

TEDS heroin × region 6  −5.608a   
 

 1.994  

TEDS heroin × region 7  −4.470b   
 

 2.110  

CDC overdose cocaine × region 2 −0.755   
 

0.815   

CDC overdose cocaine × region 3  0.032   
 

1.323   

CDC overdose cocaine × region 4 −0.536   
 

1.022   

CDC overdose cocaine × region 5 −1.096   
 

0.939   



 18 

Covariate Cocaine 
Heroin and 

Opiates Methamphetamine 
CDC overdose cocaine × region 6 1.458   
 

0.829   

CDC overdose cocaine × region 7 1.766   

 1.178   

CDC overdose psychostimulant × region 2   −56.487a  
 

  19.573 

CDC overdose psychostimulant × region 3    −3.562 
 

  7.792 

CDC overdose psychostimulant × region 4   2.574 
 

  7.862 

CDC overdose psychostimulant × region 5   16.190b  
 

  7.886 

CDC overdose psychostimulant × region 6   −8.337 
 

  8.086 

CDC overdose psychostimulant × region 7   0.895 

   6.943 

 Region 2  −0.860 0.655 −0.970 
 

0.634 0.387 0.433 

 Region 3  −0.502 −0.510 −0.388 
 

0.408 0.353 0.572 

 Region 4  0.849 −0.508 −1.360b 
 

0.376 0.476 0.456 

 Region 5  0.497 0.223 −1.325b  
 

0.297 0.426 0.443 

 Region 6  0.136 1.116a 0.540 
 

0.291 0.447 0.647 

 Region 7  −0.367 0.760 −0.075 
 

0.312 0.437 0.445 

 Constant  −7.563b  −2.360 −14.357c 
 

2.257 2.143 2.486 

 N  203 203 203 

 R2  0.775 0.699 0.701 
NOTES: For each covariate, cluster-robust standard errors are displayed below coefficient estimates.  
MAT = medication-assisted treatment. 
a p < 0.01 
b p < 0.05  
c p < 0.001  
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Appendix C. Estimating the Number of Cocaine, Heroin, and 
Methamphetamine Users 

The following discussion is adapted from the technical report to the 2000–2010 WAUSID 
(Kilmer et al., 2014b.) First, we consider an approach that first estimates the probability (per 
arrest) that an adult male arrestee will test positive for use of a specific drug in a given county 
and year, using not only ADAM data but also several other county- and state-level variables that 
are correlated with chronic drug use (previously described in Appendix B). Next, we project 
year-by-year national estimates of the number of adult male arrestees who test positive to UCR 
and then separately extend the estimation to the rest of the country. We then adjust these year-
by-year national estimates by several factors that account for the fraction of positive tests that are 
from CDUs, how many times an arrestee is arrested per year, CDUs who are not arrested, 
women, and juveniles. 

Projecting Chronic Drug Use Among Adult Male Arrest Events  

Once we have determined the best-performing model for each drug’s estimated prevalence 
rate among arrest occurrences in ADAM counties, we use the covariates’ estimated coefficients 
to predict logistic-transformed county-year positive rates for the 43 ADAM-I and roughly 3,100 
non-ADAM counties based on their observed values for the covariates in each drug’s model. 
After transforming the logistic rates back to estimated prevalence rates between 0 and 1, we have 
vectors of prevalence rates for all counties in the United States: 

𝑅𝑅A =
expElogisticG𝑅𝑅AHI

1 + expElogisticG𝑅𝑅AHI
, 

where 𝑅𝑅A is the predicted prevalence rate for each drug. We also calculate standard errors for 
these values individually and transform upper and lower bound 95-percent confidence intervals 
for each using the same basic formula: 

𝑅𝑅AJK% =
exp MlogisticG𝑅𝑅AH ± seElogisticG𝑅𝑅AH × 1.96IR

1 + exp MlogisticG𝑅𝑅AH ± seElogisticG𝑅𝑅AH × 1.96IR
. 

At this point, we have a predicted value for each county-year, as well as 95-percent upper 
and lower bounds on these estimated prevalence rates. We then estimate the number of male 
arrest events using FBI UCR data for all counties reporting data (see Chapter Two). Summing 
these totals, we have a point estimate for the number of male arrests for each year for counties in 
the United States with consistently high arrest reporting rates. This step mitigates the risk of 
building erratic county-level arrest reporting into our estimates. We can scale our estimates from 
counties with high reporting rates to the United States using their ratio: 



 20 

National	adult	male	arrests	for	drug	𝑥𝑥

=](𝑅𝑅^_ × male	arrests_) ×
total	national	male	arrests

∑(male	arrests_)
, 

where R is the positive drug test prevalence rate for drug x in county z. We use the same formula 
to calculate ranges for these national estimates, replacing our predicted R with its upper and 
lower values from the previous formula. We now have annual estimates for male arrest events 
involving an arrestee testing positive for cocaine, opiates, or methamphetamine. Table C.1 shows 
these estimates. 

Table C.1. Estimated Adult Male Arrest Events per Year by Drug (in thousands) 

Year 

Cocaine Heroin Methamphetamine 

Total 
95% Confidence 

Interval Total 
95% Confidence 

Interval Total 
95% Confidence 

Interval 

2000 2,439 1,756 3,388 846 387 1,693 607 246 1,147 

2001 2,265 1,645 3,139 969 436 1,876 642 276 1,145 

2002 2,061 1,410 2,992 881 413 1,669 828 366 1,452 

2003 2,199 1,489 3,176 856 412 1,610 1,019 460 1,707 

2004 2,253 1,536 3,247 900 450 1,664 1,094 498 1,858 

2005 2,389 1,637 3,408 918 465 1,675 1,385 649 2,253 

2006 2,478 1,686 3,551 935 472 1,733 1,190 546 1,994 

2007 2,050 1,385 3,000 890 462 1,610 1,013 445 1,733 

2008 1,661 1,134 2,439 983 491 1,779 799 342 1,488 

2009 1,468 1,001 2,165 1,114 531 2,050 883 392 1,588 

2010 1,306 895 1,916 1,106 564 1,915 927 397 1,633 

2011 1,270 866 1,857 1,099 552 1,899 917 397 1,626 

2012 1,212 831 1,773 1,185 571 2,109 1,109 467 1,955 

2013 1,102 749 1,627 1,298 580 2,387 1,437 608 2,437 

2014 1,070 736 1,559 1,350 511 2,707 1,589 622 2,695 

2015 1,070 731 1,566 1,310 538 2,545 2,051 814 3,275 

2016 1,107 755 1,629 1,390 541 2,755 1,942 761 3,166 

 
It is likely that some drug users in the ADAM sample misreport their frequency of use, and 

there are potentially several reasons for misreporting. First, responses to the question about use 
days in the past month tend to cluster around multiples of five, suggesting that many users are 
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probably rounding up or down. Because we classify users into four groups (more than 20, 11–20, 
4–10, and fewer than four past-month use days), misreporting due to responses clustering along 
these intervals could influence our consumption estimates, though the direction of the potential 
bias is difficult to guess. 

Although there is a decent-sized literature about whether drug users lie about using in self-
report surveys, much less is known about the accuracy of use frequency contingent on admitting 
some consumption. Morral, Mccaffrey, and Iguchi (2000) examines the validity of frequency 
self-reports using research questionnaires (the Addiction Severity Index [ASI]) and clinical 
urinalysis test results from 700 self-reports made by a sample of methadone maintenance 
patients. Because the respondents were told that their ASI responses were for research purposes 
and would not be shared with their counselors, Morral, Mccaffrey, and Iguchi note that 
“although there were clinical incentives to reduce drug use, there were not programmatic 
incentives to underreport use on the ASI.” Using a simulation approach, they estimated that 51 
percent of those reporting one to ten days of heroin use had actually used on more than ten days; 
the comparable figure for cocaine was 22 percent (ten days is the threshold that ONDCP used to 
denote hardcore use). Although it is unclear how these results apply to nontreatment populations, 
with much depending on how much they trusted the researchers administering the ASI, these 
estimates suggest that frequency underreporting could be an important issue. 

One typically thinks the bias would be toward underreporting frequency—e.g., reporting use 
on only a handful of days when in reality use was daily. But there is no logical or theoretical 
reason why the opposite could not occur. For example, Leigh, Gillmore, and Morrison (1998) 
finds that, relative to daily diary records, adolescents’ retrospective statements about the past 
month underreported their frequency of drinking but overreported their frequency of sexual 
activity. Admittedly, this is a very different population from ADAM respondents, but one could 
imagine some recent arrestees overstating frequency of use to make it seem like it was an 
extended binge that led to the criminal activity. They may also just misremember. 

We believe our results are sensitive to misreporting, but ultimately the magnitude and 
direction of potential bias in our estimates, after the adjustments we make in our model, are 
ambiguous. The possible changes are likely well within the 95-percent confidence intervals; we 
do not adjust for frequency underreporting because any such adjustment would be arbitrary.  

Another concern is that we do not adjust for CDUs who test clean. This can happen for three 
reasons: (1) they did not use much during the month (but still used more than three days), (2) 
they used a lot in the month but used little or not at all in the few days preceding the drug test, or 
(3) the test was reported a false negative. Although the third reason can be an issue, there is also 
the possibility of a false positive or that the user misreported use days. The bias because of the 
specificity and sensitivity of the urinalysis test can work in both directions, and we expect the 
effects to be countervailing and relatively small among the sources of uncertainty in the analysis. 

The way we distribute CDUs across three groups (4–10, 11–20, or 21 or more past-month 
use days) could have more of an effect. If we are more likely to miss those in the 4–10 group, 
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that means we are inflating the share of CDUs in the more-frequent categories and, thus, total 
consumption. It is hard to imagine this distribution having a large effect on the results, and it is 
somewhat encouraging that it would likely bias the results in the opposite direction of the 
previous concern. 

Projecting Chronic Drug Use for the Rest of the Population 

We develop national chronic user estimates for cocaine, heroin, and methamphetamine based 
on the number of male arrest events estimates detailed in the previous section.  

Adjustment factor 1: Not everyone who tests positive is a CDU; people who have used only 
one to three days in the past month can also test positive. So we need to convert from arrests with 
a positive test result to arrests with a positive test result stemming from chronic use. We use the 
arrestees’ self-reported drug use frequency from ADAM to calculate the share of arrest events 
with a positive drug test that is attributable to CDUs. The observed rates fluctuated modestly 
over time due to sampling variation, the composition of the arrestee pool, and fluctuations in 
arrest rates, but with no apparent trend. Because there was no trend, we assume that the rate is 
stable over time and multiply our total male arrest events estimates by the average proportion 
over the 2000–2013 period, as indicated in Table C.2.  

Table C.2. Total CDU Share of Arrests with Positive Tests 

 Cocaine Heroin and Opiates Methamphetamine 

Average 70.9% 89.1% 75.7% 
Minimum 67.7% 86.4% 72.8% 

Maximum 73.8% 93.1% 79.4% 

 
Adjustment factor 2: We next convert from total male arrest events to total male arrestees 

using past-year arrest information observed in ADAM.8 These rates vary by city but are stable 
over time. However, the sample sizes in many counties are too small to allow county-specific 
rates. Additionally, we combine near-daily users (21 or more days per month) with more than 
weekly users (11 to 20 days per month) to maintain adequate sample size (see Table C.3). 
Dividing the estimates of male CDU arrest events by this adjustment factor yields estimates of 
the number of adult males arrested who tested positive and were CDUs. 

 
8 We chose to disregard arrests resulting from outstanding warrants to eliminate the risk of combining arrests 
attributable to criminal activity that occurred further in the past and may not be tied to current drug use. However, 
this exclusion had very little effect on our estimates. 
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Table C.3. Arrests per Arrestee 

Drug 
1–10 Use Days  
in Past Month 

11 or More Use Days  
in Past Month 

Cocaine 1.51 1.68 

Opiates 1.50 1.50 

Methamphetamine 1.44 1.51 

 
Adjustment factor 3: We supplement the result of the previous step with an estimate of adult 

male CDUs who were criminally active but who happened not to get arrested. In particular, 
dividing the number of CDUs arrested by the probability a CDU is arrested in a given year 
inflates the count to include those who happened not to have been arrested. This adjustment has 
similar logic to earlier ONDCP estimates. In particular, if arrests among criminally active CDUs 
follow a Poisson distribution, the probability of arrest in the past year for criminally active adult 
male CDUs is  

P{𝑁𝑁 > 0} = 1 − exp(−𝜇𝜇), 
where µ can be computed numerically from adjustment factor 2 via the formula 

Adjustment	factor	2 =
𝜇𝜇

1 − exp(−𝜇𝜇). 

These µ and corresponding adjustment factors are shown in Table C.4. The primary 
difference between this approach and the approach used in Rhodes et al., 2012, is that we use the 
Poisson assumption only to extrapolate to criminally active CDUs who did not get arrested. 
Adjustment factor 4 supplements this assumption with an NSDUH-based estimate of CDUs who 
are effectively at no meaningful risk of arrest.  

Table C.4. Probability of Arrest in the Past Year for Criminally Active CDUs  

Drug 

4–10 Use Days  
in Past Month 

11or More Use Days 
in Past Month 

µ P{N > 0} µ P{N > 0} 

Cocaine 0.88 0.586 1.15 0.682 

Opiates 0.88 0.584 0.87 0.583 

Methamphetamine 0.78 0.541 0.89 0.591 

 
Adjustment factor 4: ADAM collects data on people who are arrested (and booked). No 

matter what statistical adjustments are made, there really is no way to use those data on arrestees 
to estimate the size of a population of CDUs who are at no risk of arrest. Technically, of course, 
every CDU is at some risk of arrest because by definition they are using illegal drugs. Practically 
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speaking, however, people who commit no offense other than drug use and who both purchase 
and consume inside a private residence may be at very little risk of arrest.  

We try to estimate this hidden (from ADAM) population using the household survey. Our 
(imperfect) proxy for a CDU being at negligible risk of arrest is never having been arrested at all, 
not just having avoided arrest in the last 12 months. Table C.5 presents the average annual 
number of CDUs who have never been arrested in NSDUH, based on data from 2000 through 
2016. 

Table C.5. Average Annual Number of CDUs Who Have Never Been Arrested in NSDUH, 2000–2016 

User Category Cocaine Heroin Methamphetamine 

21 or more use days in past month 24,055 15,380 12,200 

11–20 use days in past month 42,672 8,513 17,489 

4–10 use days in past month 121,116 13,325 24,657 

Fewer than 4 use days in past month 204,734 12,811 21,930 

 
Although these individuals are not otherwise criminally involved, they are CDUs. Similar to 

what was done in the previous WAUSID with respect to inflating occasional users in NSDUH, 
we multiply the NSDUH-based estimates by a factor of four to compensate for underreporting in 
the household survey. By adding this product to the previously estimated number of criminally 
active CDUs, we generate the national estimate of adult male CDUs.  

Adjustment factor 5: We next need to inflate the estimate to include adult women. There are 
several data systems that reflect chronic drug use and that record gender, including NSDUH, 
TEDS, CDC overdose data, and DAWN. Roughly speaking, men account for approximately two-
thirds of cocaine mentions in these data systems. The equivalent rates for heroin and 
methamphetamine are 0.69 and 0.61, respectively. We scale our adult male CDU estimates to 
cover all adults by multiplying them by the reciprocal of the male share (1.50 for cocaine, 1.45 
for heroin, and 1.65 for methamphetamine).  

Adjustment factor 6: We follow essentially the same logic to inflate from adult CDUs (male 
and female) to all CDUs, including juveniles, with one minor addition. Whereas the male 
proportion of all mentions seemed stable over time, the juvenile proportion showed a trend over 
time for cocaine and methamphetamine (but not heroin). So for those two drugs, the adjustment 
to account for juveniles varies by year. In particular, the multiplier to include juveniles falls from 
adding roughly 5.1 percent to the adult total in 2000 to 0.6 percent in 2016 for cocaine, and from 
9.8 percent to 1.1 percent for methamphetamine over the same period. We estimate that the 
adjustment to include juvenile heroin CDUs remains constant at 3 percent over the period. The 
great bulk of CDUs are adults, so this adjustment is of minor importance. 
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Appendix D. NSDUH Data Relating to Shrinking Purchase Size 
for Marijuana 

Information from NSDUH demonstrates the reported purchase size for marijuana has 
declined. Figure D.1 and Table D.1 show the share of past-month purchases of loose marijuana, 
sorted by reported purchase size, and Table D.2 shows the RASTUDs among qualified buyers 
from 2001 to 2016. 

Figure D.1. Share of Past-Month Purchases of Loose Marijuana by Reported Purchase Size 
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Table D.1. Share of Past-Month Purchases of Loose Marijuana by Reported Purchase Size 

Year Fewer than 5 
Grams 

At Least 5 but Fewer than 
10 Grams 

10 or More 
Grams 

1 or More 
Ounces 

1 or More 
Pounds 

2001 33.5% 23.4% 7.5% 33.4% 2.2% 

2002 33.6% 22.8% 7.6% 34.4% 1.6% 

2003 34.5% 23.3% 6.8% 33.3% 2.1% 

2004 39.4% 21.7% 6.2% 30.8% 1.9% 

2005 40.7% 21.1% 6.5% 30.0% 1.6% 

2006 40.3% 21.1% 7.0% 30.2% 1.4% 

2007 42.7% 20.5% 6.1% 29.0% 1.7% 

2008 41.6% 21.6% 6.3% 28.8% 1.6% 

2009 46.2% 19.4% 6.0% 27.0% 1.4% 

2010 47.6% 19.2% 5.5% 26.7% 1.0% 

2011 50.2% 18.4% 6.2% 23.6% 1.6% 

2012 50.1% 20.9% 5.4% 22.5% 1.1% 

2013 50.6% 18.6% 5.7% 24.1% 0.9% 

2014 49.7% 19.8% 5.5% 24.1% 0.8% 
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Table D.2. RASTUDs Among Qualified Buyers, 2001–2016 (2018 dollars) 

Year Occasional Weekly 
More than 

Weekly 
Daily/Near-

Daily 

2001 32.01 14.26 9.68 10.68 

2002 23.49 14.88 12.52 11.44 

2003 23.90 14.62 9.56 11.68 

2004 26.79 14.31 10.21 10.26 

2005 17.13 12.91 8.64 9.73 

2006 21.08 14.55 9.24 10.59 

2007 18.81 12.71 10.14 10.34 

2008 17.65 11.70 10.42 10.06 

2009 19.20 15.80 9.19 9.75 

2010 20.54 13.51 7.67 9.37 

2011 13.33 12.58 8.55 9.61 

2012 14.89 11.28 8.47 8.54 

2013 14.22 12.21 8.65 8.77 

2014 16.76 11.90 8.43 9.33 

2015 14.44 11.53 8.99 9.05 

2016 13.96 11.28 9.19 9.03 

NOTE: Estimates for 2015 and 2016 are extrapolated from linear trends 
observed from 2010 to 2014. 
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Appendix E. Drug Consumption in 2017 

This appendix describes indicators related to cocaine (including crack), heroin, marijuana, 
and methamphetamine use that are available for 2017. Because not all data sources required by 
our model to construct 2017 estimates are available, we base our assessments of consumption in 
2017 on these available indicators. As the methods for estimating cocaine, heroin, and 
methamphetamine consumption are distinct from those for marijuana, we discuss them 
separately.  

Cocaine, Heroin, and Methamphetamine 

As of early 2018, 2017 data are available for workplace drug testing (Quest), aggregated 
substance use treatment indicators (TEDS), the household survey (NSDUH), and overdose 
mortality (CDC). Table E.1 displays the coefficients of correlation among the three drugs and the 
following national indicators available through 2017: 

• year, which imposes a linear time trend 

• TEDS treatment admissions based on primary drug of abuse 

• Quest drug test positive rate 

• NSDUH past-month users 

• CDC National Vital Statistics System overdose deaths with evidence of the drug (total) 

• CDC National Vital Statistics System overdose deaths with evidence of the drug 
(excluding synthetic opioids) 

• Drug Enforcement Administration NFLIS count of drug seizures (this supply-side 
indicator is not part of our prevalence or consumption model but is provided publicly at 
the state level by the Drug Enforcement Administration). 

Each indicator captures an aspect of drug consumption but does so imperfectly. For example, 
TEDS admissions may misstate the change in drug use because treatment capacity and patient 
access are limited. Furthermore, heroin, prescription opioid, and methamphetamine dependence 
have clearly climbed, so prioritizing treatment for those drugs may crowd out cocaine treatment. 
Examining overdose deaths without accounting for the impact of fentanyl likely grossly 
overstates use, as many of the recorded deaths likely also involve fentanyl. The relationship 
between overdose deaths and consumption lies somewhere between all cases in which a drug is 
found and those in which that drug exclusively is found in a toxicology report. The gap between 
the two has widened for cocaine, heroin, and methamphetamine with the addition of fentanyl to 
the market and changing trends in polydrug use.  
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Table E.1. Correlations Between Drug Consumption Estimates and Indicators of Drug Use  

Drug Period 

Year 
(Time 
Trend) 

TEDS 
Admissions 

Quest 
Positive 

Ratea 

NSDUH 
Past-
Month 
Users 

Overdose 
Deaths 

Overdose 
Deaths 

(Excluding 
Synthetic 
Opioids) 

NFLIS 
Seizures 

Cocaine 2000–
2010 

−0.691 0.864 0.974 0.898 0.457 0.485 0.541 

 
2011–
2016 

−0.309 0.554 0.069 −0.053 0.126 −0.027 0.574 

Heroin 2000–
2010 

0.699 0.517 0.754 0.403 0.740 0.737 0.844 

 
2011–
2016 

0.944 0.934 0.854 0.619 0.934 0.932 0.970 

Metham-
phetamine 

2000–
2010 

0.068 0.658 0.667 0.428 0.482 0.502 0.928 

 
2011–
2016 

0.992 0.902 0.951 0.834 0.980 0.990 0.988 

a The correlation between heroin and the Quest positive rate is based on opiates testing. 

 
We are cautious about using NSDUH to assess level or year-to-year changes in any 

nationally representative measure of cocaine, heroin, or methamphetamine consumption because 
reporting is so sparse—e.g., in 2016, only 92 of nearly 57,000 respondents reported chronic 
heroin use. However, we believe the multiyear trend in the incidence of past-month drug use 
reported in NSDUH’s sampling frame is related to the trend in overall consumption. Quest drug 
testing represents an unknown cross-section of the population, likely representing job seekers 
and workers with compulsory drug screening fairly well. However, testing for heroin specifically 
is not done systematically nationwide, and the typical workplace urinalysis test for opiates 
cannot distinguish among semisynthetic opiates, including heroin, codeine, morphine, 
hydrocodone, or hydromorphone, and cannot detect fentanyl, a synthetic opioid. 

Our model does not draw from supply-side indicators because their availability is generally 
sparse. Nevertheless, seizures recorded in the NFLIS are a direct measure of potential supply and 
suggest little to no growth between 2016 and 2017. We must view this measure with skepticism, 
too. The count of seizures may be biased year-to-year by shifts in trafficking methods and 
enforcement priorities (Reuter, 2001), and gives equal weight to each case (e.g., 10 grams versus 
100 kilograms). Assuming no net accumulation, increasing seizures is usually an indication of 
increasing availability and, thus, use. This model further assumes stable law enforcement 
resources and priorities, which is plausible for cocaine, heroin, and methamphetamine. 

The consumption model used in this report draws on the relationships among the various 
drug use indicators available as the foundation for our estimates. We also assume by necessity 
that these relationships are stable over time, as we extend predictions based on data for 2000–
2013 through 2016.  
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In the absence of county-level measures that drive our model, we might rely on the degree to 
which the various indicators trend together to extrapolate an additional year of data. We cannot 
observe aggregate national consumption, so we cannot assess the validity of that assumption. 
However, implicit in this assumption is that the relationships among the underlying indicators 
remain stable. When we examine these indicators by drug, we find some evidence that the 
correlation between indicators—i.e., the degree to which their changes over time are similar—
has changed since 2010. For each drug, we consider the changes in the associations between the 
national aggregate measures for the available indicators before and after 2010. For each indicator 
with data through 2017, we then estimate its short-term trend relationship with our consumption 
estimates to project potential consumption values for 2017. Because of changes in the illicit drug 
markets since 2013, particularly the growing impact of fentanyl, we use the 2013–2016 period to 
extrapolate to 2017. 

We attempt to look at the available evidence as a whole in this section, based on each series’ 
correlation with consumption. The potential correlation coefficients range between −1 and 1. We 
can interpret the time trend correlation to be the simplest option for extrapolation to 2017—the 
correlation coefficient would be positive if consumption increased in recent history, as is the case 
with heroin and methamphetamine over the years 2011–2016. The coefficient would be negative 
if consumption decreased, as is shown most strongly by cocaine over the 2000–2010 period. In 
the absence of better data, projecting based on the time trend simply assumes more of the same. 
Historically, TEDS and Quest data have been positively related to consumption, though the 
relationship broke down with cocaine in more recent years. Correlations between national 
consumption and the NSDUH past-month user counts and overdose deaths deteriorated for 
cocaine and increased for the other drugs between the earlier and later period. Over the study 
period, NFLIS seizures appear to be the only indicator that maintained a similar relationship with 
consumption over both periods, though somewhat weaker for cocaine than heroin and 
methamphetamine (but still consistently positive).  

The following sections display available indicators for each series in Tables E.2, E.3, and E.4 
and extrapolate to 2017 based on the 2013–2017 trend for each series in Figures E.1, E.2, and 
E.3. We choose a relatively straightforward method for this exercise to avoid the suggestion of 
confidence that may be associated with a more complicated method. The upper and lower points 
in the ranges defined in the following figures do not incorporate statistical uncertainty. 
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Cocaine 

Table E.2. Cocaine Consumption and Use Indicators, 2006–2017 

Year 
Consumption 

(in PMT) 

Treatment 
Admissions 

(TEDS) 

Positive 
Rate 

(Quest) 

Past-Month 
Users 

(NSDUH) 

Unintentional 
Overdose 

Deaths 
(CDC) 

Unintentional 
Overdose 
Deaths, 

Excluding 
Synthetic 
Opioids 
(CDC) 

NFLIS 
Seizures 

2006 384 278,030 0.72% 2,292,399 7,448 7,016 640,141 

2007 307 259,660 0.58% 2,066,247 6,512 6,293 606,882 

2008 203 238,701 0.42% 1,831,633 5,129 4,947 534,324 

2009 160 193,335 0.29% 1,601,389 4,350 4,174 449,523 

2010 143 158,483 0.25% 1,421,716 4,183 4,016 367,410 

2011 143 151,185 0.25% 1,307,385 4,681 4,492 333,645 

2012 153 124,213 0.22% 1,564,859 4,404 4,222 268,402 

2013 108 102,387 0.22% 1,559,400 4,944 4,699 240,810 

2014 111 88,762 0.25% 1,484,856 5,415 4,787 213,167 

2015 108 81,771 0.28% 1,733,200 6,784 5,242 216,129 

2016 145 83,636 0.30% 1,841,499 10,375 6,191 214,609 

2017  102,481 0.31% 2,164,450 13,942 6,701 230,436 

 
Based on the available data, cocaine consumption in 2017 may be about 120 PMT, based on 

seizures and treatment admissions, to about 165 PMT, based on total cocaine overdose deaths 
and past-month users from the household survey. The median value of this range is 145 PMT 
and the simple mean is 139 PMT. 
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Figure E.1. Cocaine Consumption Projections for 2017 by Indicator  

 

NOTE: OD = overdose. 

Extrapolation of Crack Use from Five Counties  

Among cocaine users, the subset who use crack is difficult to measure. The extrapolation of 
crack use from the five counties in the 2013 ADAM to the United States as a whole in 2017 
would be spurious, as crack use has varied a lot between cities historically. The appropriateness 
of NSDUH’s household sample is also questionable, but we benefit from its recency. In 2017, 17 
percent of NSDUH’s chronic cocaine-using respondents used crack specifically. Because crack 
prevalence has traditionally been higher among subpopulations who are not well-covered by 
NSDUH, we expect this percentage to represent a low-end estimated share of total cocaine users. 
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 Heroin 

Table E.3. Heroin Consumption and Use Indicators, 2006–2017 

Year 
Consumption 

(in PMT) 

Treatment 
Episodes 
(TEDS) 

Opiates 
Positive 

Rate (Quest) 

Past-
Month 
Users 

(NSDUH) 

Unintentional 
Overdose 

Deaths (CDC) 

Unintentional 
Overdoses 

Deaths, 
Excluding 
Synthetic 
Opioids 
(CDC) 

NFLIS 
Seizures 

2006 27 268,311 0.32% 320,717 2,088 1,975 97,213 

2007 27 262,560 0.35% 151,155 2,399 2,386 93,327 

2008 30 281,715 0.39% 232,392 3,041 3,013 103,326 

2009 31 286,671 0.46% 191,792 3,278 3,249 118,136 

2010 27 266,023 0.40% 236,936 3,036 2,991 110,393 

2011 30 281,936 0.40% 260,408 4,397 4,353 119,765 

2012 33 293,622 0.50% 309,232 5,925 5,856 131,624 

2013 42 316,797 0.52% 256,574 8,257 8,048 151,690 

2014 43 368,982 0.58% 446,040 10,574 9,547 163,600 

2015 44 423,582 0.60% 310,514 12,989 10,304 187,868 

2016 47 447,391 0.55% 457,447 15,469 9,688 173,847 

2017  534,629 0.44% 535,627 15,482 7,391 157,055 

 
Heroin consumption in 2017 may be as low as 41 PMT, based on seizures and overdose 

deaths excluding fentanyl and other synthetic opioids, and as high as 50 PMT, based on the 
recent time trend. As the latter is the least-supported measure of consumption, the range cluster 
of indicators predicting 46 PMT to 47 PMT may be a feasible range. The median value derived 
from the indicators is 47 PMT and the simple mean is 45 PMT. 
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Figure E.2. Heroin Consumption Projections for 2017 by Indicator  

  

NOTE: OD = overdose. 
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Methamphetamine 

Table E.4. Methamphetamine Consumption and Use Indicators, 2006–2017 

Year 
Consumption 

(in PMT) 

Treatment 
Episodes 
(TEDS) 

Positive 
Rate 

(Quest) 

Past-Month 
Users 

(NSDUH) 

Unintentional 
Overdose 

Deaths 
(CDC) 

Unintentional 
Overdoses 

Deaths, 
Excluding 
Synthetic 

Opioids (CDC) 
NFLIS 

Seizures 

2006 50 163,762 0.18% 554,109 1,462 1,425 208,262 

2007 44 150,487 0.14% 481,817 1,378 1,343 165,225 

2008 31 131,074 0.11% 262,149 1,302 1,255 138,551 

2009 38 119,768 0.10% 457,454 1,632 1,563 134,891 

2010 46 118,401 0.10% 297,829 1,854 1,781 159,738 

2011 54 120,221 0.10% 346,949 2,266 2,173 160,960 

2012 63 126,832 0.11% 336,732 2,635 2,544 180,187 

2013 95 138,514 0.14% 534,804 3,627 3,485 206,784 

2014 117 145,428 0.19% 395,132 4,298 4,022 236,175 

2015 151 145,554 0.21% 806,850 5,716 5,222 272,823 

2016 171 180,395 0.20% 652,963 7,542 6,500 314,872 

2017 
 

240,626 0.18% 804,377 10,333 7,787 347,807 

 
There is significant uncertainty around methamphetamine consumption in 2017. Based on 

overdose deaths with or without fentanyl, the rapid increase in consumption has not curtailed. 
Other indicators suggest no increase or a decline. The lower and upper estimates are 131 PMT 
and 264 PMT, respectively. The 133-PMT range demonstrates our difficulty understanding the 
U.S. methamphetamine market. The median value derived from the indicators is 200 PMT and 
the simple mean is 199 PMT. 
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Figure E.3. Methamphetamine Consumption Projections for 2017 by Indicator  

 

NOTE: OD = overdose. 

Marijuana 

Figure E.4 plots annual metric ton–equivalent marijuana consumption from 2006 to 2017 
based on the method described in Chapter Six. As discussed in Chapters Five and Six, an 
increase in the potency of marijuana available and the proliferation of THC consumption 
methods other than smoking suggest measures of consumption by weight are potentially 
spurious. Implicit in these estimates is the assumption that consumption patterns mirror those in 
the early 2000s. Given these caveats, we estimate marijuana consumption exceeded the 
equivalent of 8,300 metric tons in 2017, growing by more than 8 percent from the 2016 level to a 
historical peak.  
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Figure E.4. Metric Ton–Equivalent Marijuana Consumption Projection for 2017 
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