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Over 51,000 opioid-related deaths in 2019



Prescription opioids: 1990’s - 2010



Heroin: 2010 - 2016



Synthetic opioids: 2013 - current



A “Triple Wave” Epidemic



Cumulative opioid deaths
514,539 opioid deaths 


(Jan 1, 1999 – Dec 31, 2019)



Cumulative opioid and COVID-19 deaths
514,539 opioid deaths 


(Jan 1, 1999 – Dec 31, 2019)

565,778 COVID-19 deaths 

(Feb 29, 2020 – Apr 16, 2021)
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Data – Description
• All death certificates in California 

from Jan 1, 2016 to Dec 31, 2020 
(N ~ 1.3 million)


• Population estimates from US 
Census Bureau public use 
microdata



Methods – Creating a counterfactual model

Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857
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• Assume deaths per week are 
Poisson distributed


• The expected number of deaths 
at week t is a function of:

• Population at risk at week t

• Long-term trend
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Methods – Creating a counterfactual model



• Assume deaths per week are 
Poisson distributed


• The expected number of deaths 
at week t is a function of:

• Population at risk at week t

• Long-term trend

• Seasonal trend

Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857
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Methods – Creating a counterfactual model



• Assume deaths per week are 
Poisson distributed


• The expected number of deaths 
at week t is a function of:

• Population at risk at week t

• Long-term trend

• Seasonal trend

• Weekday effect (ignored)

Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857
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Methods – Creating a counterfactual model



• Assume deaths per week are 
Poisson distributed


• The expected number of deaths 
at week t is a function of:

• Population at risk at week t

• Long-term trend

• Seasonal trend

• Weekday effect


• An “event effect”

Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857
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Constraining the model space
• Long-term trend:

• Linear

• Natural cubic spline with 1 to 2 

(intraboundary) knots
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Constraining the model space
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• Linear

• Natural cubic spline with 1 to 2 

(intraboundary) knots

• Seasonal trend

• 1 to 4 harmonics


• Use time-series cross validation 
to select the “best” model


Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857

Yt|✏t ⇠ Poisson(µt[1 + f(t)]✏t)

µt = Nt exp[↵(t) + s(t) + w(t)]
<latexit sha1_base64="v7Wfe/Sts2SI+K7rlJLPBTow7JQ="></latexit>



Constraining the model space
• Long-term trend:

• Linear

• Natural cubic spline with 1 to 2 

(intraboundary) knots

• Seasonal trend

• 1 to 4 harmonics


• Use time-series cross validation 
to select the “best” model


• Repeat for every outcome and 
subpopulation


Details at: Acosta RJ, Irizarry RA, Monitoring Health Systems by Estimating Excess Mortality, Preprint on medRxiv, doi: 2020.06.06.20120857
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Model walk-through



All drug poisonings in California (2016-2019)
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All drug poisonings the  
week of Jan 8, 2018
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All drug poisonings the  
week of Jan 8, 2018

March 16, 2020 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Select baseline model using TS-CV

March 16, 2020 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Estimated mean  
(95% CI)
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Estimated mean  
(95% CI)

Seasonal trend

Long-term trend

Seasonal trend March 16, 2020 
(Bay Area SIP Order)



Predicted fatal drug overdoses in 2020

March 16, 2020 
(Bay Area SIP Order)



Observed fatal drug overdoses in 2020
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Focusing on 2020



Excess fatal drug overdoses per week

Excess 
drug 
overdoses



Cumulative excess fatal drug overdoses



2,084 (95% CI: 1,925 to 2,243) 
or 5.3 per 100,000 population

Cumulative excess fatal drug overdoses



Results



2,084 (95% CI: 1,925 to 2,243) 
or 5.3 per 100,000 population

1. Were there excess fatal overdoses?



Yes, there were over 2,000 excess overdoses
Total excess drug overdoses: 
2,084 (95% CI: 1,925 to 2,243) 
or 5.3 per 100,000 population



All excess overdoses were unintentional



2. Which substances are driving it?



Driven by opioids and methamphetamines



Synthetic opioids were the primary opioid



3. Which populations were most impacted?



Black: 10White: 6 Other: 13

Disproportionate impact by race/ethnicity



Disproportionate impact by race/ethnicity



4. Where were these excess deaths?
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South-to-north spatial gradient



South-to-north spatial gradient



South-to-north spatial gradient



Important limitations and caveats

• Fundamental, and untestable, 
modeling assumptions


• Synthetic opioid-related mortality 
was accelerating before 
COVID-19


• Lots of variation in reporting 
quality on death certificates


• Model does not account for 
changes in substance use (e.g., 
polysubstance use)
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Key Results

1. 2,084 (1925 to 2243) excess fatal drug overdoses. 


2. Excess fatal drug overdoses were unintentional, driven by 
methamphetamine and opioids (especially synthetic opioids). 


3. Disproportionately impacted the non-Hispanic Black and Other 
non-Hispanic populations as well as those with only a high 
school degree. 


4. A strong south-to-north spatial gradient. 
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Non-linear pattern by education



Non-linear pattern by education
4-year college or graduate degree holders 

 experienced fewer (but some) excess deaths



Non-linear pattern by education
Those with a HS degree or equivalent  
experienced highest excess deaths



Non-linear pattern by education
Even compared to those with no HS  
diploma/GED or only some college



Non-linear pattern by education



No spatial gradient for all-cause excess


















