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Abstract 

Joint heatwave outage events are a unique compound hazard disaster, as the most immediate solution to heat risk 
- air conditioning - also exacerbates outage risk.  Increasingly frequent and intense heatwaves and wildfires remain 
some of the biggest climate threats facing California.  Climate-induced hazards disproportionately threaten the 
health and wellbeing of vulnerable populations.  They also underscore the vulnerability of the electric power 
system, precisely when individuals require cooling the most.  Few studies have considered the health consequences 
of simultaneously occurring heatwave and outage events.  
  
This paper examines associations between hazards, outages, and health outcomes for California cities from 2008-
2020.  Multiple hazard, outage, and patient data sources were compiled.  First, an exploratory analysis looked at 
historical trends among heatwave, wildfire, and outage events.  Second, a regression analysis estimated outage 
likelihood on hazard days, and the relative risk of emergency department visits and hospital admissions during 
hazard events.  Heterogeneous outcomes by climate zone, race, age, and patient diagnosis (using ICD-10-CM 
codes) were further explored.  
  
Results found that summer outages were 2.24 times more likely on heatwave versus non-heatwave days, and 
heatwave events were associated with 18 percent more outage customer hours (outage duration × customers 
without power) compared to non-heatwave events.  The relative risk of ED and hospitalizations were greater on 
joint heatwave outage days compared to heatwave (non-outage) days.  Patient rates for heat illness increased by 
over a 1,000 percent during joint heatwave outage events compared to approximately 800 percent during 
heatwave events.  ED and hospitalization rates for populations with electricity-dependent medical devices or 
socioeconomic housing challenges were also higher during joint hazard versus single hazard events.  
  
This research adds to the risk analysis literature by providing baseline, empirical estimates of joint heatwave outage 
likelihoods and outcomes.  Ignoring possible health outcomes during outage events significantly underestimates 
the cost of disruptions, and in turn the value of resiliency during extreme hazard scenarios.  Improved likelihood 
and valuation of outage-related health outcomes can reshape utility decision-making and investments.  Electric 
service providers and local communities should factor in the individuals most endangered by joint hazard outage 
events in their rotating outage, Public Safety Power Shutoff, and heatwave mitigation plans. 

 

 

 

 

 

 

 

 

 



 



v 

 

Table of Contents 

Abstract .................................................................................................................................... iii	
List of Figures ............................................................................................................................. ix	
List of Tables .............................................................................................................................. xi	
Acknowledgments ...................................................................................................................... xv	
Abbreviations ........................................................................................................................... xvii	

1.	 Introduction ........................................................................................................................... 1	
1.1.	 Policy Issue and Motivation .................................................................................................... 1	

1.1.1.	 Defining joint climate hazard power outage events ............................................................... 1	
1.1.2.	 Joint hazard outage events as a public policy problem ........................................................... 2	

1.2.	 Research Opportunities ......................................................................................................... 4	
1.3.	 Research Questions .............................................................................................................. 5	
1.4.	 Organization of this Study ...................................................................................................... 6	

2.	 Literature Review on Heatwaves and Power Outages ...................................................... 8	
2.1.	 Compound Hazard Events ...................................................................................................... 8	
2.2.	 Outage Characteristics, Frequencies, and Trends .......................................................................... 8	

2.2.1.	 Outage frequency and distribution analyses ........................................................................ 8	
2.2.2.	 Outage regression-based analyses .................................................................................. 11	
2.2.3.	 Outage valuation during extreme events ......................................................................... 12	
2.2.4.	 Outage-related health outcomes ................................................................................... 12	

2.3.	 Heat-related Health Outcomes .............................................................................................. 13	
2.3.1.	 Heat-related mortality and morbidity ............................................................................. 13	
2.3.2.	 Heat-related mortality and morbidity during outage events .................................................. 15	

2.4.	 Energy Poverty, Air Conditioning Use, and Electricity-Dependent Populations ................................... 18	
2.4.1.	 Low-income populations and air conditioning use .............................................................. 18	
2.4.2.	 Vulnerable populations and outages ............................................................................... 18	

2.5.	 Research Gaps .................................................................................................................. 19	

3.	 Database and Methods ...................................................................................................... 20	
3.1.	 Hazard Outage Database ...................................................................................................... 20	

3.1.1.	 Weather hazard data ................................................................................................. 20	
3.1.2.	 Outage data ............................................................................................................ 25	
3.1.3.	 Joint hazard days and hazard events ............................................................................... 29	
3.1.4.	 City selection criteria ................................................................................................ 29	
3.1.5.	 Emergency department and hospital admissions data .......................................................... 30	



vi 

 

3.2.	 Methods: Exploratory Trend and Regression Analysis .................................................................. 35	
3.2.1.	 Regression models .................................................................................................... 35	
3.2.2.	 Model specification and functional form .......................................................................... 37	

4.	 Spatial and Temporal Trends of Historical Joint Hazard Outage Events ...................... 40	
4.1.	 Research Objective ............................................................................................................ 40	
4.2.	 Hazard and Outage Frequency - Temporal Trends ...................................................................... 40	

4.2.1.	 Hazard frequency (Jan 2008-Oct 2020) .......................................................................... 41	
4.2.2.	 Outage frequency (Jan 2008-Oct 2017) .......................................................................... 45	
4.2.3.	 Outage frequency and duration (Oct 2017-Oct 2020) ........................................................ 48	

4.3.	 Joint Hazard Outage Frequency Trends .................................................................................... 51	
4.3.1.	 Outage frequency on heatwave days (Jan 2008-Oct 2017) ................................................... 52	
4.3.2.	 Outage frequency and duration on hazard days (Oct 2017-Oct 2020) ...................................... 55	

4.4.	 Hazard and Outage Frequency - Spatial Trends .......................................................................... 56	
4.4.1.	 Hazard and outage frequency by climate zone (May-Oct 2008-2017) ...................................... 57	
4.4.2.	 Outage frequency and duration by climate zone (Oct 2017-Oct 2020) .................................... 60	
4.4.3.	 Outage frequency and duration by utility (Oct 2017-Oct 2020) ............................................. 67	
4.4.4.	 Hazard and outage frequency by city (May-Oct 2008-2017) ................................................. 68	
4.4.5.	 Outage duration by city (May-Oct 2018-2020) ................................................................. 70	

4.5.	 Regression Analysis: Heatwave and Outage Days ........................................................................ 72	
4.5.1.	 Outage likelihood by heatwave days (May-Oct 2008-2017) .................................................. 72	
4.5.2.	 Outage customer hours by heat index and heatwave days (June-Aug 2018-2020) ........................ 74	
4.5.3.	 Outage likelihood and duration by climate zone ................................................................ 76	

4.6.	 Results Summary ............................................................................................................... 78	

5.	 Relative Risk of Emergency Department Visits and Hospital Admissions ................... 80	
5.1.	 Research Objective ............................................................................................................ 80	
5.2.	 Hazard Outage Days, Emergency Department Visits, and Hospital Admissions (May-Oct 2008-2017) ....... 81	

5.2.1.	 Descriptive statistics: Emergency department visits, hospital admissions, and outage days ............. 81	
5.2.2.	 Regression analysis: Emergency department visits, hospital admissions, heatwave, and outage days .. 88	

5.3.	 Hazard Outage Events, Emergency Department Visits, and Hospital Admissions (June-Aug 2018-2019) .... 94	
5.3.1.	 Descriptive statistics: Emergency department visits, hospital admissions, and outage customer days . 94	
5.3.2.	 Regression analysis: Emergency department visits, hospital admissions, and outage customer days ... 95	

5.4.	 Race/Ethnicity Groups, Emergency Department Visits, and Hospital Admissions (May-Oct 2008-2017) .... 99	
5.4.1.	 Descriptive statistics: Emergency department visits, hospital admissions, and race/ethnicity groups . 99	
5.4.2.	 Regression analysis: Emergency department visits, hospital admissions, and race/ethnicity groups 103	

5.5.	 Age Groups, Emergency Department Visits, and Hospital Admissions (May-Oct 2008-2017) ................ 108	
5.5.1.	 Descriptive statistics: Emergency department, hospital admissions, and age groups ................... 108	
5.5.2.	 Regression analysis: Emergency department, hospital admissions, and age groups ..................... 111	

5.6.	 ICD Diagnosis Groups, Emergency Department Visits, and Hospital Admissions (May-Oct 2008-2017) ... 115	
5.6.1.	 Descriptive statistics: Emergency department visits, hospital admissions, and ICD diagnosis groups 116	



vii 

 

5.6.2.	 Regression analysis: Emergency department visits, hospital admissions, and ICD diagnosis groups . 120	
5.7.	 Results Summary ............................................................................................................. 142	

6.	 Policy Implications ........................................................................................................... 147	
6.1.	 Building a Global Heat Governance ....................................................................................... 147	
6.2.	 Investing in Grid Reliability to Prepare for Weather Hazard Events ................................................ 149	

6.2.1.	 Outage valuation during heatwave events ...................................................................... 149	
6.2.2.	 Supply and demand strategies .................................................................................... 150	

6.3.	 Cooling Cities without Electric Power ................................................................................... 152	
6.3.1.	 Passive versus active cooling measures .......................................................................... 152	
6.3.2.	 Commitment to energy efficiency and emissions reduction ................................................ 152	

6.4.	 Planning for Next Summer’s Heatwave .................................................................................. 155	
6.4.1.	 Long-term investment versus immediate strategies .......................................................... 155	
6.4.2.	 Coordinated emergency communication among stakeholders .............................................. 155	

6.5.	 Assisting Vulnerable Populations .......................................................................................... 157	
6.5.1.	 Retrospective thinking of challenges and barriers ............................................................. 157	
6.5.2.	 Identify and factor in vulnerable populations during operational planning ............................... 159	
6.5.3.	 Set equity targets for customer interruptions .................................................................. 159	
6.5.4.	 Improve community support, resiliency hubs, and heat education ........................................ 159	
6.5.5.	 Subsidize emergency bill assistance and low-income weatherization programs .......................... 159	

6.6.	 Future Research .............................................................................................................. 160	
6.6.1.	 Improved electric power outage data ........................................................................... 160	
6.6.2.	 Grid valuation, energy poverty measures, and hazard studies .............................................. 161	

Appendix A: Additional Figures .................................................................................................... 163	
Appendix B: Additional Tables ..................................................................................................... 181	
Appendix C: Regression Tables .................................................................................................... 193	
References .............................................................................................................................. 225	
 

 

 

 

 

  

  



 



ix 

 

List of Figures 

Figure 1.1: Joint hazard power outage systems diagram ........................................................................... 2	
Figure 1.2: Dissertation organization .................................................................................................. 6	
Figure 4.1: Average heatwave, wildfire, and RFDs by year (Jan 2008-Oct 2020) ........................................... 42	
Figure 4.2: Average compound heatwave wildfire/RFDs by year (Jan 2008-Oct 2020) ................................... 42	
Figure 4.3: Average heatwave, wildfire, and RFDs by month (Jan 2008-Oct 2020) ........................................ 44	
Figure 4.4: Average outage frequency by year (May-Oct 2008-2017) ........................................................ 47	
Figure 4.5: Average outage frequency by month (Jan 2008-Oct 2017) ....................................................... 47	
Figure 4.6: Total outage events by month (Oct 2017-Oct 2020) .............................................................. 49	
Figure 4.7: Average outage duration and outage customer days by month (Oct 2017-Oct 2020) ........................ 50	
Figure 4.8: Average heat index on outage and non-outage days by year (May-Oct 2008-2017) .......................... 52	
Figure 4.9: Average outage rates on heatwave and non-heatwave days by year (Jan-Oct 2008-2017) ................... 53	
Figure 4.10: Average outage frequency by heat index and heatwave frequency in Los Angeles (Jan 2008-Oct 2017) 54	
Figure 4.11: Average outage customer days on single hazard and joint hazard days (May-Oct 2018-2020) ............ 55	
Figure 4.12: Average heatwave, outage, and joint heatwave outage days by climate zone (May-Oct 2008-2017) .... 59	
Figure 4.13: Average heatwave and joint heatwave outage days by climate zone (May-Oct 2008-2017) ............... 60	
Figure 4.14: Average outage duration and outage customer days by climate zone (Oct 2017-Oct 2020) ............... 61	
Figure 4.15: Average outage duration on summer and non-summer days by climate zone (Oct 2017-Oct 2020) .... 64	
Figure 4.16: Average outage customer days by climate zone (Oct 2017-Oct 2020) ........................................ 64	
Figure 4.17: Average seasonal outage customer days by climate zone (Oct 2017-Oct 2020) ............................. 65	
Figure 4.18: Outage customer days percent change on hazard days by climate zone (June-Aug 2018-2020) .......... 66	
Figure 4.19: Total heatwave, wildfire, and RFDs by city (May-Oct 2008-2017) ............................................ 69	
Figure 4.20: Total outage and joint heatwave outage days by city (May-Oct 2008-2017) ................................. 69	
Figure 4.21: Average annual outage customer days by city (May-Oct 2018-2019) ......................................... 70	
Figure 4.22: Average daily outage customer days (<1,000 days) by city (May-Oct 2017-2020) ......................... 71	
Figure 4.23: Average daily outage customer days (>1,000 days) by city (May-Oct 2017-2020) ......................... 72	
Figure 4.24: Regression results - outage likelihood by climate zone (May-Oct 2008-2017) .............................. 77	



x 

 

Figure 4.25: Regression results - outage customer hours by climate zone (June-Aug 2018-2020) ....................... 77	
Figure 5.1: ED rates by city (June-Aug 2008-2017) .............................................................................. 84	
Figure 5.2: Hospitalization rates by city (June-Aug 2008-2017) ................................................................ 85	
Figure 5.3: ED and hospitalization rates in Los Angeles, Santa Rosa, and Sacramento (May-Oct 2008-2017) ......... 86	
Figure 5.4: ED visits and hospitalizations on hazard days (May-Oct 2008-2017) ............................................ 87	
Figure 5.5: ED visits and hospitalizations by climate zone (May-Oct 2008-2017) ........................................... 92	
Figure 5.6: Relative risk of ED visits and hospitalizations by climate zone (May-Oct 2008-2017) ....................... 93	
Figure 5.7: ED visits and hospitalizations by outage customer hours (May-Oct 2018-2019) .............................. 96	
Figure 5.8: ED visits and hospitalizations by outage customer hours in Los Angeles (May-Oct 2018-2019) ........... 97	
Figure 5.9: ED visits and hospitalizations on hazard and non-hazard days by race (May-Oct 2008-2017) ............ 101	
Figure 5.10: ED visits and hospitalizations on hazard and non-hazard days by age group (May-Oct 2008-2017) .... 110	
Figure 6.1: Joint hazard outage event themes, issues, and interests by stakeholder group ............................... 148	
Figure 6.2: Joint heatwave power outage event timeline ...................................................................... 156	
Figure 6.3: Identifying challenges for vulnerable populations during joint heatwave outage events .................... 158	
 

Figure A-1: Conceptual map of joint heatwave outage events ................................................................. 165	
Figure A-2: Total and average outage duration and customers out in Los Angeles (May-Oct 2018-2020) ............ 169	
Figure A-3: Average outage rates on heatwave and non-heatwave days by month (Jan 2008-Oct 2017) .............. 175	
Figure A-4: Average outage rate by year (Jan 2008-Oct 2017) ............................................................... 175	
Figure A-5: Cooling degree days and outage customer days (Oct 2017-Oct 2020) ....................................... 176	
Figure A-6: Predictive outage customers hours by heat index and wildfire/RFDs (June-Aug 2018-2020) ........... 176	
Figure A-7: Average outage frequency by heat index and heatwave frequency (Jan 2008-Oct 2017) .................. 177	
Figure A-8: City hotspot analysis (Jan 2008-Oct 2017) ........................................................................ 178	
Figure A-9: Summer outage events by climate zone (May-Oct 2018-2020) ................................................ 179	
Figure A-10: Relative risk of ED visits and hospitalizations by climate zone (May-Oct 2008-2017) ................... 180	



xi 

 

List of Tables 

Table 2.1: Eaton Blackout Tracker California summary (2009-2017) ......................................................... 10	
Table 2.2: California heat-related mortality by county (2008-2020) .......................................................... 14	
Table 2.3: Selected heat-related mortality and morbidity studies in California .............................................. 16	
Table 2.4: Selected outage and air conditioning health studies .................................................................. 17	
Table 2.5: Literature gaps ............................................................................................................. 19	
Table 3.1: Summary of hazard outage database sources .......................................................................... 21	
Table 3.2: Summary of weather hazard data ....................................................................................... 22	
Table 3.3: Summary of weather hazard estimations ............................................................................... 22	
Table 3.4: Red Flag Day criteria ...................................................................................................... 24	
Table 3.5: Summary of outage data .................................................................................................. 26	
Table 3.6: Summary of outage estimations ......................................................................................... 26	
Table 3.7: Outage spatial resolution reformatting examples .................................................................... 27	
Table 3.8: City selection criteria (2008-2017) ..................................................................................... 30	
Table 3.9: Summary of emergency department visits and hospital admissions data ......................................... 30	
Table 3.10: ICD diagnostic code groups in analysis ............................................................................... 33	
Table 3.11: Summary of regression models ........................................................................................ 36	
Table 4.1: Total hazard days by year (Jan 2008-Oct 2020) ...................................................................... 43	
Table 4.2: Average hazard frequency by year (Jan 2008-Oct 2020) ........................................................... 43	
Table 4.3: Average hazard frequency by month (Jan 2008-Oct 2020) ........................................................ 44	
Table 4.4: Average outage frequency by year (Jan 2008-Oct 2017) ........................................................... 46	
Table 4.5: Average outage frequency by month (Jan 2008-Oct 2017) ........................................................ 46	
Table 4.6: Total outage events and average outage duration by year (Oct 2017-Oct 2020) ............................... 49	
Table 4.7: Total outage events and average outage duration by month (Oct 2017-Oct 2020) ............................ 51	
Table 4.8: Total outage days, frequency, and duration by heatwave percentile (Oct 2017-Oct 2020) .................. 56	
Table 4.9: Total outage events and average outage duration by climate zone (Oct 2017-Oct 2020) .................... 58	
Table 4.10: Total outage events and average outage duration by utility (Oct 2017-Oct 2020) ........................... 68	



xii 

 

Table 4.11: Regression results - outage days by heat index and heatwave day (May-Oct 2008-2017) ................... 73	
Table 4.12: Regression results - outage customer hours by heat index (June-Aug 2018-2020) ........................... 74	
Table 4.13: Regression results - outage customer hours by heatwave day (June-Aug 2018-2020) ....................... 75	
Table 5.1: ED visits and hospitalizations by heatwave day percentile (May-Oct 2008-2019) ............................. 82	
Table 5.2: ED visits and hospitalizations by hazard day (May-Oct 2008-2017) .............................................. 83	
Table 5.3: Regression results - ED visits by heatwave and outage day (May-Oct 2008-2017) ............................ 88	
Table 5.4: Regression results - hospitalizations by heatwave and outage day (May-Oct 2008-2017) .................... 90	
Table 5.5: ED visits and hospitalizations by heatwave day percentile (May-Oct 2018-2019) ............................. 95	
Table 5.6: Regression results - ED visits by outage customer hours (June-Aug 2018-2019) .............................. 98	
Table 5.7: Regression results - hospitalizations by outage customer hours (June-Aug 2018-2019) ...................... 98	
Table 5.8: ED visits and hospitalizations percent change by hazard and race group (May-Oct 2008-2017) ........... 102	
Table 5.9: ED visits and hospitalizations percent change by hazard and age group (May-Oct 2008-2017) ............ 102	
Table 5.10: Regression results - ED visits by race/ethnicity group (May-Oct 2008-2017) .............................. 105	
Table 5.11: Regression results - hospitalizations by race/ethnicity group (May-Oct 2008-2017) ...................... 106	
Table 5.12: Regression results - summary by race/ethnicity group (May-Oct 2008-2017) ............................. 108	
Table 5.13: Regression results - ED visits by age group (May-Oct 2008-2017) ........................................... 113	
Table 5.14: Regression results - hospitalizations by age group (May-Oct 2008-2017) ................................... 114	
Table 5.15: Regression results - summary by age group (May-Oct 2008-2017) ........................................... 115	
Table 5.16: ED visits and hospitalizations percent change by ICD group (May-Oct 2008-2017) ....................... 119	
Table 5.17: Regression results - ED visits by ICD group (May-Oct 2008-2017) .......................................... 134	
Table 5.18: Regression results - hospitalizations by ICD group (May-Oct 2008-2017) .................................. 138	
Table 5.19: Regression results - summary by populations of interest (May-Oct 2008-2017) ........................... 146	
Table 6.1: Consumer-side heatwave and outage adaptation measures ....................................................... 153	
 

Table A-1: Summary of energy demand data ..................................................................................... 181	
Table A-2: Average outage reliability indexes during outage events by season (Jan 2018-Oct 2020) .................. 183	
Table A-3: Average outage reliability indexes during outage events by utility (Jan 2018-Oct 2020) .................. 183	



xiii 

 

Table A-4: Average outage reliability indexes during outage events by county (Jan 2018-Oct 2020) ................. 184	
Table A-5: Difference in average outage duration index on hazard days (Jan 2018-Oct 2020) .......................... 185	
Table A-6: Difference in average outage duration index on hazard days by climate zone (Jan 2018-Oct 2020) ..... 186	
Table A-7: Difference in average outage duration index on hazard days by utility (Jan 2018-Oct 2020) .............. 186	
Table A-8: ED visits percent change by ICD group (May-Oct 2008-2017) ................................................. 187	
Table A-9: Hospitalizations percent change by ICD group (May-Oct 2008-2017) ........................................ 189	
Table A-10: Relative risk results - study comparisons .......................................................................... 191	
Table A-11: Regression results - outage days by heat index and heatwave day (May-Oct 2008-2017) ................ 193	
Table A-12: Regression results - outage customer hours by heat index (June-Aug 2018-2020) ........................ 195	
Table A-13: Regression results - outage customer hours by heatwave day (June-Aug 2018-2020) .................... 197	
Table A-14: Regression results - ED visits by heatwave and outage day (May-Oct 2008-2017) ........................ 199	
Table A-15: Regression results - hospitalizations by heatwave and outage day (May-Oct 2008-2017) ................ 201	
Table A-16: Regression results - ED visits by outage customer hours (June-Aug 2018-2019) .......................... 203	
Table A-17: Regression results - hospitalizations by outage customer hours (June-Aug 2018-2019) .................. 205	
Table A-18: Regression results - ED visits by race/ethnicity group (May-Oct 2008-2017) ............................. 207	
Table A-19: Regression results - hospitalizations by race/ethnicity group (May-Oct 2008-2017) ..................... 210	
Table A-20: Regression results - ED visits by age group (May-Oct 2008-2017) ........................................... 212	
Table A-21: Regression results - hospitalizations by age group (May-Oct 2008-2017) ................................... 215	
Table A-22: Pooled estimates of outage likelihood and duration (May-Oct 2008-2017) ................................. 217	
Table A-23: Pooled relative risk estimates of ED visits and hospitalizations (May-Oct 2008-2017) ................... 218	
Table A-24: Pooled relative risk estimates of ED visits and hospitalizations by race group (May-Oct 2008-2017) .. 219	
Table A-25: Pooled relative risk estimates of ED visits and hospitalizations by age group (May-Oct 2008-2017) ... 220	
Table A-26: Pooled relative risk estimates of ED visits by ICD group (May-Oct 2008-2017) .......................... 221	
Table A-27: Pooled relative risk estimates of hospitalizations by ICD group (May-Oct 2008-2017) .................. 223	
 

  



 



xv 

 

Acknowledgments 

First and foremost, I would like to thank my dissertation committee for their guidance and encouragement 
throughout my time at PRGS.  I would like to thank my chair, Steven Popper, who encouraged me to pursue this 
topic and provided me invaluable moral support during this process.  This dissertation would not have come to 
fruition without his insight and direction, and I am deeply grateful.  I want to thank Kelly Klima and Fritz 
Raffensperger for their mentorship, astute attention to detail, enthusiasm, and constructive suggestions.  Their 
willingness to selflessly lend me their time and expertise has been very much appreciated.  I would also like to 
thank PRGS alum, Myles Collins, for serving as my outside reader, answering my lists of questions, and lending 
me his perspective on California energy policy.  Thank you to my entire committee for helping me develop as a 
researcher.  
 
Thank you to the Eaton Corporation, BlueFire Studios, and OSHPD for making their datasets available to doctoral 
students.  Thank you to RAND HSPC members for helping me navigate through OSHPD, CPHS, and CalHHS’s 
data application and IRB process.  Without the data and information shared, I would not have been able to proceed 
in this research. 
 
Thank you to the PRGS faculty, administration, and students for building a supportive community.  To my fellow 
students, thank you for your ideas, encouragement, and camaraderie.  To Gery Ryan, thank you for teaching me 
to think and conceptualize policy problems as interconnected systems.  To Rachel Swanger, thank you for 
encouraging me when things got tough, and being someone I could always turn to for advice.  Moreover, this 
dissertation would not have been possible without the John M. Cazier Award in Sustainability, who generously 
funded my research over multiple years. 
 
Finally, I am thankful for my family and parents for their endless support and unconditional love.  Thank you to 
my nephews Max and Charlie, for cheering me up when I was down, and who have been waiting patiently for 
their Tia do be done with her dissertation, so I can finally take them to Disneyland.  Thank you to my Mom for 
telling me to believe in myself more; I hope this dissertation sheds some insight on my wish for you and Dad to 
retire south, far away from our FHSZ Tier 3 house. 
  



 



xvii 

 

Abbreviations 

CAISO California Independent System Operator 

CDD Cooling degree day 

CIMIS California Irrigation Management Information System 

CPUC California Public Utility Commission 

CZ California climate zone 

DAWG Disturbance Analysis Working Group (outage data) 

DOE U.S. Department of Energy 

EDD Emergency department data 

EIA U.S. Energy Information Administration 

FE Fixed effects (fixed effects model) 

HOD8-20 Hazard outage database 2008-2020 

HOD17-20 Hazard outage database 2017-2020 

ICD-9-CM International Classification of Diseases, 9th Revision, Clinical Modification 

ICD-10-CM International Classification of Diseases, 10th Revision, Clinical Modification 

LADWP Los Angeles Department of Water and Power 

LIHEAP Low Income Home Energy Assistance Program 

NERC North American Electric Reliability Corporation 

NWS National Weather Service 

OSHPD California Office of Statewide Health Planning and Development 

PDD Patient discharge data 

PG&E Pacific Gas and Electric 

PSPS Public Safety Power Shutoff 

RFD Red Flag Day 

RR Relative risk 

SCE Southern California Edison 

SDG&E San Diego Gas and Electric 

VoLL Value of lost load 

  

 

  



 



1 

 

1. Introduction 

1.1. Policy Issue and Motivation 

The year 2018 proved to be one of California’s deadliest and most destructive wildfire seasons.  The Mendocino 
Complex Fire became California’s third largest wildfire, spanning more than 60 days and charring an acreage 
equivalent to the city of Houston (Arango and Medina, 2018).  Later that fall, the Camp Fire killed 86 individuals, 
topping the list to become California’s deadliest wildfire (Tollefson, 2018).  Fueled by billions in liabilities in their 
alleged role for sparking the wildfire, Pacific Gas and Electric (PG&E) filed for bankruptcy and announced a 
revised Public Safety Power Shutoff (PSPS) plan - designed to preemptively deenergize power lines during 
extreme fire conditions.  By the end of October 2019, record winds and bone-dry conditions led investor-owned 
utilities across California to turn off the power to millions of customers.  Between October 9-12 alone, PG&E’s 
PSPSs left dark approximately 729,000 customers across 35 counties for a period averaging 45 hours (California 
Public Utilities Commission, 2021). 

Summer wildfires coincide with another consequential natural hazard: extreme heat events.  In 2020, soaring heat 
engulfed the Western U.S., hitting a record 130°F in Death Valley, California.  At 4 p.m. on August 18, peak 
energy demand hit a record 162,000 megawatts (Western Electricity Coordinating Council, 2021).  By then, the 
California Independent System Operators (CAISO) had already been forced to declare a Stage 3 Emergency, 
switching off the power to more than 250,000 customers as a last-resort option to stabilize the grid, even as 
temperatures soared to 110°F in some parts of the state. 

Although less dramatic than California wildfires, extreme heat is among the deadliest of all natural hazards, 
claiming more lives than any other extreme weather event (Centers for Disease Control and Prevention, 2013; 
Choudhary and Vaidyanathan, 2014; National Weather Service, 2018).  In 1955, California suffered its highest 
number of heatwave casualties with 946 deaths over eight days (California Natural Resources Agency, 2014).  In 
comparison, the 13-day 2006 California heatwave resulted in 650 deaths (California Department of Public Health, 
2013; California Natural Resources Agency, 2014), the five-day 1995 Chicago heatwave resulted in 739 deaths 
(Falavigna et al., 2013), and the 2003 European heatwave led to more than 70,000 deaths (California Department 
of Public Health, 2013). 

In spite of this toll, compared to other climate hazards, heat-associated deaths and illnesses are largely preventable, 
given appropriate built environments and adaptive behaviors (Brown et al., 2013; Barreca et al., 2016).  However, 
that lifeline puts cooling demand at odds with grid stability on the hottest of days.  Already, economic factors 
mean power transmission networks are commonly run near their operational limit.  When temperatures spike, 
air conditioning may mitigate heat exposure, yet it also adds pressure to a grid near capacity, in turn stressing peak 
load and further risking power outages. 

1.1.1. Defining joint climate hazard power outage events 

This paper defines the multi-threat disruptions described above as joint climate hazard power outage events - 
simultaneous occurrences of both climate and outage risk.  Both heatwaves and wildfires threaten grid security 
and community resilience.  At the same time, efforts to alleviate their respective threats, may simultaneously 
result in additional risks.  This dissertation centers on power outages during heatwave events.  Figure 1.1 
summarizes the competing threats interacting during a joint hazard outage event.   
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Joint heatwave power outage events elevate public health risk and threaten community resilience.  In response, 
mitigating heat-related fatalities largely hinge on having appropriate cooling infrastructure (Ostro et al., 2009).  
Adaptive cooling measures that decrease public health risk during heatwaves inadvertently elevate outage risk.  
High temperatures strain supply, further stressing the power grid at a time when air conditioning is needed most.  
Furthermore, lowered water levels and elevated water temperatures can add to lost generation capacity (National 
Academies of Sciences Engineering and Medicine, 2017).  Elevated air temperatures can sag lines, cause thermal 
overloading, and reduce transmission efficiency (Sathaye et al., 2013).   

Wildfire risk may also lead to public safety power shutoff events.  In addition to posing substantial public safety 
risk, wildfires can decrease transmission efficiency and raise grid maintenance costs.  When weather conditions 
can result in extreme wildfire events, public safety power shutoff measures prevent greater wildfire damage to 
the public.  However, the latter decision inevitably leaves residents in the dark and can be severely disruptive. 

Figure 1.1: Joint hazard power outage systems diagram 

 

Figure notes: During joint heatwave outage events, extreme heat (1) raises cooling demand (2) and puts pressure on the energy supply system (4).  
Power interruptions (3), along with extreme heat (1), increases the risk of heat-related mortality and morbidity (5).  Adaptive cooling measures 
(2) decrease the public health risk (5), but in turn also puts pressure on the grid and raises outage risk (3).  During public safety power shutoff 
events, wildfire risk (1) threatens grid reliability (3) (4) and in turn, public health and safety (5).  Alternatively, preemptive action to deenergize 
lines inevitably result in power outages (3) that also expose the public (5).  

  

1.1.2. Joint hazard outage events as a public policy problem 

Recent events have amplified concerns over the increasing likelihood and graver consequences of multi-threat 
events.  Heatwaves, wildfires, and droughts have interacting meteorological processes.  When combined, these 
hazards can lead to consequences greater than any single hazard event (Tilloy et al., 2019). 
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The expected rise in wildfire risk and hotter temperatures are juxtaposed with the underlying vulnerability and 
uncertainties of a power sector in transition.  Although the convergence of these threats may manifest as more 
moderate probability, low-impact occurrences, there also lurks the potential for more catastrophic consequences.  
This raises concerns over a potential crisis within a crisis: given our dependence on air conditioning, how should 
communities plan for sustained outage events when temperatures exceed 110°F for days at a time?  How should 
PSPS tradeoffs be made when wildfire risks conflict with heatwave events? 

Heatwaves and wildfires are some of the greatest climate change threats facing California.  Under a high carbon 
emissions scenario (RCP 8.5), wildfires could increase by 77 percent by the end of the century (Westerling, 
2018).  Since the beginning of the 20th century, California has warmed by 1-2°F, and in five of the last six years, 
regions in California have experienced record-breaking temperatures (Crouch et al., 2015; National Oceanic and 
Atmospheric Administration, 2017).  Under a high carbon emissions scenario, California’s Fourth Climate 
Assessment projects an average daily temperature increase of 8.8°F by late-century (Pierce, Kalansky and Cayan, 
2018). Cal-Adapt, a California Energy Commission climate tool, estimates an average of 40 to 53 extreme heat 
days  (above the 98th percentile) by 2050, and an average of 40 to 99 extreme heat days by 2099 (California 
Department of Public Health, 2013). 

Extreme heat episodes, wildfire risk, and power interruptions disproportionately threaten the health and 
wellbeing of vulnerable populations (U.S. Global Change Research Program, 2016).  Historically, heat-related 
deaths have been higher among infants, older adults, communities of color, and individuals with cardiovascular 
conditions (Basu and Ostro, 2008; Basu, Malig and Ostro, 2010; Green et al., 2010).  Higher outage risks also 
aggravate existing energy insecurities for low-income groups.  According to the 2015 Energy Information 
Administration’s (EIA) Residential Energy Consumption Survey (RECS), six million households (5 percent of the 
national total) reported a loss in air conditioning services due to financial constraints (U.S. Energy Information 
Administration, 2018b).  The survey also reported that one in five households had traded necessities, such as food 
or medicine, to pay for cooling or heating bills (U.S. Energy Information Administration, 2018b). 

Consideration of worst-case scenarios can help identify early warning indicators and guide strategic planning.  Yet 
historically, the power sector’s preparatory response to climate change has been lackluster.  Despite rising 
temperatures and summer capacity shortfalls, institutional change has been slow and investments have lagged 
(Mukhopadhyay and Hastak, 2016; Añel et al., 2017).  The prevailing wait-and-see attitude of the power sector 
has delayed needed infrastructure and information technology adaptations; moreover, long-term capacity plans 
have fallen short in their consideration of advanced weather forecasting.   

The lagging consideration of climate change plays into the broader issue of decades-long suboptimal grid 
investment.  According to the National Transmission Grid study, transmission loading relief frequency, a measure 
of system stress, has increased in the same period that transmission investment has decreased (National Research 
Council, 2010).  The study also reported that transmission availability normalized by summer peak demand has 
decreased (Hirst, 2004).  The current electric grid is insufficiently equipped to withstand many of today’s weather 
challenges, much less future climate conditions (U.S. Government Accountability Office, 2014; American Society 
of Civil Engineers, 2017).  A Lawrence Berkeley National Lab report, exploring potential climate risks posed to 
California’s energy sector, found that higher temperatures would decrease existing generation capacity, lower 
transmission line efficiency, and increase transformer and substation losses (Sathaye et al., 2012).  The study also 
showed that, under some climate scenarios, the likelihood of wildfire exposure to major transmission lines may 
rise by 40 percent by the end of the century (Sathaye et al., 2012).  More often than not, serious consideration of 
climate impacts arrives post-mortem to the hazard event.  For example, after the devastation wrought by 
Hurricane Sandy, electric service providers launched billion-dollar projects to rebuild and update aging power 
infrastructure.  The destructive 2018 wildfire season prompted PG&E to significantly expand its PSPS program 
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and pledge billions towards grid modernization.  And after the 2020 heatwaves and outages, CAISO admitted that 
their resource planning process had not evolved to keep pace with climate-induced heatwaves and boosted their 
reserve margins (California Independent System Operator, 2021). 

Why consider compound hazard events simultaneously?  As joint hazard and outage events continue to occur, 
policymakers will need greater understanding of the propagation of these two events for investment planning 
timescales and real-time operational planning.  Given the scale of the problem, collaboration is required among 
community stakeholders and the energy sector.  The nexus of joint hazard outage events lends itself to evaluation 
though a multiagency, multisector lens.  Viewing joint hazard outage events as a complex systems failure provides 
an opportunity to build on existing policy literature and evaluate interventions using a whole-systems perspective.  
A single integrated framework can help identify vulnerabilities and leverage assets system wide. 

1.2. Research Opportunities  

This dissertation is an exploratory quantitative analysis of the likelihood and impact of joint hazard outage events.  
Its results can help qualify joint hazard outage risks, provide baseline proxy measures for decision-making, and 
help inform policy discussion among public health, utility, and urban planning stakeholders. 

Significant uncertainty persists over the likelihood and consequences of joint hazard outage events.  As more 
frequent and intense heatwaves and wildfires take place, the apparent vulnerability of the grid has drawn increasing 
attention to the prospect of joint hazard outage events.  Although the consequential outages of recent years suggest 
an increasingly heavy economic and public health burden, there is still limited research quantifying the risk of such 
episodes.  This research aims to expand the risk knowledge of heatwave, wildfire, and outage dynamics. 

Although the relationship between energy demand and temperature is well documented (Zamuda et al., 2013), 
the relationship between outages and extreme heat events is more uncertain and has received less research.  For 
PSPS, data collection and rigorous policy analysis is still in its infancy.  Similarly, the discourse on energy and 
disaster planning policy, to address such joint risks, is being reevaluated and continues to evolve in real time.  

Historically, standard disaster planning has been tied to a singular event.  But recently, there has been a shift to 
rethink disaster risk through a framework of interconnected, compound disasters.  The Special Report of the 
Intergovernmental Panel on Climate Change specifically identifies a “special category of climate extremes” 
resulting from the combination of multiple events (Field et al., 2012).  In comparison, most quantitative policy 
evaluations relevant to heatwave, wildfire, and outage threats fail to consider aggregate hazard risks occurring in 
conjunction. 

A similar uncertainty prevails regarding the health effects of outage events.  The main literature on outage 
valuation extends to estimating outage costs from historical events as well as the value of energy security and grid 
reliability.  However, significant uncertainty persists surrounding the likelihood and effect of joint hazard outage 
events.  Few analyses have considered outage valuation during extreme heat events or when cooling demand may 
matter the most.  And no study to date has considered outage valuation scenarios in the era of prolonged PSPS 
events. 

One reason for the limited number of outage valuation studies over hazard events is likely the restricted access to 
proprietary utility data.  Another reason may be the scope of the power sector’s regulatory responsibility, 
emphasizing “blue sky days” in standard resiliency metrics over days with significant climate-related disruptions.  
Quantitative public health studies on heat-related outage costs are also limited.  Although several studies have 
estimated economic or social measures during heatwave or outage events, public health estimates during joint 
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heatwave outage events have been less thoroughly explored.  One of the difficulties in estimating heat-related 
health costs is the challenge of attribution: what role did heat play in exacerbating underlying health issues?  The 
additional consideration of outages further complicates the picture: what role did outages play in aggravating heat-
related outcomes? 

A significant body of literature exists estimating the relative risk of mortality and morbidity during extreme heat 
events (Gosling, McGregor and Lowe, 2009; Kinney, 2018).  For outages, research quantifying the direct cost of 
health-related and non-health-related outage effects have largely focused on case studies such as the 2003 Northeast 
blackout event (Lin et al., 2011; Anderson and Bell, 2012).  The same can be said for health outcomes associated 
with weather-related outages, such as those from Hurricane Sandy (Henry and Ramirez-Marquez, 2016).  
However, to date, only one paper has estimated mortality and morbidity impacts from warm weather and outage 
events (Dominianni et al., 2018).  A systematic literature review conducted by Klinger et. al (2012), which 
examined the health impacts of outages during extreme events, found that quantitative evidence on this topic to 
be lacking (Klinger, Landeg and Murray, 2014). 

This dissertation seeks to narrow these gaps by undertaking an exploratory analysis that quantifies potential outage 
and health effects of joint hazard outage events.  The proposed research aims to expand our risk knowledge of 
heatwave, wildfire, and outage dynamics, and to provide baseline estimates for otherwise unexplored and 
uncertain outcomes.  Viewing joint hazard outage events as a complex systems failure provides an opportunity to 
build on existing policy literature and evaluate interventions using a whole-systems perspective.   

This research will add to the body of literature assessing heatwave and wildfire consequences, power outage costs, 
and mitigation options.  For direct outage valuation, historically, climate threats other than extreme heat have 
proven costlier to electric service providers.  However, given the scarcity of evaluations during joint heatwave 
outage events and California’s strict liability laws, valuation of outage-related health impacts may prove to be 
increasingly consequential.  As temperatures rise, effective urban planning and peak shaving will be key to 
preserving grid reliability and averting damaging outcomes.  Results from this research can better inform public 
health, utility, and urban planning and decision-making, both prior to and during joint hazard outage events.   

1.3. Research Questions 

This dissertation aims to answer the following research questions: 

Research Question 1: What spatial and temporal trends characterize historical joint heatwave power outage 
events in California? 

RQ 1.1:   What is the likelihood of joint heatwave power outage events? 
RQ 1.2:   How do joint heatwave outage events impact outage duration and customers out? 

Research Question 2: What is the relative risk of emergency department visits and hospital admissions during 
joint heatwave power outage events in California? 

RQ 2.1:   What is the relative risk of emergency department and hospital admissions from joint heatwave 
outage events by race, age, and ICD diagnosis group? 

RQ 2.2:   How does outage duration and customers out impact the relative risk of emergency department 
visits and hospital admissions? 
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1.4. Organization of this Study 

This dissertation is organized in line with the systems diagram in Figure 1.2.  The major outcomes of this diagram 
- power outages and health outcomes - serve as the premise for the two main empirical analyses in this paper.  The 
first analysis focuses on associations between weather hazards and outage events (Chapter 4 - highlighted in yellow 
in Figure 1.2).  The second analysis focuses on associations between weather hazards, outages, and health outcomes 
(Chapter 5 - highlighted in blue).  The subsequent policy chapter discusses how heat-related outage risks and health 
outcomes can be addressed, using levers that target grid vulnerability, shave peak load, and reduce heat exposure 
(Chapter 6 - highlighted in orange). 

Figure 1.2: Dissertation organization 

 

Figure notes: Chapter 4 focuses on estimating associations between heatwaves and outage events (highlighted in yellow).  Chapter 5 focuses on 
estimating outage and heat-related health outcomes (highlighted in blue).  Chapter 6 focuses on policy interventions for joint heatwave outage 
events (highlighted in orange). 

After the introduction, Chapter 2 provides a background of the underlying construct of this dissertation.  
Literature on outage frequency trends in the U.S., and heat-related mortality and morbidity studies in California, 
are reviewed.  

Chapter 3 discusses the hazard outage dataset and the regression models used in this analysis.  A daily panel dataset 
was compiled using heatwave, wildfire, Red Flag Day, outage, emergency department visits, and hospital 
admissions data.  Assumptions and definitions for hazard, joint hazard, and compound hazard days and events are 
outlined. 
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Chapter 4 explores the relationship among weather hazards (heatwaves, wildfires, Red Flag Days) and outage 
events.  In the first half of the chapter, the exploratory analysis identifies and analyzes historical trends and patterns 
among historical weather hazard and outage events.  In the second half of the chapter, the odds of an outage on 
heatwave and wildfire days are estimated using a logit fixed effects model.  

Chapter 5 explores the relationship among weather hazards (heatwaves, wildfires, Red Flag Days), outages, and 
emergency department visits and hospital admissions.  The relative risk of emergency department visits and 
hospital admissions on hazard days is estimated using a Poisson fixed effects regression.  Age and racial/ethnic 
heterogeneity are further explored.  The last section examines heat-related illnesses and outage-related pathologies 
using the International Classification of Diseases (ICD) code groups. 

Chapter 6: The concluding chapter discusses the implications of this research.  First, the chapter outlines the 
landscape of stakeholders and policies entangled during joint heatwave power outage events.  Measures most 
relevant to vulnerable populations are discussed.  Lastly, opportunities for future work are summarized. 
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2. Literature Review on Heatwaves and Power Outages 

The analyses in this dissertation use historical data to explore the trends and associations between hazard and 
outage events.  The analysis builds primarily on two sets of literature: (1) trend analysis of historical event-based 
outage data and (2) regression analysis between heatwaves and health outcomes. 

In this chapter, Section 2.1 discusses the literature on compound hazard events.  Section 2.2 looks at studies on 
outage characteristics and trends.  Section 2.3 looks at studies on heat-related health outcomes.  Section 2.4 
discusses the literature on energy poverty and electricity-dependent populations. 

2.1. Compound Hazard Events 

There has been growing interest in compound risks in the realm of climate change and resiliency (Pescaroli and 
Alexander, 2018; Ridder et al., 2020).  In the literature, these events have often been termed ‘compound’, 
‘combined’, ‘connected’, ‘cascading’, ‘interacting’, ‘interdependent’, ‘interconnected’, ‘multi-risk’ or ‘multi-
hazard’ events (Kappes et al., 2012; Pescaroli and Alexander, 2018; Raymond et al., 2020; Ridder et al., 2020).  
The term ‘compound’ has also been used interchangeably to refer to hazards that compound temporally or 
compound spatially.  The lack of unified terminology to define these types of events has led to a fragmented 
literature (Pescaroli and Alexander, 2018; Tilloy et al., 2019). 

A hazard is a phenomenon that may have a negative impact on society (Tilloy et al., 2019).  Collective hazard risks 
are commonly estimated as the sum of individual risks through a reductionist approach (Arosio, Martina and 
Figueiredo, 2020).  However, this approach simplifies the complex nature of disasters and neglects the links 
between different hazards (Clark-Ginsberg, Abolhassani and Rahmati, 2018).  Multi-hazard events tend to be non-
linear, wherein total losses are disproportionate to hazard intensity (Arosio, Martina and Figueiredo, 2020).  In 
contrast, a holistic approach considers the whole system as interconnected elements where all associations 
contribute to systematic risk (Arosio, Martina and Figueiredo, 2020).  The complex relationships among 
compound heatwave, wildfire, and outage events “calls for a paradigm shift in collective risk assessments, from a 
reductionist approach to a more holistic one” (Arosio, Martina and Figueiredo, 2020). 

2.2. Outage Characteristics, Frequencies, and Trends 

The characterization and trend analysis of historic outage events serve several purposes.  First, it provides insight 
into the underlying predictors and dynamics of such events.  Second, outage and hazard frequencies can be 
quantified and serve as baseline parameters in decision-making (Simonoff, Restrepo and Zimmerman, 2007).   

Section 2.2.1 discusses the literature on outage frequencies and trends.  Section 2.2.2 discusses the literature 
characterizing outages using regression-based analysis.  Section 2.2.3 discusses outage valuation studies.  Section 
2.2.4 discusses health-related outage studies. 

2.2.1. Outage frequency and distribution analyses 

Outage trends of Disturbance Analysis Working Group outage dataset 

Several studies have investigated the outage frequency and distribution patterns of outage events  in the North 
American Electric Reliability Corporation (NERC) Disturbance Analysis Working Group (DAWG) dataset 
(Chen, Thorp and Parashar, 2001; Simonoff et al., 2005; Simonoff, Restrepo and Zimmerman, 2007; Hines, Apt 
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and Talukdar, 2008, 2009; Carreras, Newman and Dobson, 2016).  DAWG outage data is a repeatedly cited 
event-based dataset for large-scale North American outages, derived from the Department of Energy (DOE) and 
NERC EIA-417 reporting requirements.  The number of studies using DAWG outage data reflects its wide 
availability and consideration as the longest historical record of North American disturbances.   

The thresholds for reportable outages in the NERC DAWG are 300 megawatts (MW) for uncontrolled losses 
lasting more than 15 minutes, 100 MW for load shedding under emergency procedures, or more than 50,000 
customers without power for more than one hour (EIA-417).  Studies have noted that the majority of outages 
reported in the dataset were smaller than the threshold criteria, and analyses often excluded those outage events 
due to reporting inconsistencies and possible bias (Hines, Apt and Talukdar, 2008). 

From 1984-2006, the DAWG dataset represented about 5 percent of all customer interruptions in the U.S. 
(Hines, Apt and Talukdar, 2008).  In their study, Hines et al. (2009) found that, even after controlling for demand 
and population, the frequency of large-scale disruptions did not decrease over time (Hines, Apt and Talukdar, 
2008, 2009).  Simonoff et al. (2005) estimated outage events in the DAWG dataset increased by 7.2 percent, and 
outage size by megawatts lost increased by 10 percent from 1990-2004 (Simonoff et al., 2005; Simonoff, Restrepo 
and Zimmerman, 2007).  In their study of DAWG outages, Carreras et al. (2016) estimated that on average, an 
outage greater than 1,000 MW occurred every 10 months and an outage greater than 10,000 MW occurred every 
11 years (Carreras, Newman and Dobson, 2016). 

Outage costs are at minimum proportionately linear to their size in terms of megawatts lost (Newman et al., 
2011).  However, in the DAWG dataset, the rate of outage cost to size increases faster than the rate of outage 
frequency to size. That is, larger outages are more rare but proportionately more costly (Benjamin A Carreras, 
Newman, and Dobson 2016). 

Studies using the DAWG dataset have consistently shown that the heavy-tailed distribution of outage size 
(measured by megawatts lost, customers affected, and restoration time) followed a power-law distribution 
(Carreras et al., 2000; Hines, Apt and Talukdar, 2008; Carreras, Newman and Dobson, 2016).  The heavy-tailed 
distribution is characteristic of the high variability in outage size.  Although the underlying cause of this relationship 
is still under debate, Carreras et al. (2000) argued that a plausible explanation of the tail is the  autocorrelation 
between outages: large outages are correlated with future large outages (Carreras et al., 2000, 2004; Weron and 
Simonsen, 2006; Carreras, Newman and Dobson, 2016). 

The power-law relationship has relevant implications for managing outage risk: the risk for larger outages are 
greater than the risk for smaller outages (Weron and Simonsen, 2006).  If outage size had instead followed an 
exponential distribution, the likelihood of extremely large outages would be infinitesimally small (Carreras, 
Newman and Dobson, 2016).  In contrast, the heavy tails of the power-law distribution indicate that extremely 
large outages will occasionally occur (Carreras, Newman and Dobson, 2016).  Without this consideration, 
mitigation needs for larger and rarer outage events may be underestimated (Carreras, Newman and Dobson, 
2016).  Hines et al. (2008) recommended that resiliency considerations be afforded to both small and large 
disruptions, rather than focusing solely on the more likely incidences (Hines, Apt and Talukdar, 2008). 

Outage trends of other outage datasets 

Fewer outage trend analyses have been applied to other outage datasets.  In the Lawrence Berkeley National Lab 
study, “An Examination of Temporal Trends in Electricity Reliability Based on Reports from U.S. Electric 
Utilities”, a convenience sample of 155 U.S. utilities found a 2 percent increase in outages per year from 2000-
2009 (Lacommare and Eto, 2004; Eto et al., 2013). 
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The Eaton Blackout Tracker, a state-by-state summary of U.S. power outages published annually from 2009-2018, 
found that California had the highest number of outage events of any state from 2008-2017, with an average outage 
duration of 133 minutes (Eaton Corporation, 2018).  California summary statistics from each Eaton annual report 
are shown in Table 2.1. 

Using data from Poweroutage.US, BloomEnergy analyzed changes in California’s outage frequency and duration 
from October 2017-December 2019.  Their analysis found that from 2018-2019, outages increased by 23 percent 
and affected 50 percent more customers (Bloom Energy, 2021). Of California’s largest cities, San Bernardino had 
the most outage events per capita (i.e., more than six outages per person), while some smaller cities saw even 
higher outage events per capita (e.g., Sonoma experienced more than 17 outages per person) (Bloom Energy, 
2021).   

Table 2.1: Eaton Blackout Tracker California summary (2009-2017) 

Eaton Blackout 
Tracker Annual 

Report* 

Total number of 
people affected 

by outages** 

Total duration 
of outages 
(days)*** 

Total number 
of outages 

Average number 
of people affected 

per outage 

Average 
duration of 

outage (min) 

Total number of 
outages due to 

weather/falling trees 

2009 1,881,315 29 363 6,695 301 70 

2010 2,325,406 49 508 6,168 421 111 

2011 6,622,964 13 371 22,759 250 81 

2012 1,432,410 12 510 3,711 210 90 

2013 1,948,736 22 464 5,428 317 65 

2014 1,169,248 18 537 2,219 49 81 

2015 1,421,248 21 417 3,408 72 96 

2016 1,949,879 29 470 4,149 88 116 

2017 2,709,740 18 438 6,187 59 124 
*Table is based on California statistic summaries in Eaton Blackout Tracker annual reports from 2009-2017 (the statistics provided in the annual report correspond 
with the data collected from the preceding year). 
**According to the report, the total number of people affected was reported for 52-78 percent of outage events per year. 
***According to the report, total outage duration was reported for 10-38 percent of outage events per year (Eaton Corporation, 2018). 

 

Outage and weather trends 

Few outage trend analyses reference heatwave or wildfire-related outages.  Heatwave and wildfire-related outages 
are often considered under the broader umbrella of seasonal or weather-related disruptions.  Several studies noted 
that outages in North America occurred more frequently in late summer and mid-winter (Hines, Apt and 
Talukdar, 2008, 2009).  For example, Simonoff et al. (2005) found that 65-85 percent more outages occurred in 
the summer season (Simonoff et al., 2005; Simonoff, Restrepo and Zimmerman, 2007).  Weron et al. (2006) 
argued that seasonal effects explained the heavy-tailed distribution of outage events. 

Weather events are tied to different seasonal patterns, and weather-related outages are the leading cause of power 
interruptions in the U.S. (Executive Office of the President, 2013).  From 1990-2004, the two most cited causes 
of outages in the DAWG database were weather and equipment failures (Simonoff et al., 2005).  In a subsequent 
study, from 2003-2012, 80 percent of outages in the DAWG database were found to be weather-related (Kenward 
and Raja, 2014).  From 2008-2017, the Eaton Blackout Tracker reported that weather and falling trees caused 
approximately 28 percent of California’s outage events (Eaton Corporation, 2017). 
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Studies also consistently found that weather-related outages were associated with longer outage durations 
(Simonoff et al., 2005).  Furthermore, the largest outages reported were attributed to either extreme natural 
events or cascading failures in the bulk power system (Hines, Apt and Talukdar, 2008). 

The BloomEnergy analysis found that from October 2017-2019, 2,374 Public Safety Power Shutoff (PSPS) events 
affected 2.3 million customers (including 89,000 residential baseline medical customers) and had an average 
duration of 46 hours (Bloom Energy, 2021). 

2.2.2. Outage regression-based analyses 

A subset of outage event studies have used regression-based approaches to explore outage associations and identify 
relevant outage predictors (Simonoff, Restrepo and Zimmerman, 2007; Sultan, 2020; Yang et al., 2020). 

Using data from the Electric Power Research Institute repository, Sultan (2020) proposed a predictive linear 
regression model for outage duration in Georgia.  A stepwise regression algorithm was used to select statistically 
significant predictors - such as storm events, temperature, precipitation, pole age, forestry pruning hours, 
customer notifications, and transformer age - to predict outage duration (Sultan, 2020). 

In a similar type of analysis, MacKenzie et al. (2013) used 2002-2009 DAWG data to estimate outage recovery 
times and resiliency coefficients using (1) scenario-specific regression models with potential disrupters as 
categorical variables (e.g., hurricane, winter storm, voltage reduction, etc.); and (2) a mixed effects model where 
variation came from within and between outage categories.  The study noted that scenario-specific dummy 
variables failed to capture much of the data variation.  It also found that some predictors, such as fire, resulted in 
unrealistic resiliency values (MacKenzie and Barker, 2013).  The results of the mixed-effects model indicated that, 
contrary to what might be predicted, outage scenarios did not influence resiliency coefficients (MacKenzie and 
Barker, 2013). 

Applying historical outage event data is a straightforward method for estimating outage likelihood (Vaiman et al., 
2012).  For example, using DAWG data from 1990-2004, Simonoff et al. (2007) used regression-based models 
(negative binomial, logistic, and weighted least squares) to derive probabilistic risk values of outage characteristics 
for constructed scenarios (Simonoff, Restrepo and Zimmerman, 2007).  First, they regressed customers lost, 
megawatts lost, and outage duration against a set of underlying outage factors, e.g., weather, equipment failure, 
human error, etc.  Next, they used the coefficient results to predict outage characteristics of a hypothetical 
terrorist event on the power grid (Simonoff, Restrepo and Zimmerman, 2007).  Similar to extreme weather 
events, the limited repository of terrorist attacks on the grid made quantifying potential outcomes challenging.  
The paper noted that the framework they developed could be extended to other outage contexts and applied to 
any number of probabilistic decision-making scenarios (Simonoff, Restrepo and Zimmerman, 2007). 

Regression-based analysis has also been used to model outage outcomes from natural hazard events, such as with 
Hurricane Irma (Yum et al., 2020) or hurricanes in the Gulf Coast (Han, Guikema and Quiring, 2009).  Fewer 
studies have looked at outage associations during extreme heat events.  In one of the few regression analyses that 
included abnormally warm weather days, Larsen et al. (2015) used various weather predictors to forecast power 
system reliability.  Using reliability metrics from a cross-section of U.S. utilities and cooling degree days (CDD) 
at the utility service level, their study found that a 10 percent increase in the number of CDDs was correlated with 
an 8 percent decrease in the System Average Interruption Duration Index (i.e., outage duration) (Larsen et al., 
2015).  Other results in their study found that greater CDDs led to no percent change in outage duration and 
frequency (Larsen et al., 2015). 
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2.2.3. Outage valuation during extreme events 

Value of lost load (VoLL) is the marginal value of reliability or the customer’s willingness-to-pay to avoid power 
interruptions.  When utilities set reserve margins or decide how much to invest in weathering unplanned hazard 
events, VoLL factors prominently in determining the acceptable customer tradeoff between excess capacity and 
outage rates (Kariuki and Allan, 1996).  Value-based reliability planning considers customer interruption costs 
when making grid investment and planning decisions.  In its simplest form, VoLL is estimated as the direct 
valuation or cost of an outage event, or the value of foregone electricity consumption (Coll-Mayor, Pardo and 
Perez-Donsion, 2012; Ratha, Iggland and Andersson, 2013; Schröder and Kuckshinrichs, 2015).   

If the minimum outage cost to an individual is gauged as the price of electricity, studies have shown that consumers 
value electricity above what they pay for it (Sullivan, Schellenberg and Blundell, 2015; Trabish, 2015).  Consumer 
electricity preferences also vary over time, e.g., electricity is valued more in the morning, during the weekend, 
and in the summer (London Economics International, 2013). 

Despite a robust literature estimating outage costs and valuing reliability, few analyses have considered outage 
valuation during extreme heat events or when cooling demand may matter the most.  The VoLL calculation is an 
average seasonal estimate based on “blue sky” days that ignores the variability of major weather events (Davies 
Consulting, 2005).  Estimating the value of reliability during a heatwave through outage cost is not straight 
forward.  For instance, the indirect cost correlation of adverse outcomes from pre-existing socioeconomic and 
health conditions and heatwaves is more challenging than the direct correlation of property damage from 
hurricanes or wildfires. 

In general, the U.S. Department of Energy estimates that power outages cost businesses $150 billion annually 
(Litos Strategic Communication, 2010; Messera, 2015).  A Lawrence Berkley National report estimated that 
weather-related outages cost residential customers $2-3 billion per year (Larsen et al., 2018), while Congressional 
Research Services puts the cost of severe-weather related outages to the U.S. economy at $20-70 billion per year 
(Campbell and Lowry, 2012; Executive Office of the President, 2013).  None of these figures directly considered 
the health cost from outage events. 

2.2.4. Outage-related health outcomes 

According to a 2011-2012 systematic literature review of the relationships among outages, extreme events, and 
health impacts, “the impact of power loss on health is a poorly studied area and peer reviewed literature is scarce” 
(Klinger, Landeg and Murray, 2014).  In their study, Klinger et al. (2014) provided a typology of health outcomes 
resulting from outages in different settings, such as failures in sewage treatment, transportation services, 
communication technology, or clinical care.  The public health infrastructure category included the risk of unclean 
water (i.e., either from loss of water monitoring and pumping mechanisms or sewage treatment failures), unsafe 
food storage, loss of safety mechanisms (e.g., traffic lights not working), and loss of temperature control (Klinger, 
Landeg and Murray, 2014).  The healthcare category included loss of home oxygen supply, nebulization failures 
leading to asthma, loss of functioning ventilators, missed dialysis leading to hyperkaliemia, and compromised 
storage of essential drugs such as for insulin and vaccines (Klinger, Landeg and Murray, 2014). 

The research linking outages and health-related outcomes has focused predominately on case studies involving 
large-scale interruptions.  In cases when joint hazard outage events do occur, outage consequences are often 
amalgamated with broader weather-related outcomes. 
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2.3. Heat-related Health Outcomes 

Numerous studies have explored mortality and morbidity outcomes from heatwave events; this research builds 
primarily on methods discussed in this literature.  Section 2.3.1 discusses the literature on heat-related health 
outcomes and California studies estimating the relative risk of health outcomes.  Section 2.3.2 discusses the 
literature on joint heatwave and outage health outcomes. 

2.3.1. Heat-related mortality and morbidity 

The literature on heatwaves and mortality/morbidity outcomes is extensive.  One group of heat-related mortality 
and morbidity studies estimated outcomes from specific heatwave events (Knowlton et al., 2009; Ostro et al., 
2009; Hoshiko et al., 2010); while a second group of heat-related studies looked more broadly at overall 
temperature and health trends over a period of time (Green et al., 2010).  Both groups of studies have used 
regression-based methods to estimate heat-related risks. 

The relationship between temperature and mortality is well established, following a V-shaped curve, with 
increasing mortality on both ends of the temperature distribution (Kovats, Hajat and Wilkinson, 2004; Liang et 
al., 2008; Lin et al., 2009).  Cities that have high heat indexes tend to have non-linear associations between 
temperature and mortality (Medina-Ramón and Schwartz, 2007; Ostro et al., 2009; Gasparrini et al., 2015), while 
cities with high air temperatures and low humidity tend to have more linear dose-response functions (Basu, Feng 
and Ostro, 2008).  Although California’s apparent temperature is comparatively lower than that of cities on the 
East Coast, evidence has been mixed on the non-linearity of its temperature effect (Green et al., 2010). 

In an analysis of 50 U.S. cities, Medina-Ramon and Schwartz (2007) reported an estimated mortality effect of 
extreme heat of 3.9 percent per degree of minimum temperature versus 0.7 percent on comparatively less 
extreme days. The study also reported larger effect sizes in cities with cooler average temperatures and less air 
conditioning (Medina-Ramón and Schwartz, 2007).   

Heatwaves and mortality and morbidity in California 

California reported a total of 909 heat-related deaths between 2008-2020 (Table 2.2).  During this time, Riverside 
County had the highest number of heat-related deaths (170), followed by Los Angeles County (162) and San 
Bernardino County (87). 

Several studies have focused on patterns in heat-related mortality (Basu, Feng and Ostro, 2008; Ostro et al., 2009; 
Hoshiko et al., 2010) and morbidity (Knowlton et al., 2009; Green et al., 2010) in California.  A number of 
analyses have concentrated on the July 2006 heatwave in California; this extreme heat event provided a natural 
study for researchers to measure heatwave impacts.  During that period, daily maximum and minimum 
temperature records were set across the state, and heat-related deaths and illnesses spiked.  Studies found that the 
heatwave resulted in a 9 percent increase in all-cause mortality per 10°F (apparent air temperature) (Basu, Feng 
and Ostro, 2008; Ostro et al., 2009).  The 2006 heatwave had a substantial effect on morbidity statewide, 
including in regions with relatively modest temperatures.  This suggests that population acclimatization and 
adaptive capacity influenced an individual’s heat risk (Knowlton et al., 2009).  Ostro et al. (2009) found that 
mortality per degree increase in the heat index was approximately 2-3 times higher during heatwave versus non-
heatwave periods (Ostro et al., 2009). 

  



14 

 

Table 2.2: California heat-related mortality by county (2008-2020) 

County Aggregate heat-related 
deaths (2008-2020) 

Alameda 13  
Contra Costa 14  
Fresno  20  
Imperial  44  
Kern  54  
Los Angeles  162  
Merced  17  
Orange  39  
Riverside  170  
Sacramento  37  
San Bernardino  87  
San Diego  57  
San Francisco  12  
San Mateo  14  
Santa Clara 26  
Shasta  17  
Solano  10  
Ventura  14  
Total 909  

Table notes: Compiled from the Centers for Disease Control and Prevention Wonder database ICD-10 codes: T67.0 (heatstroke and sunstroke); 
T67.1 (heat syncope); T67.2 (heat cramp); T67.3 (heat exhaustion, anhydrotic); T67.4 (heat exhaustion due to salt depletion); T67.5 (heat 
exhaustion, unspecified); T67.6 (heat fatigue, transient); T67.7 (heat oedema); T67.8 (other effects of heat and light); T67.9 (effect of heat and 
light, unspecified); X30 (exposure to excessive natural heat (hyperthermia)) (National Center for Health Statistics, 2021b). 

From July 15 to August 1, 2006, California had an excess of 16,166 emergency department visits and 1,182 
hospital admissions (Knowlton et al., 2009).  Relative risk was elevated for heat-related illnesses, acute renal 
failure, electrolyte imbalance, and nephritis (Knowlton et al., 2009).  The estimated number of excess emergency 
department visits was far greater than the number of excess hospital admissions, and wider ranges of elevated 
relative risks were apparent for emergency department visits versus hospital admissions data (Knowlton et al., 
2009).  The Central Coast region, a typically cooler climate zone, had more excess emergency department visits 
(28 percent) and hospital admissions (47 percent) than other regions (Knowlton et al., 2009).  

Green et al. (2010) observed an association between temperature and hospital admissions in California even 
without extremes in apparent temperature (Green et al., 2010).  In their study focusing on nine California counties 
during the warm season, they found that higher apparent temperatures were associated with greater hospital 
admissions for all respiratory diseases, pneumonia, ischemic stroke, diabetes, dehydration, acute renal failure, and 
heat stroke (Green et al., 2010).  An effect was not found for hospital admissions for cardiovascular diseases.  Most 
of these associations continued to be observed after controlling for ozone and particulate matter.  And although 
ozone and particulate matter have been shown to be associated with increased hospital admissions in other parts 
in the U.S., their study found little evidence of an effect size (Green et al., 2010). 

In terms of demographics, Knowlton et al. (2009) found children and older residents had elevated risks for some 
heat-related morbidities.  Ostro et al. (2008) also found higher mortality estimates in younger and older 
populations, but no differences in effect size by race and gender (Basu and Ostro, 2008; Basu, Feng and Ostro, 
2008). Similarly, Green et al. (2010) found higher mortality estimates in younger and older populations but no 
difference by gender; however, they did find a higher effect size for all-cause mortality for Black individuals 
compared with White and Hispanic individuals (Green et al., 2010). 
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In their study of emergency department visits during the 2006 heatwave, Gershunov et al. (2011) suggested that 
coastal cities and the northern Central Coast were more sensitive to extreme heat and humidity compared to other 
California counties hit by the event.  Counties in the Southeast Desert region are habituated to higher temperatures 
and already have higher penetration rates of air conditioning use.  In contrast, California counties on the coast 
typically have cooler summers and hence less air conditioning penetration, leaving them less acclimated to higher 
temperatures and humidity (Gershunov et al., 2011).  Knowlton et al. (2009) also argued that the higher relative 
risk found on the Central Coast suggested that residents in those areas viewed themselves as less vulnerable to heat 
stress.  Table 2.3 summarizes the California heat-related health studies discussed. 

2.3.2. Heat-related mortality and morbidity during outage events 

Dominianni et al. (2018) estimated the relative risk of mortality and morbidity from warm weather and outage 
events in New York.  Their paper looked at: (1) a citywide 2004 outage, (2) localized outages in July 1999 and 
July 2006, and (3) additional warm and cold-weather outages from 2002-2014 (Dominianni et al., 2018).  The 
methods and regression model proposed in Chapter 5 build on the work discussed in this study. 

In a related strand of literature, studies have measured the impact of air conditioning on heat-related mortality.  
Differences in air conditioning access can be viewed as a proxy for power outages.  Studies have found that air 
conditioning use has led to a decrease in heat-related mortality (Barreca et al., 2016; Heutel, Miller and Molitor, 
2021).  In their analysis, Barreca et al. (2016) found that air conditioning ownership can explain almost the entire 
decline in heat-related mortality.  Air conditioning penetration also explains nearly the entire difference in heat-
related mortality among climate regions (Heutel, Miller and Molitor, 2021).  Table 2.4 summarizes the outage 
and air conditioning-related health studies discussed. 
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Table 2.3: Selected heat-related mortality and morbidity studies in California 

Study Estimated metric Analysis parameters Results 
Characterizing Temperature and 
Mortality in Nine California Counties  
(Basu, Feng and Ostro, 2008) 

Heat-related non-accidental 
mortality 
 

Study area: 9 California counties 
Time period: 1999-2003 (May-Sept) 
Methods: time-stratified case-crossover, time-series analysis 

• 10°F increase in mean apparent temperature was associated with a 
2.3 percent increase in mortality 

Estimating the Mortality Effect of the July 
2006 California Heat Wave 
(Ostro et al., 2009) 

Heat-related mortality 
 

Study area: 9 California counties 
Time period: 2006 California heatwave: (1) July 15-26; (2) 
July 15-31, 2006 
Reference period: (1) July 1-14, July 27-31, 2006; (2) July 
1999-2005 
Methods: regression analysis 

• 10°F increase in mean apparent temperature was associated with a 9 
percent increase in mortality 

A Simple Method for Estimating Excess 
Mortality due to Heat Waves, as Applied 
to the 2006 California Heat Wave 
(Hoshiko et al., 2010) 

Heat-related mortality 
 

Study area: 6 California regions (based on U.S. climate 
divisions) 
Time period: 2006 California heatwave, July 15-Aug 1, 2006 
Reference period: (1) July 8-14, Aug 12-22, 2006; (2) June-
Aug 2006 
Methods: rate ratios 

• RR = 1.03-1.09 
• 655 excess deaths (6 percent increase) 

The 2006 California Heat Wave: Impacts 
on Hospitalizations and Emergency 
Department Visits 
(Knowlton et al., 2009) 

Heat-related emergency 
department visits and hospital 
admissions, all-cause and 10 
cause groups, ICD-9-CM 
 

Study area: 6 California regions 
Time period: 2006 CA heatwave: July 15- Aug 1, 2006 
Reference period: (1) July 8-14, 2006; (2) Aug 12-22, 2006 
Methods: rate ratios 

• RR emergency department visits = 6.30 
• RR hospital admissions = 10.15 
• 16,166 excess emergency department visits 
• 1,182 excess hospital admissions 

The Effect of Temperature on Hospital 
Admissions in Nine California Counties 
(Green et al., 2010) 

Heat-related hospital 
admissions, primary 
diagnosis, ICD-9-CM 
 

Study area: 9 California counties 
Time period: 1999-2005 (May-Sept) 
Reference period: Every third day of the same month year 
Methods: time-stratified case crossover analysis 
 

• 10°F increase in apparent temperature was associated with: 
o 3.5 percent increase ischemic stroke 
o 2.0 percent increase respiratory diseases 
o 3.7 percent increase pneumonia 
o 10.8 percent increase dehydration 
o 3.1 percent increase diabetes 
o 7.4 percent increase acute renal failure 

The California Heat Wave 2006 with 
Impacts on Statewide Medical 
Emergency: A Space-Time Analysis 
(Gershunov et al., 2011) 

Heat-related emergency 
department visits, all-cause 

Study area: 58 California counties 
Time period: 2006 California heatwave 
Methods: canonical correlation analysis 
 

• Emergency department visits in Coastal counties and north Central 
Valley are more sensitive to extreme heat 

Mortality and Morbidity during Extreme 
Heat Events and Prevalence of Outdoor 
Work: An Analysis of Community-Level 
Data from Los Angeles County, California  
(Riley et al., 2018) 

Heat-related emergency 
department visits and hospital 
admissions, heat-related 
deaths and illness, ICD-9-CM 
 

Study area: Los Angeles County 
Time period: 2005-2010 (May- Sept) 
Methods: regression analysis 

• 1 percent increase in residents working in construction resulted in: 
o 8.1 percent increase in heat-related emergency department 

visits 
o 7.9 percent increase in heat-related hospital admissions  

• 1 percent increase in residents working in agriculture resulted in: 
o 10.9 percent increase in heat-related emergency department 

visits 
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Table 2.4: Selected outage and air conditioning health studies 

Estimated metric Analysis parameters Results 
Outage-related mortality Geography: Northeastern U.S. and Canada  

Time period: Aug 14-15, 2003 
(Bell and Anderson, 2012) 

• 122 percent increase in accidental mortality 
• 25 percent increase in non-accidental mortality (majority of deaths were non-

accidental) 
Outage-related respiratory 
disease and renal disease 
 

Event: New York City Aug 2003 outage, localized outages in July 1999 and 
July 2006, warm and cold-weather outages in New York State Public Service 
Commission dataset 2002-2014 
Geography: New York City and New York State, New York State Public 
Service Commission 
Time period: Aug 2003 outage, localized outages in July 1999 and July 
2006, warm and cold-weather outages 2002-2014 
Reference period: May-Sept 
Methods: Poisson time-series regression 
(Dominianni et al., 2018) 

• 2006 localized outage: RR hospital admissions = 2.26 for respiratory disease hospital 
admissions 

• 2003 citywide outage: RR hospital admissions = 1.16 for renal disease hospital 
admissions 

• 1999, 2003, 2006 outage: RR mortality >1 

Air conditioning and heat-
related mortality 

Dataset: 72,740 persons for whom information on household air 
conditioning was available 
Geography: U.S. 
(Rogot, Sorlie and Backlund, 1992) 

• RR = 0.58 for central air conditioning in hot weather (death rate for persons who had 
central air conditioning versus no air conditioning was 42 percent lower) 

• RR = 0.96 for room air conditioning in hot weather (death rate for persons who had 
room air conditioning versus no air conditioning was 4 percent lower; no real benefit 
was derived from room air conditioning) 

Air conditioning and heat-
related mortality 

Dataset: Air conditioning penetration for elderly Medicare beneficiaries 
Geography: U.S. ZIP codes 
Time period: 1992-2011 
(Heutel, Miller and Molitor, 2021) 

• A 10 percentage point increase in air conditioning penetration corresponds to 2 fewer 
deaths per 100,000 (90-95°F day) 

• A 10 percentage point increase in air conditioning penetration corresponds to 0.61 
fewer deaths per 100,000 (80-85°F day) 

Air conditioning and heat-
related mortality 

Geography: U.S. states 
Time period: 1900-2004 
(Barreca et al., 2016) 

• Exposure to 1 day (>90°F) increases mortality by 1.1 percent 
• Without air conditioning (>90°F) is responsible for approximately 3,600 premature 

fatalities annually 
• 10 percentage point increase in residential air conditioning decreased mortality of 

>90°F days to pre-1960 values 
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2.4. Energy Poverty, Air Conditioning Use, and Electricity-Dependent Populations 

Heat exposure can significantly differ from block to block in the same city based on an individual’s immediate 
surroundings (Wilson, 2020).  Historically disadvantaged communities are more likely to live in areas with more 
concrete and pavement than with trees, parks, and green vegetation.  Low-income households and communities 
of color are also more likely to live in older, more poorly insulated housing units with less energy-efficient 
appliances (Drehobl, Ross and Ayala, 2020).   According to the American Council for an Energy-Efficient 
Economy, African-American and Latino households’ excess energy burden could be reduced by 42 and 68 percent 
respectively, by raising their households’ energy efficiency to the same standard as that of the average U.S. home 
(Drehobl, Ross and Ayala, 2020). 

2.4.1. Low-income populations and air conditioning use 

Homeownership, race, and income often delineate the likelihood of air conditioning ownership and usage 
(Troccoli et al., 2014).  A University of Southern California study that tracked smart meters in Southern California 
found that air conditioning was less prevalent in high poverty areas (Chen, Ban-Weiss and Sanders, 2020).  
However, even with access to air conditioning, low-income households often forgo cooling to save on electricity 
costs (U.S. Department of Health and Human Services, 2016).  Nationwide, the Residential Energy Consumption 
Survey reported that 11 percent of U.S. households kept their homes at unhealthy or unsafe temperatures for at 
least a month, and more than 20 percent of households forwent basic necessities to pay their energy bills (U.S. 
Energy Information Administration, 2018b).   

Swings in extreme temperature with unanticipated spikes in electricity costs hurt households already struggling to 
pay electricity bills (Hernández and Bird, 2011).  In a study comparing energy spending and temperature in U.S. 
households, Doremus et al. (2021) found that on higher temperature days (86° F and above), higher income 
households increased their energy spending by 0.5 percent, whereas lower income households had no change in 
energy spending.  They described this “poverty gap” in the face of extreme heat as the electricity-use equivalent 
of a typical air conditioner running for four hours (Doremus, Jacqz and Johnston, 2022).  Similarly, in the Southern 
California smart meter study, Chen et al. (2000) found that with higher temperatures, households in wealthier 
areas used more air conditioning than households in poorer areas; in other words, as temperatures rose, people 
who could not afford air conditioning used less cooling than they may have required.  Chen et al. (2020) argued 
that poverty and air conditioning ownership were better predictors of vulnerability than climate zones and heat 
acclimation (Chen, Ban-Weiss and Sanders, 2020). 

2.4.2. Vulnerable populations and outages 

Heatwave and outage events further compound heat stress for disadvantaged populations.  Hazard events increase 
the allostatic load for individuals already facing underlying stressors (Sandifer et al., 2022).  A joint heatwave 
outage event only adds to this strain, forcing households to grapple with yet another crisis.  Furthermore, evidence 
from some outage studies have shown that poorer neighborhoods are more likely to experience outages than 
wealthier neighborhoods (Carvallo et al., 2021; Dvorkin, 2021). 

Vulnerable populations that depend on electrically powered medical equipment to sustain livability and 
independence are labeled ‘electricity-dependent’, ‘electricity vulnerable’, or ‘medical baseline’ populations.  A 
power outage persisting for several hours can have life-threatening health repercussions for this population 
(Molinari et al., 2017).  The 2019 PSPS left electricity-dependent individuals in a precarious situation when 
medical devices lost power and refrigerated life-sustaining medication went sour.  Electricity-dependent 
individuals have varying needs.  For example, electrically powered durable medical equipment, such as ventilators 
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and oxygen concentrators, can operate on batteries for up to two to four hours (Molinari et al., 2017).  Studies 
on the 2003 Northeastern blackout showed an increase in emergency department visits for electricity-dependent 
individuals (Greenwald et al., 2004; Lin et al., 2011; Anderson and Bell, 2012).  After analyzing thermal household 
data from the 2020 California heatwave, Wang et al. (2021) recommended that prescribed outages during 
heatwave events should last no longer than two hours (Wang, Hong and Li, 2021). 

2.5. Research Gaps 

Table 2.5 compares the breadth of literature covering hazard and outage associations.  Overall, most quantitative 
analyses are limited to single hazard outcomes.  Most multi-hazard analyses are qualitative studies or secondary 
components of broader case studies.  In comparison, the relationship between heatwave, wildfire, and outage 
events is more uncertain and less documented.  Few studies quantify health outcomes from outage events.  Limited 
quantitative studies consider simultaneously occurring hazard and outage scenarios.  In Table 2.5 the red and 
orange marks indicate multi-factor associations where limited or no research has been explored.  This research 
addresses some of these gaps by quantifying outage likelihood and health outcomes during multi-hazard outage 
scenarios. 

Table 2.5: Literature gaps 

ü = literature on topic  ~ = limited literature on topic 
û  = unknown/no literature on topic 

 

 

 = dissertation focus  

 

Association among factors (1 + 2 + 3) qualitative 
analysis case studies quantitative 

trend analysis 1 2 3 

 weather hazard mortality/morbidity ü ü ü 

 summer season mortality/morbidity ü ü ü 

 heatwaves mortality/morbidity ü ü ü 

 wildfires mortality/morbidity ü ü ~ 

 heatwaves + wildfires mortality/morbidity ü ü ~ 
power outages  economic impact ü ü ü 

power outages  socioeconomic impact ü ü ~ 

power outages  mortality/morbidity ü ü ~ 

power outages weather hazards  ü ü ü 

power outages summer season  ü ü ü 

power outages heatwaves  ü ü ~ 

power outages wildfires  ü ü ~ 

power outages heatwaves + wildfires  ü ü ~ 

power outages weather hazards mortality/morbidity ü ü ~ 

power outages summer season mortality/morbidity ~ ~ û 

power outages heatwaves mortality/morbidity ~ ~ û 

power outages wildfires mortality/morbidity ~ ~ û 

power outages heatwaves + wildfires mortality/morbidity ~ û û 
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3. Database and Methods 

Section 3.1 discusses the data used in this research and how the hazard outage database was compiled.  Section 3.2 
discusses the exploratory analysis and regression models used in this paper. 

3.1. Hazard Outage Database 

This study used data compiled from several publicly available and privately-owned weather, outage, and health 
datasets.  There is limited data on multi-hazard events (Raymond et al., 2020).  The 2008-2020 hazard outage 
database (HOD8-20) was built as a patchwork of existing historical datasets based on availability at the start of this 
research.  Multiple data sources were used, often for the same phenomenon, partly to assess widely varying 
frequencies and partly because additional data became available later in the research process.  This section 
summarizes the data sources and the definitions, criteria, and assumptions applied in its compilation. 

Section 3.1.1-3.1.3 covers weather and outage data.  Section 3.1.1 discusses data sources, assumptions, and 
definitions for heatwave, wildfire, and Red Flag Days.  Section 3.1.2 discusses data sources, assumptions, and 
definitions for the 2008-2019 and 2017-2020 outage data.  Section 3.1.3 discusses the nomenclature used in this 
paper for joint and compound hazard days and events.  Section 3.1.4 discusses city selection criteria.  Section 
3.1.5 discusses emergency department visits and hospital admissions data. 

Ambient air temperature, relative humidity, and wind speed data came from the California Irrigation Management 
Information System weather stations.  Heatwave and wildfire event data was compiled from the Storm Events 
database from the National Oceanic and Atmospheric Administration, the Archived National Weather Service 
Watch and Warnings database from Iowa State University’s Iowa Environmental Mesonet, and the California Fire 
Perimeters dataset from the California Department of Forestry and Fire Protection.  The two main outage data 
sources came from the Eaton Blackout Tracker (2008-2019) and PowerOutage.US (2017-2020).  Emergency 
department visits and hospital admissions data came from the California Office of Statewide Health Planning and 
Development’s Emergency Department and Patient Discharge datasets. 

Table 3.1 summarizes the data sources, resolutions, and years available in the HOD8-20.  The final dataset is a 
daily timeseries of hazard and outage days by city.  As a result of the patchwork of data compiled, analyses looking 
at outage events during the warm season use a May-October 2008-2017 timeframe, while analyses looking at 
outage duration use a June-August 2018-2020 timeframe.  

3.1.1. Weather hazard data 

Heatwave days and Red Flag Days were determined using weather station data from the California Irrigation 
Management Information System (CIMIS).  Additional historical heatwave and wildfire event data came from the 
Storm Events database from the National Oceanic and Atmospheric Administration (NOAA), the Archived 
National Weather Service (NWS) Watch/Warnings database from Iowa State University’s Iowa Environmental 
Mesonet, and the California Fire Perimeters dataset from the California Department of Forestry and Fire 
Protection.  Table 3.2 and Table 3.3 summarize the heatwave, wildfire, and Red Flag Day (RFD) data in the 
HOD8-20. 
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Table 3.1: Summary of hazard outage database sources 

 Temporal 
resolution 

Spatial 
resolution 

Years 

20
08

 - 
20

11
 

20
12

 

20
13

 

20
14

 

20
15

 

20
16

 

20
17

 

20
18

 

20
19

 

20
20

 

Weather  
California Irrigation Management Information 
System (CIMIS), California Department of 
Water Resources 

hourly station                   
 

Storm Events Database, National Oceanic and 
Atmospheric Administration (NOAA) event NWS zone                   

 

Archived National Weather Service (NWS) 
Watch/Warnings, Iowa Environmental 
Mesonet, Iowa State University 

event NWS zone          
 

California Fire Perimeters, California State 
Geoportal, California Department of Forestry 
and Fire Protection 

event fire shapefile          
 

Outage  

U.S. Energy Information Administration (EIA) event region/other                    

U.S. Department of Energy (DOE) event region/other                    

Purdue University, Laboratory for Advancing 
Sustainable Critical Infrastructure event state                 

Eaton Blackout Tracker, Eaton Corporation event other                  

PowerOutage.US timestamp city              

Emergency department visits and hospital admissions 
Emergency Department Data (EDD), 
California Office of Statewide Health Planning 
and Development (OSHPD) 

daily ZIP code               
 

Patient Discharge Data (PDD), California 
Office of Statewide Health Planning and 
Development (OSHPD) 

daily ZIP code               
 

 

Heat index, Heatwave, and Red Flag Days by CIMIS weather station 

Historical hourly weather station data from CIMIS weather stations were used to calculate the heat index and 
assess RFD conditions (California Department of Water Resources, 2020).  From 2010-2019, 177 CIMIS weather 
stations were active.  The HOD8-20 omitted inactive stations and stations overlapping a body of water.  The 
nearest neighbor ‘planar’ method using ArcGIS (version 10.5) was used to assign weather station data to each city 
centroid. California geographic data came from the U.S. Census Bureau (U.S. Census Bureau, 2008). 

  



22 

 

Table 3.2: Summary of weather hazard data 

Source 
Temporal 
resolution 

Spatial 
resolution 

Years in 
dataset 

  
Temporal 
resolution 

Spatial 
resolution 

Years in 
joined 

database 
California Irrigation Management 
Information System (CIMIS), California 
Department of Water Resource 
(California Department of Water 
Resources, 2020) 

hourly station 2008-
2020 

® 
hazard 
outage 

database 
(HOD8-20) 

daily city 2008-
2020 

Storm Events Database, National 
Oceanic and Atmospheric 
Administration (NOAA) 
(National Oceanic and Atmospheric 
Administration, 2021) 

event start 
date and time NWS zone 2008-

2020 

Archived National Weather Service 
(NWS) Watch/Warnings, Iowa 
Environmental Mesonet, Iowa State 
University 
(National Weather Service, 2021a) 

event start 
and end date 

and time 
NWS zone 2008-

2020 

California Fire Perimeters, California 
State Geoportal, California Department 
of Forestry and Fire Protection  
(California Department of Forestry and 
Fire Protection, 2021) 

event fire 
shapefiles 

2015-
2020 

 

Table 3.3: Summary of weather hazard estimations 

Source Data Estimated phenomenon 
Phenomenon in hazard outage 

database 

California Irrigation Management 
Information System, California 
Department of Water Resource  

• air temperature (F) 
• wind speed (mph) 
• relative humidity 

• max, min, average heat index 
(F) 

• cooling degree day (F) 
• heatwave day (version 1) 
• Red Flag Day (version 1) 

A hazard day is assigned if either 
hazard day version 1, version 2, or 
version 3 occur on that day 
 
hazard day = lag 0 
hazard event = lag 0 + lag 1 + lag 2 

Storm Events Database, National 
Oceanic and Atmospheric 
Administration 

• excessive heat 
• heat 
• wildfire 

• heatwave day (version 2) 
• wildfire day (version 1) 

Archived National Weather Service 
Watch/Warnings, Iowa Environmental 
Mesonet, Iowa State University 

• excessive heat watch, 
warning 

• heat watch, warning 
• Red Flag watch, warning 

• heatwave day (version 3) 
• Red Flag Day (version 2) 

California Fire Perimeters, California 
State Geoportal, California Department 
of Forestry and Fire Protection 

• wildfire events • wildfire day (version 2) 
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Heat index: The NWS heat index (National Oceanic and Atmospheric Administration, 2020) was calculated as 
follows, with air temperature (T) in degrees Fahrenheit, and relative humidity (RH) as a percentage between 0-
100: 

If the air temperature is <80°F: 

ℎ"#$	&'(") = 0.5	 × [0 + 61.0 + (0 − 68.0) × 1.2 + (9: × 0.094)]	

If air temperature ≥ 80°F: 

ℎ"#$	&'(")	=	
−	42.379	 +	(2.04901523	 × 	0) +	(10.14333127	 × 	9:) −	(0.22475541	 × 	0	 × 	9:)
−	(6.83783	 ×	10!") ×	0# 	−	(5.481717	 ×	10!# ×	9:#) +	(1.22874	 ×	10!" 	× 	0# × 	9:)
+	(8.5282	 ×	10!$ 	× 	0	 ×	9:#) −	(1.99	 ×	10!% 	× 	0# 	× 	9:#)	

Additional adjustments are made for lower and higher relative humidities.  If the relative humidity is less than 13 
percent and the air temperature is between 80-112°F, subtract from the heat index: 

#(@AB$C"'$ = D
13 − 9:

4
E × F

17 − |0 − 95|
17

H
&.(
	

If the relative humidity is greater than 85 percent and the air temperature is between 80-87°F, add to the heat 
index: 

#(@AB$C"'$ = D
9: − 85
10

E × D
87 − 0
5

E	

Heatwave day (version 1): There is no universal definition of what constitutes a heatwave event or an extreme heat 
day.  A common definition is a prolonged period of high temperatures lasting three consecutive days with high 
nighttime temperature (Ostro et al., 2009).  Heatwave cutoffs vary by local geography, leading to different 
temperature metrics in different studies (Kinney, 2018).  Steadman defined a heatwave as the maximum daily 
apparent temperature above the 95th percentile for 1 day, using a May-September 1979-2011 reference period  
(Steadman, 1984; Smith, Zaitchik and Gohlke, 2013).  A study on changing temperatures in southern California 
used a 90°F threshold to define extreme heat days (Tamrazian et al., 2008).  The variation of different climates 
across California require locally varying heatwave definitions.  Following Steadman’s heatwave definition, this 
paper assigns a heatwave day when the heat index exceeds the 95th percentile threshold of each city based on a 
fixed 1982-2007 May-October reference period (CIMIS weather station data collection began in 1982). 

Red Flag Day (version 1): California’s ranging topography results in multiple wind and humidity criteria for Red Flag 
Warnings.  The humidity and temperature criteria in the HOD8-20 are based on the thresholds laid out by the 
Southern California Geographic Coordination Center (Southern California Geographic Coordination Center, 
2021).  For simplicity, HOD8-20 ignores RFD criteria involving wind height, precipitation, and dry lightning.  
Table 3.4 summarizes the RFD criteria used in this dataset. 
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Table 3.4: Red Flag Day criteria 

Region* 
National Weather 

Service fire zone** 
Relative humidity Wind speed 

Southern California desert area, 
excluding the Colorado River Valley 

226-228 
230 
232 

260262 

≤15% ≥35 mph for ≥3 hours 

Colorado River Valley 229 
231 ≤15% ≥20 mph for ≥3 hours 

Antelope Valley and Southeast Kern 
County Deserts 

298 
299 
259 

≤15% ≥25 mph for ≥8 hours 

Southern California from mountains 
westward 

234-258 
288-297 

≤15% ≥35 mph for ≥6 hours 

≤10% for ≥10 hours none 

Northern California East of Cascade/ 
Sierra Crest and Western Great Basin 
including the Modoc Plateau 

214 
270-273 

278 
284-285 

Tahoe 
Management Basin ≤20% ≥30 mph for ≥3 hours 

Remaining ≤15% ≥30 mph for ≥3 hours 

Northern California West of the 
Cascade/Sierra Crest 

201-213 
215-221 
263269 
274-277 
280-282 

6 a.m. - 6 p.m. 29-42% ≥30 mph for ≥8 hours 

6 a.m. - 6 p.m. 60-80% ≥30 mph for ≥8 hours 

6 a.m. - 6 p.m. 19-28% ≥21 mph for ≥8 hours 

6 a.m. - 6 p.m. 46-60% ≥21 mph for ≥8 hours 

6 a.m. - 6 p.m. 9-18% ≥12 mph for ≥8 hours 

6 a.m. - 6 p.m. 31-45% ≥12 mph for ≥8 hours 

6 a.m. - 6 p.m. <9% 6-11 mph for ≥8 hours 

6 a.m. - 6 p.m. <31% 6-11 mph for ≥8 hours 

*This analysis uses top-level Red Flag Day criteria as outlined by the Southern California Geographic Coordination Center.  
Additional, more detailed, Red Flag Day criteria were not included.   
**California National Weather Service fire zones are not equivalent to either California National Weather Service zones or 
California climate zones 

Similar to temperature, RFDs were assigned based on weather data from the CIMIS station nearest to the city 
centroid.  A pertinent question would then be: does meeting RFD criteria on a local, city-wide level reflect the 
city’s public safety power shutoff (PSPS) risk? 

More so than heatwaves and outages, the association between RFDs and outages may result from a broader 
neighboring geography.  For example, a city may be at risk of a PSPS if there are wildfire conditions along its main 
transmission and distribution lines.  Weather conditions matter not only at the location of the city, but also in the 
geography of the city’s energy supply line - its major substations, transformers, and neighboring distribution 
systems.  This poses the following question: at what radius do weather conditions matter for them to influence a 
city’s risk of a PSPS?  The answer will likely be specific to a city’s geographic region, terrain, and infrastructure 
over which their power is delivered.  It is plausible that this distance is higher for some electric service providers 
compared to others, and that the likelihood of PSPSs in more sparsely populated regions will depend on climate 
conditions much further away. 

Given no straightforward method that correlates the distance between wildfire and PSPS risk, this paper assumes 
that weather conditions from the nearest weather station also represents the wildfire risk to a city’s power grid, 
and thus the PSPS risk.  In the future, and with more precise data, another option could be estimating weather 
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conditions for all transmission lines falling within a set buffer around each city.  But for the current dataset used 
in this paper, the climate data along a distribution line would likely be downscaled from the same weather station 
as the one nearest to the city centroid.  The average distance between weather stations and cities in the HOD8-20 
is approximately 20-25 miles, with considerably smaller distances in urban areas. 

Heatwave, wildfire, and Red Flag Days by National Weather Service zones 

Heatwave day (version 2) and wildfire day (version 1): Hazard data by NWS zone for ‘excessive heat’, ‘heat’, and 
‘wildfire’ events were pulled from the NOAA Storm database (National Oceanic and Atmospheric 
Administration, 2021).  Between January 2005-December 2019, 285 heatwave events were reported, with 
impacted individuals experiencing either death or injury on 12 of those days.  Between January 2005-December 
2019, 681 wildfire events were reported, with impacted individuals experiencing either death or injury on 85 of 
those days (National Oceanic and Atmospheric Administration, 2021). 

Heatwave day (version 3) and Red Flag Day (version 2): Archived NWS warnings and watches were available from Iowa 
State University’s Environmental Mesonet (National Weather Service, 2021a).  Phenomena included ‘excessive 
heat’, ‘heat’, and ‘Red Flag’ incidences with a significance level of ‘Watch’ or ‘Warning’.  ‘Dense smoke’ 
advisories were not included.  Cities were assigned to NWS zones based on the spatial proximity of either their 
city centroid or city boundaries (National Weather Service, 2021b).  If a city boundary crossed two or more NWS 
zones, the zone with the greatest spatial overlap was assigned to the city.  Multiple cities could be assigned to the 
same NWS zone, so a wildfire event occurring in a single NWS zone was counted once for each city in that zone. 

Wildfire days by wildfire event perimeters 

Wildfire day (version 2): Cities were assigned to historical wildfire events using a spatial join when city centroids fell 
within wildfire boundaries (California Department of Forestry and Fire Protection, 2021). 

3.1.2. Outage data 

The term ‘outage’ often refers to a grid component’s inability to deliver power, whereas the term ‘interruption’ 
often refers to a failure to deliver power to the consumer.  This paper uses these terms interchangeably.  All 
outages in the HOD8-20 are considered customer interruptions for the end user.  No distinction is made between 
residential, commercial, and industrial customer interruptions.  Table 3.5 and  

Table 3.6 summarizes the outage data included in the HOD8-20. 

2008-2017 outage data 

The Eaton Blackout Tracker was the main outage data source from 2008-2019.  Supplemental data for major outage 
events came from the U.S. Energy Information Administration (EIA), U.S. Department of Energy (DOE), and 
Purdue University’s Laboratory for Advancing Sustainable Critical Infrastructure.  The Eaton Corporation 
discontinued data collection for the Eaton Blackout Tracker in 2018. 
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Table 3.5: Summary of outage data 

Source 
Temporal 
resolution 

Spatial 
resolution 

Years in 
dataset 

  
Temporal 
resolution 

Spatial 
resolution 

Years in 
joined 

database 
U.S. Energy Information 
Administration (EIA), U.S. 
Department of Energy (DOE) 
(U.S. Energy Information 
Administration, 2018a, 2020) 

start and end 
date and 

time/other 
region/other 2008-

2020 

® 
hazard 
outage 

database 
(HOD8-20) 

daily city 2008-
2020 

Purdue University, Laboratory 
for Advancing Sustainable 
Critical Infrastructure 
(Mukherjee, Nateghi and 
Hastak, 2018; Purdue 
University, 2018) 

start and end 
date state 2008-

2016 

Eaton Blackout Tracker, Eaton 
Corporation 
(Eaton Corporation, 2019) 

start date/ 
other 

city/region/ 
other 

2008-
2017 

PowerOutage.US 
(Robinson, 2020b) 

updated 
timestamp city 2017-

2020 

® outage event 
database event city 2017-

2020 

 

Table 3.6: Summary of outage estimations 

Source Data Estimated phenomenon Phenomenon in hazard outage database 

U.S. Energy Information 
Administration • outage event • outage day (version 1) 

2008-2017: 
 
An outage day is assigned if either outage day version 1, 
version 2, version 3, or version 4 occur on that day 
 
outage day = lag 0 
outage event (version 1) = lag 0 + lag 1 

U.S. Department of 
Energy • outage event • outage day (version 2) 

Purdue University, 
Laboratory for Advancing 
Sustainable Critical 
Infrastructure 

• outage event • outage day (version 3) 

Eaton Blackout Tracker, 
Eaton Corporation • outage event • outage day (version 4) 

PowerOutage.US • outage duration 
• customers out 

• outage day (version 5) 
• outage event (version 2) 
• outage customer hours 

2017-2020: 
 
An outage day is assigned if outage day (version 5) 
occurs on that day 
 
outage day = lag 0 
outage event (version 1) = lag 0 + lag 1 
outage event (version 2) (begins when 10 percent or 
more of tracked customers lose power, and ends when 
at least 95 percent of tracked customers regain service)  
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Outage day (versions 1-3): The EIA, DOE, and Purdue outage datasets are similar variants of the North American 
Electric Reliability Corporation (NERC) Disturbance Analysis Working Group (DAWG) dataset (Mukherjee, 
Nateghi and Hastak, 2018; Purdue University, 2018; U.S. Energy Information Administration, 2018a, 2020).  
Several outage studies have used the NERC DAWG outage dataset.  The NERC DAWG database is a product of 
government reporting requirements for larger outages.  The threshold for reporting outages is 300 MW for 
uncontrolled losses lasting more than 15 minutes, 100 MW for load shedding under emergency operations policy, 
or any disruption affecting 50,000 customers for one hour or more (based on Form EIA-417).  NERC is considered 
a well-documented source of large and consequential power outage events in North America (Hines, Apt and 
Talukdar, 2008, 2009). 

Outage day (version 4): The Eaton Blackout Tracker is an annual report of U.S. power outages from 2008-2017, 
compiled and published by the power management company Eaton Corporation (Eaton Corporation, 2019).  
Outages in the dataset were collected based on scraping reportable outage events from utility sites, and news 
services, including newspapers, websites, and personal accounts (Eaton Corporation, 2017, 2018). 

To manage inconsistently populated spatial designations in the outage data, efforts were made to link the outage 
geography to a city based on spatial overlap.  Assumptions were made to standardize spatial resolutions to a city 
level (see Table 3.7 for examples).  Outages listed at a lower than city-level resolution were omitted (e.g., if the 
stated outage location was the Central Valley, it is not assumed that every city in the Central Valley had an outage).  
Approximately 20 percent of the Eaton outage dataset from 2003-2019 had missing city geographies; ultimately, 
efforts to populate and standardize outage locations did not significantly alter the percentage of missing 
geographies.  Similar to the DAWG outage dataset, the Eaton outage dataset most certainly contains inaccuracies 
and non-uniformities.  Eaton outage counts are likely under-reported, and outage counts should be interpreted as 
the lower range of potential outage frequencies. 

From 2008-2017, the EIA/DOE outage dataset recorded the fewest outage counts, while the Eaton outage dataset 
had the majority of outage counts.  California had approximately 340 DOE/EIA outage events from 2000-2019 
and approximately 3,900 Eaton outage events from 2008-2017. 

Table 3.7: Outage spatial resolution reformatting examples 

Original spatial resolution 
of observation 

Change in spatial resolution and unit Example 

city/county no change Los Angeles à Los Angeles County 

communities no change Communities of Hemet and Perris à City of Hemet, City of 
Perris 

surrounding area higher resolution surrounding area à area Surrounding communities of Salinas à City of Salinas 

part of city/city neighborhood lower resolution part of city à city Lundbar Hills à City of Eureka 

point/facility lower resolution point à city/county University of Southern California à City of Los Angeles 

area/greater/region/valley higher resolution area à county San Francisco Bay Area à Alameda, Contra Costa, Marin, Napa, 
San Francisco, San Mateo, Santa Clara, Solano, Sonoma Counties 
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2017-2020 outage data 

Outage data from 2017-2020 was purchased from PowerOutage.US (Robinson, 2020b).  The raw dataset 
included a time stamp, customers tracked, customers out, city location, and the service provider (Robinson, 
2020a).  A customer is considered a single utility meter serving a home or business.  An identifier for each unique 
outage event was not provided. Timestamps were rounded to the nearest hour.  Multiple entries per timestamp 
used the maximum number of customers tracked and customers out.  Data with the same time stamp, same 
number of customers tracked, and same location, but with different service providers were counted as distinct 
outage events.   

Outage duration was inferred from timestamps for the same city, utility, and customers tracked.  If outage entries 
overlapped in the same city, assuming the number of customers tracked could change during the outage event, 
then at least one outage event becomes truncated.  In this case, outage duration would be underestimated.  
Alternatively, assuming the number of customers tracked remains constant per outage event, then the number of 
outage events does not change, but aggregate outage duration increases.  It is fair to assume that overlapping 
entries tracking 5,000 versus 50 customers, in the same city and utility service area, are likely two different outage 
events, albeit in the same city and service area.  However, when the number of customers tracked fluctuates in 
the single digits, inferring start and end times for simultaneously occurring outages becomes more challenging.  
Simultaneous outage entries are more likely in major cities with multiple customer interruptions. 

Outage event (version 1): From 2008-2017, an outage event refers to consecutive outage days.  For example, if an 
outage day increases hospital admissions by a factor of 1.03, and the previous outage day increased hospital 
admissions by a factor of 1.02, then an outage event refers to the cumulative effect of both outage days.   

Outage event (version 2): In the literature, major outage events begin when 10 percent of a utility provider’s 
customer base loses power (Layton, 2004; Stockton, 2014; Melville, 2018).  In their work on infrastructure 
recovery times following disasters, Zorn et. al (2015) used a 90 percent operability threshold following outage 
events (Zorn and Shamseldin, 2015).  In the HOD17-20, an outage event is defined as beginning when 10 percent 
or more of tracked customers lose power and ending when at least 95 percent of tracked customers regain service.  
This definition of outage events (version 2) applies only to outage data from 2017-2020.  All other references to 
outage events pertain to the previous definition of cumulative outage lag days (version 1). 

Customers tracked and customers out were taken as the maximum number of customers per outage event.  For 
example, for an outage lasting from 2 p.m. to 4 p.m., if 50 customers were without power at 2:15 p.m., and if 
25 customers were without power at 3:30 p.m., then the number of customers that lost power during the outage 
event would be considered 50. 

Outage day (version 5): From 2007-2020, an outage day is defined as any day of an outage event.  Outage duration 
(i.e., outage days) may be less than the number of outage days.  For example, an overnight outage from 6 p.m. to 
6 a.m. would count as two consecutive outage days, since an outage occurred on each day.  However, the outage 
event lasted only 12 hours or 0.5 outage days. 

Outage customer hours/days: Outage duration and customers out were determined as follows: 

IA$#J"	KAB$IC"L	ℎIALB = IA$#J"	(AL#$&I'	(ℎIALB) × KAB$IC"LB	IA$	
	

IA$#J"	KAB$IC"L	(#MB = IA$#J"	(AL#$&I'	((#MB) × KAB$IC"LB	IA$	



29 

 

In this exploratory analysis, the lack of a unified comprehensive database of outage events is a major limitation.  
Outside of major outage events, electric service providers are only required to report only aggregate outage 
numbers to regulators each year.  There is limited publicly available outage data, and the majority of outage data 
available is not appropriate in resolution for quantitative analysis.  Outage frequencies are prone to being both 
underestimated or double-counted, depending on the scale of data collection and the resolution of the final 
analysis.  Although the government has taken steps to account for more outage features and outage data availability 
has improved in the last decade, the call for greater access to more localized and high-resolution outage data still 
largely falls short. 

3.1.3. Joint hazard days and hazard events 

In the HOD8-20 a ‘hazard’ refers to outages, heatwaves, wildfires, and RFDs.  ‘Weather hazards’ refer only to 
heatwave, wildfire, or RFDs.  A ‘joint hazard day’ refers to either a joint heatwave outage day or a joint 
wildfire/RFD outage day.  A ‘compound hazard day’ or ‘multi-hazard day’ refers to either multiple weather 
hazard days (e.g., compound heatwave wildfire day) or multiple weather hazard and outage days (e.g., compound 
heatwave wildfire outage day). 

The HOD8-20 defines a ‘hazard day’ if any data source identifies a hazard on that day.  For example, a heatwave 
day occurs in the database if any heatwave day versions 1, 2, or 3 occur.  The HOD8-20 shows when simultaneous 
heatwave, wildfire, Red Flag, or outage days occur.   

The HOD8-20 defines a ‘hazard event’ as the set of continuous hazard days.  For example, the heatwave lag 0 day 
refers to the current heatwave day, the heatwave lag 1 day refers to the previous heatwave day, and the heatwave 
lag 2 day refers to the heatwave day occurring two days prior.  A heatwave event would be the sum of heatwave 
days (heatwave lag 0 + heatwave lag 1 + heatwave lag 2).  The HOD8-20 cannot determine whether hazard events 
were linked or if outage events were caused by hazard events. 

3.1.4. City selection criteria 
To adjust spatial resolution and eliminate geographies with limited observations over time, filtering criteria were 
used to select cities.1  The analysis requires a balanced dataset with a minimum number of observations per city 
per year.  Cities with an uneven distribution of observations (e.g., cities with 25 percent of daily time series for 
multiple years) were eliminated to improve model accuracy and avoid bias towards the majority group (i.e., 
overprediction of non-hazard events).  The HOD8-17 includes cities that meet the city criteria listed in Table 3.8.  
Since city selection criteria skew the database towards larger cities, the HOD8-17 is more likely to include 
heatwave days in urban centers and less likely to include wildfire and RFDs in rural areas.  City observations are 
aggregated by the census FIPS code ‘placefp’ (U.S. Census Bureau, 2008).  City population data came from the 
U.S. Census and American Community Survey (U.S. Census Bureau, 2019b, 2019a). 
  

 

1 The HOD13-20 also includes residential energy demand data from Pacific Gas and Electric, Southern California Edison, San 
Diego Gas and Electric, and Los Angeles Department of Water and Power.  Energy demand data was not used in any analyses in 
this paper.  However, city selection criteria was partly derived to simplify estimates for aggregate city demand (see Table A-1 in 
Appendix B). 
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Table 3.8: City selection criteria (2008-2017) 

Criteria Description 

1 
(a) City boundaries must fall into the California Independent System Operator (CAISO) territory and must be serviced by 
Pacific Gas & Electric (PG&E), Southern California Edison (SCE), or San Diego Gas & Electric (SDG&E); or 
(b) be the city of Los Angeles within the Los Angeles Department of Water and Power (LADWP) service territory 

2 Cities must be serviced by primarily one electric service provider 

3 City ZIP code boundaries must overlap, at minimum, 80 percent with city boundaries by area 

4 City boundaries must overlap, at minimum, 90 percent with ZIP code boundaries by area 

5 City boundaries must overlap, at minimum, 80 percent with a single California climate zone by area 

6 ZIP codes within city boundaries must have at least 100 residential customers 

7 Cities must have at minimum 75 percent daily time series observations for heatwave, wildfire, Red Flag, and outage days, from 
May-Oct 2008-2017 

8 
Cities that meet the following criteria are eliminated: 
(a) city centroids fall within a 5 mile buffer of the California border; or 
(b) city boundaries fall within a 1 mile buffer of the California border 

3.1.5. Emergency department and hospital admissions data 

Heatwave and outage-related pathologies are the primary focus of this research.  Heatwaves exacerbate a wide 
range of preexisting illnesses.  In turn, outages during a heatwave can exacerbate heat-related diagnoses.   

Daily emergency department (ED) and hospital admission counts came from the Emergency Department (EDD) 
and Patient Discharge (PDD) datasets.  These datasets were obtained from California's Office of Statewide Health 
Planning and Development (OSHPD) and the California Department of Public Health (CDPH) (Office of 
Statewide Health Planning and Development, 2020b, 2020a).  

Daily ED and hospitalization counts were computed as three-day averages to account for perceived reporting lags 
in the raw data (e.g., ten patients were admitted to the hospital on Saturday, Sunday, and Monday, but all 30 
patients were reported as being admitted on Monday).  Table 3.9 summarizes the ED and hospitalization data in 
the HOD8-19. 

Table 3.9: Summary of emergency department visits and hospital admissions data 

Source 
Temporal 
resolution 

Spatial 
resolution 

Years in 
dataset 

  
Temporal 
resolution 

Spatial 
resolution 

Years in 
joined 

database 
Emergency Department Data 
(EDD), California Office of 
Statewide Health Planning and 
Development (OSHPD) 
(Office of Statewide Health 
Planning and Development, 
2020a)   

daily 
incident 

ZIP code 
(patient) 2008-2019 

® 
hazard 
outage 

database 
(HOD8-20) 

daily 

city 
(aggregate 

patient 
counts) 

2008-2019 Patient Discharge Data (PDD), 
California Office of Statewide 
Health Planning and 
Development (OSHPD) 
(Office of Statewide Health 
Planning and Development, 
2020b) 

daily 
incident 

ZIP code 
(patient) 2008-2019 
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ICD-9 to ICD-10 crosswalk 

The EDD and PDD record patient counts of California medical facilities.  The EDD and PDD classify counts based 
on the International Statistical Classification of Diseases and Related Health Problems Clinical Modification in the 
U.S., 9th and 10th revision (ICD-9-CM and ICD-10-CM).  The EDD and PDD datasets are not mutually exclusive.  
PDD includes EDD patients subsequently admitted. 

From 2008-2015Q3, the PDD and EDD ‘principal’ and ‘other diagnosis’ codes were classified using ICD-9.  In 
October 2015, the U.S. health care system’s diagnosis coding scheme changed from ICD-9 to ICD-10 (National 
Center for Health Statistics, 2021a).  From 2015Q1 onward, the PDD and EDD are classified using ICD-10 
(Office of Statewide Health Planning and Development, 2019a, 2019b).  In the transition year between ICD-9 
and ICD-10, some medical facilities reported ED and hospitalization counts using ICD-9, while other facilities 
reported patient counts using ICD-10. 

ICD-9 patient diagnoses were converted to ICD-10 using forward mapping as outlined by the Centers for Disease 
Control and Prevention (CDC) Diagnosis Code Set General Equivalence Mapping (Centers for Medicare and 
Medicaid Services, 2009).  Based on the forward mapping options available, ICD-9 codes were sorted in ascending 
order.  ‘Flag 1000’ codes (i.e., 1:1 translation with more than one target code) were converted using the first 
source and target code option listed (Centers for Disease Control and Prevention, 2016).  For ICD-9 codes with 
multiple ICD-10 combination codes, codes were converted using scenario 1 for the first source and target code 
option listed.  Codes with no mapping (i.e., no corresponding codes) were dropped from the dataset. 

ICD-10 has nearly five times more codes than ICD-9 (National Center for Health Statistics, 2021a).  The number 
of converted codes per patient could translate into more or less than the original number of diagnoses.  For 
example, a patient listed with one primary diagnosis and three additional diagnoses had four ICD-9 diagnoses.  
Since a single ICD-9 code could translate into a combination of ICD-10 codes, the patient’s ICD-10 equivalence 
could surpass four diagnoses.  However, each ICD-10 code is counted once per patient, so duplicate ICD-9 
conversions to the same ICD-10 diagnosis would be dropped.  In this case, a patient’s ICD-10 equivalence could 
be fewer than four diagnoses. 

The CDC explained that while some classification conversions between ICD-9 and 10 were straightforward, other 
codes were arranged along a different classification axis (Centers for Disease Control and Prevention, 2016).  As 
a result, the crosswalk offers only options of translated diagnoses rather than ensuring a straightforward 
equivalence.  The application of the ICD-9 to ICD-10 crosswalk has been criticized, and the validity of various 
equivalency mappings is currently being studied (Columbo et al., 2018; Slavova et al., 2018; Sebastião et al., 2021).  
The validity of the crosswalk depends on its application to different disease phenomena. 

ICD-10 code selection 

Heat-related mortality and morbidity studies have noted that using only the primary diagnosis underestimates the 
rate ratios for heat-related illnesses (Kilbourne, 1996; Semenza et al., 1999).  Knowlton et. al (2009) argued that 
combining primary and secondary codes would lead to more consistency.  This analysis uses the first ten codes 
listed in the EDD and PDD records - the primary diagnosis code and first nine secondary diagnosis codes. 
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Table 3.10 shows the full list of ICD-10 codes analyzed in this paper.2  Relevant hazards are listed next to each 
ICD-10 code group.  Heat and outage-related ICD-10 codes used in this paper were based on current ICD-10 
categories and ICD-9 codes used in previous heat-related literature, notably the studies by Dominianni et al. 
(2018), Hopp et al. (2018), and Knowlton et al. (2009). 

The two main heat-related diagnosis codes are ‘heat and light’ (T67) and ‘heat illness’ (X30).  ‘Heat and light’ 
(T67) describes the effects of heatstroke, sunstroke, heat syncope, heat cramps, and heat exhaustion.  ‘Heat illness’ 
(X30) describes the exposure to excessive natural heat.  Heat-related health outcomes are grouped into categories 
consistent with previous heat-related literature, including ‘diabetes’ (E08-E13), ‘volume depletion’ (E86), ‘fluid, 
electrolyte, and acid-base balance’ (E87), ‘cardiovascular disease’ (I10-I79), ‘kidney disease’ (N17-N19), ‘injuries 
all’ (S00-S99, T08, T14), and ‘external causes’ (V00-Y98) (Centers for Medicare and Medicaid Services, 2009). 

Specific outage-related health outcomes may include medication and vaccine spoilage, beach contamination from 
untreated sewage, carbon monoxide poisoning, medical device issues (to do with oxygen, dialysis, or respiratory 
treatments, etc.), electrocution, food spoilage, and water safety (Beatty et al., 2006; Klinger, Landeg and Murray, 
2014; Dominianni et al., 2018).  Common foodborne illnesses are discussed in A00-A05 under ‘intestinal 
infectious diseases’.  ‘Electrocution1’ (T75.4) describes a shock from electric current, while ‘electrocution2’ 
(W85) describes the circumstances causing exposure to electric current.  ‘Carbon monoxide’ (T58) describes the 
toxic effects of carbon monoxide poisoning.  ‘Enabling machines and devices’ (Z99.12) describes the dependence 
on respiratory assisting devices or continuous airway pressure ventilation during a power failure, while 
‘complications of respirator’ (J95.85) describes mechanical complications of the respirator or ventilator (Centers 
for Medicare and Medicaid Services, 2009).  Codes Z99.12 and J95.85 are mutually exclusive. 

ICD-10 Z55-65 codes describe social determinants that influence health.  In this category, ‘occupational hazard’ 
(Z57) is an external factor described as occupational exposure to risk factors, including dust, other air 
contaminants, and other risk factors.  For example, Z57.6 describes occupational exposure to extreme 
temperatures.  ‘Socioeconomic housing’ (Z59) covers external factors that pose health hazards related to 
socioeconomic and psychosocial circumstances, including problems related to housing and economic 
circumstances.  This includes homelessness (Z59.0), inadequate housing (Z59.1), food insecurity (Z59.41), 
extreme poverty (Z59.5), poverty (Z59.6), insufficient social insurance and welfare support (Z59.7), and housing 
instability with risk of homelessness (Z59.811) (Centers for Medicare and Medicaid Services, 2009). 

  

 

2 ICD codes not included in this paper but merit further consideration in future research include: T62.8-62.9, T30-31, and X01.1.  T62.8-T62.9 
describes the ‘toxic effects of unspecified substances eaten as food’. T62 is applied for foodborne illnesses but is grouped with the toxic effects of 
drugs and substances (e.g., accidental or intentional ingestion of mushrooms).  This paper did not specifically focus on wildfire-related health 
outcomes, but future research should include T30 (burn and corrosion), T31 (burns classified according to extent of body surface involved), 
X01.1 (exposure to smoke in uncontrolled fire, not in building or structure) (Johnson, 2016; National Center for Health Statistics, 2021a). 
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Table 3.10: ICD diagnostic code groups in analysis 

Hazard* Group name 
ICD-10 
codes 

ICD-10 category description** 

H, O Intestinal infectious diseases A00/A09 Intestinal infectious diseases 

H, O Bacterial foodborne intoxication A05 Intestinal infectious diseases - Other bacterial foodborne intoxications, NEC 

H Other bacterial diseases A30/A49 Other bacterial diseases 

H Streptococcal sepsis A40/A41 Other bacterial diseases - Streptococcal sepsis and other sepsis 

H Diabetes mellitus E08/E13 Diabetes mellitus 

H, W Volume depletion E86 Metabolic disorders - Volume depletion 

H, W Fluid, electrolyte, and acid-base 
balance 

E87 Metabolic disorders - Other disorders of fluid, electrolyte, and acid-base 
balance 

H Cerebral ischemic attacks G45 Episodic and paroxysmal disorders - Transient cerebral ischemic attacks and 
related syndromes 

H Cardiovascular disease I10/I79 Diseases of the circulatory system - Cardiovascular disease 

H Acute rheumatic fever I00/I02 Diseases of the circulatory system - Acute rheumatic fever 

H Chronic rheumatic heart disease I05/I09 Diseases of the circulatory system - Chronic rheumatic heart diseases 

H Hypertensive disease I10/I16 Diseases of the circulatory system - Hypertensive diseases 

H Ischemic heart disease I20/I25 Diseases of the circulatory system - Ischemic heart diseases 

H Other forms of heart disease I30/I52 Diseases of the circulatory system - Other forms of heart disease 

H Heart failure I50 Diseases of the circulatory system - Other forms of heart disease, heart 
failure 

H Cerebrovascular disease I60/I69 Diseases of the circulatory system - Cerebrovascular diseases 

H Other disorders of circulatory system I95/I99 Diseases of the circulatory system - Other and unspecified disorders of the 
circulatory system 

O Complication of respirator J95.85 Diseases of the respiratory system - Complication of respirator (ventilator) 

H Renal tubulo-interstitial diseases N10/N16 Diseases of the genitourinary system - Renal tubulo-interstitial diseases 

H Kidney disease N17/N19 Diseases of the genitourinary system - Acute kidney failure and chronic 
kidney disease 

H Acute kidney failure N17 Diseases of the genitourinary system - Acute kidney failure and chronic 
kidney disease, acute kidney failure 

H Other disorders of kidney and ureter N25/N29 Diseases of the genitourinary system - Other disorders of kidney and ureter 

H Other diseases of urinary system N30/N39 Diseases of the genitourinary system - Other diseases of the urinary system 

H Cystitis N30 Diseases of the genitourinary system - Other diseases of the urinary system, 
Cystitis 

H Abnormalities of heart beat R00 Symptoms, signs and abnormal clinical and laboratory findings, NEC - 
Symptoms and signs involving the circulatory and respiratory systems, 
abnormalities of heart beat 

H Specified substances in blood R78.81 Symptoms, signs and abnormal clinical and laboratory findings, NEC - 
Finding of other specified substances, not normally found in blood, 
bacteremia 

H, W, O Injuries all S00/S99, 
T07, T14 

Injury 

H, W, O Injuries head S00/S09 Injuries to the head 

H, W, O Injuries neck S10/S19 Injuries to the neck 

H, W, O Injuries body T07 Injuries involving multiple body regions 

O Carbon monoxide T58 Toxic effects of substances chiefly nonmedicinal as to source - Toxic effect 
of carbon monoxide 

H Heat and light T67 Other and unspecified effects of external causes - Effects of heat and light 
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(continued)   

Hazard Group name 
ICD-10 
codes 

ICD-10 category description 

O Electrocution1 T75.4 Other and unspecified effects of external causes - Electrocution 

O Medical devices T82 Complications of surgical and medical care, NEC - Complications of 
cardiac and vascular prosthetic devices, implants, and grafts 

H, W, O External causes V00/Y98 External causes of morbidity and mortality 

H, W, O Accidents V00/X58 External causes of morbidity - Accidents 

H, W, O Accidents transportation V00/V99 External causes of morbidity - Transport accidents 

H, W, O Accidents falls W00/W19 External causes of morbidity - Slipping, tripping, stumbling, and falls 

O Electrocution2 W85/W99 External causes of morbidity - Exposure to electric current, radiation and 
extreme ambient air temperature and pressure 

H, W Heat illness X30 External causes of morbidity - Exposure to forces of nature, exposure to 
excessive natural heat 

H, W, O Occupational hazard Z57 Factors influencing health status and contact with health services - Persons 
with potential health hazards related to socioeconomic and psychosocial 
circumstances, occupational exposure to risk factors 

H, W, O Socioeconomic housing Z59 Factors influencing health status and contact with health services - Persons 
with potential health hazards related to socioeconomic and psychosocial 
circumstances, problems related to housing and economic circumstances 

H, W, O Socioeconomic hazard Z77 Factors influencing health status and contact with health services - Persons 
with potential health hazards related to family and personal history and 
certain conditions influencing health status, other contact with and 
(suspected) exposures hazardous to health 

O Enabling machines and devices Z99 Factors influencing health status and contact with health services - Persons 
with potential health hazards related to family and personal history and 
certain conditions influencing health status, dependence on enabling 
machines and devices, NEC 

*H=heatwave, W=wildfire, O=outage.  Relevant heatwave, wildfire, and outage-related diagnoses are assigned by the author based on the 
literature review. 
**ICD-10 categories and descriptions are from the Centers for Medicare and Medicaid Services (2021) and Stata 17 ICD-10-CM diagnosis codes 
(2021) 

 

Patient identifiers 

Patient location was attributed to the city of the emergency department or hospital facility, independent of the 
patient’s actual residence.  For example, if a Malibu wildfire caused residents to visit a Santa Monica hospital, 
patient injuries would count in Santa Monica.  This can be misleading if an increase in injuries was not attributed 
to the location of the hazard event.  However, this may be of less concern if excess patient counts resulted from 
simultaneous hazard events in adjacent cities. 

Patients were divided into four age brackets: 0-4, 5-34, 35-64, and 65+ (Office of Statewide Health Planning and 
Development, 2019a, 2019b).  Previous studies have found that persons older than 65 made up the majority of 
excess emergency department visits and deaths during a heatwave (Ellis, Nelson and Pincus, 1975; Semenza et al., 
1999).  The 0-4 and 65+ age brackets have been used in previous heatwave studies analyzing younger and elderly 
populations (Knowlton et al., 2009; Kenney, Craighead and Alexander, 2014; Xu et al., 2014; Perčič et al., 2015). 

Patients were divided into six race/ethnicity groups: ‘White’, ‘Black’, ‘Hispanic’, ‘Asian’, ‘Native American’, 
and ‘Other’.  The ‘Native American’ group included patients categorized as ‘American Indian’, ‘Alaska Native’, 
‘Eskimo’, and ‘Aluet’.  The ‘Asian’ group included patients categorized as ‘Native Hawaiian’ and ‘Other Pacific 
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Islanders’.  The ‘Other’ race/ethnicity group included patients categorized as ‘Unknown’, ‘Other’, ‘Other race’, 
and ‘Multiracial’ (Office of Statewide Health Planning and Development, 2019a, 2019b). 

3.2. Methods: Exploratory Trend and Regression Analysis   

Health outcomes correlated with heatwave, wildfire, and outage incidences are the premise of this research. 
Analysis of the HOD8-20 can help identify and quantify these associations.  Two types of analyses are conducted 
in this paper. 

The first is a preliminary trend analysis exploring associations among hazards and outcomes.  The trend analysis is 
part of the broader research field analyzing outage frequency, resilience, and outage costs during extreme weather 
events.   

The second is a regression analysis estimating outage likelihood and heat and outage-related risks.  The regression 
analysis controls for confounding variables and quantifies the association among hazards and outcomes.  Table 3.11 
summarizes the regression analyses in this paper, including the association between factors of interest and the 
objective of each model. 

3.2.1. Regression models 

The hazard and outage data in the HOD8-17 are dichotomous variables, i.e., it is either a heatwave day or not a 
heatwave day.  The outage data in the HOD17-20 are continuous response variables, i.e., outage duration and 
customers without power.  Typically, logit regression models are used to estimate binary response variables, while 
Poisson regression models are used to estimate count response variables.  In subsequent chapters, a logit model is 
used to estimate the probability of an outage day and a standard linear regression model is used to estimate outage 
duration, on a set of explanatory variables, i.e., heatwave and RFDs; a Poisson model is used to estimate ED and 
hospitalization rates on a set of explanatory variables, i.e., outage and wildfire days. 

Poisson regression model 

The majority of days in most cities are non-hazard and non-outage days.  A few cities have a much higher number 
of ED and hospitalization counts compared to the average city.  This distribution of fewer occurrences with higher 
counts is characteristic of overdispersion.  Overdispersion is also likely because the unconditional mean of ED and 
hospitalization counts is less than the unconditional variance.  The Poisson model assumes that the conditional 
mean equals the conditional variance of the response variable.  In the case of overdispersion, when the conditional 
mean is less than the conditional variance, the standard errors are biased downward, leading to inflated z-values 
(Allison, 2009; Allison and Waterman, 2016).   

Different approaches can be used to solve overdispersion.  A common approach is using the negative binomial 
(NB) model, whose distribution gives more weight to smaller counts (Hausman, Hall and Griliches, 1984; 
McCullagh and Nelder, 1989). Coefficient estimates between the Poisson and NB models tend to differ, and the 
NB model is preferable for real (conditional mean and variance are not equal) versus apparent (unconditional mean 
and variance are not equal) overdispersion. 
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Table 3.11: Summary of regression models 

 Association between factors Objective Regression model 
Analysis 

timeframe 

Chapter 4 
Research question 1: What spatial and temporal trends characterize historical heatwave power outage events in California? 

4.5.1 outage day, heat index, hazard day • What is the likelihood of joint heatwave outage events? 
o How do high temperature days change outage 

likelihood? 
o How do heatwave days change outage likelihood? 

logit fixed effects 2008-2017 
(May-Oct) 

4.5.2 outage duration, heat index, hazard day • How do joint heatwave outage events change outage 
duration? 
o How do high temperature days change outage 

duration? 
o How do heatwave days change outage duration? 

log-level fixed effects 2018-2020 
(June-Aug) 

Chapter 5 
Research question 2: What is the relative risk of emergency department visits and hospital admissions during joint heatwave power outage events in California? 

5.2 outage day, hazard day, emergency 
department visits 
 
outage day, hazard day, hospital admissions 

• What is the relative risk of emergency department visits 
from joint hazard outage events? 

• What is the relative risk of hospital admissions from 
joint hazard outage events? 

Poisson fixed effects 2008-Sept 2017 
(May-Oct) 

5.3 outage duration, hazard day, emergency 
department visits 
 
outage duration, hazard day, hospital 
admissions 

• How does outage duration change the relative risk of 
emergency department visits? 

• How does outage duration change the relative risk of 
hospital admissions? 

Poisson fixed effects 2018-2019 
(June-Aug) 

5.4 outage day, hazard day, emergency 
department visits, race/ethnicity groups 
 
outage day, hazard day, hospital 
admissions, race/ethnicity groups 

• What is the relative risk of emergency department visits 
from joint hazard outage events by race/ethnicity 
group? 

• What is the relative risk of hospital admissions from 
joint hazard outage events by race/ethnicity group? 

Poisson fixed effects 2008-Sept 2017 
(May-Oct) 

5.5 outage day, hazard day, emergency 
department visits, age groups 
 
outage day, hazard day, hospital 
admissions, age groups 

• What is the relative risk of emergency department visits 
from joint hazard outage events by age group? 

• What is the relative risk of hospital admissions from 
joint hazard outage events by age group? 

Poisson fixed effects 2008-Sept 2017 
(May-Oct) 

5.6 outage day, hazard day, emergency 
department visits, ICD groups 
 
outage day, hazard day, hospital 
admissions, ICD groups 

• What is the relative risk of emergency department visits 
from joint hazard outage events by ICD group? 

• What is the relative risk of hospital admissions from 
joint hazard outage events by ICD group? 

Poisson fixed effects 2008-Sept 2017 
(May-Oct) 

 

Poisson fixed effects regression model 

A fixed effects (FE) regression model controls for both time-invariant unobservables across cities (e.g., pro-solar 
attitudes in San Diego), and city-invariant unobservables over time (e.g., new green building codes or PSPS policy 
changes across California).  The identifying assumption in a FE model is that unobservables are time-invariant, 
e.g., the attitude about heatwaves in the city of Fresno does not change over time.  This means that any 
unobservable change within a city over time cannot be correlated to outcomes, e.g., a change in LADWP 
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management is uncorrelated to customer interruptions in Los Angeles.  A FE model controls for characteristic 
differences between cities and reduces the threat of omitted variable bias (Wooldridge, 2010). 

The only robust regression model for a panel dataset using count data is a Poisson FE model with robust standard 
errors (Wooldridge, 1999, 2010; Colin et al., 2013).  Although the Poisson FE estimator is not efficient due to 
the incorrectly specified distribution, it is consistent and robust (Wooldridge, 2010). 

In comparison, applying a NB FE model has additional challenges (Allison and Waterman, 2002; Greene, 2005; 
Guimarães, 2008; Blackburn, 2015).  First, the NB FE model is not a “true” FE model because it fails to control 
for time-invariant, intercity variation (Allison and Waterman, 2002, 2016).  Second, the NB FE model often fails 
to converge (Allison and Waterman, 2002, 2016).  Applying indicator variables for each city can address this issue.  
However, multiple authors have mentioned the high computational strain of this approach (Allison and Waterman, 
2002; Allison, 2012a) . This method also leads to possible incidental parameter bias, where unreliable estimates 
never converge to the true value (Allison and Waterman, 2002). 

Overall, given the challenges and computational requirements of the NB FE model, this paper utilizes a Poisson 
FE model with cluster robust standard errors to account for overdispersion and autocorrelation.  The primary 
objective of the regression models used in this paper are to estimate patterns in outage likelihood and risk across 
California, rather than forecasting specific values for each city.  For that reason, the Poisson FE estimator is a more 
robust model choice and an appropriate starting model for an exploratory analysis (Wooldridge, 1999, 2010; 
Colin et al., 2013; Blackburn, 2015).3 

3.2.2. Model specification and functional form 

The three main regression models used in this paper are the logit [Equation 1], log-level [Equation 2], and Poisson 
fixed effects [Equation 3] model.  The initial model specification and functional form are based on the regression 
model proposed by Dominianni et al. (2018) as applied in their study on the health impacts of New York power 
outages.  

 

3 Future research may consider additional equi-dispersion models, including the ppml “gravity” or quasi-Poisson fixed effects (FE) model (which 
gives more weight to higher counts).  Alternatively, whereas the FE model focuses on within city variation, a random effects (RE) model can 
increase precision by allowing for across city variation while still controlling for time-invariant unobservables.  This could lead to omitted variable 
bias (e.g., using variation from both Los Angeles and San Diego when only one city changes its local zoning ordinance) and is arguably inferior to 
FE.  However, it should be noted that the RE models can still control for California climate zones, National Weather Service fire zones, and 
population.  In this case, using a negative binomial (NB) RE model avoids the issue of incidental parameter bias (Allison, 2005, 2012a). 

The zero-inflated Poisson (ZIP) model was also considered.  The ZIP model is appropriate when the dependent variable can be divided into two 
groups: one group that follows the standard Poisson distribution, and a second group with excess zeros (Allison, 2012b).  A ZIP model would be 
appropriate if there were two distinct city groups: one group of cities that never experience outage and hazard days, and a second group of cities 
whose hazard and outage rates are constant.  The ZIP FE model has convergence challenges similar to those of the NB FE model. 
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The logit model estimates the odds of an outage day (O) based on heatwave days or the heat index (H), and 
wildfire/RFDs (R). 

logit fixed effects regression model: 

NIJ OI((BPQR)* = 1|)S)*TU 	=VW+,:X)(*!,)

#

,/&
+VW#09R)(*!0)

#
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[Equation 1] 

The log-level model estimates the percent change in outage customer hours (C) based on heatwave (H) and 
wildfire/RFDs (R). 

log-level fixed effects regression model: 
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[Equation 2] 

The Poisson model estimates the relative risk of ED visits and hospitalizations based on outage (O), heatwave (H), 
and wildfire/RFDs (R). 

Poisson fixed effects regression model: 
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[Equation 3] 

where ~ represents demeaned variables (e.g., !"!" = !!" − !%!) 
C = outage customer-hours  

H = dichotomous heatwave indicator (95th percentile), or 
average apparent temperature (heat index) (°F) 

i = city 

j k q = lag day 

O  =  dichotomous outage indicator 

R = dichotomous wildfire and Red Flag Day indicator 

t  = daily date 

Y = outcome of interest (e.g., hospital admission counts, heart disease counts) 

Z = additional covariates including climate zone, population, year, holiday, and weekend 

A baseline linear regression model is run for each analysis.  Subsequent versions of each model include additional 
covariates, lag variables, and interaction terms. 

One set of models controlled for the heat index, and a subsequent version controlled for heatwave days, to avoid 
multicollinearity between heat-related variables.  Lag variables for outage, heatwave, and wildfire/RFDs account 
for multi-day hazard events.  Heat-related health outcomes for a given day depend on the current heatwave day 
and heat sustained from previous heatwave days (Braga, Zanobetti and Schwartz, 2002; Medina-Ramón and 
Schwartz, 2007).  The inclusion of lag heatwave days is based on the exposure-response function between 
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temperature and health.  The model also included lag outage, wildfire, and RFDs, but no such exposure-response 
function is available for these hazards.  The inclusion of lag hazard days and interaction terms between hazards 
result in lower Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) scores, indicating a 
better model fit. 

Regression coefficients estimate the association between hazard days and outcomes (e.g., hospitalization counts 
on heatwave days (lag 1, lag 2, or lag 3)), while pooled coefficients estimate the association between hazard events 
and outcomes (e.g., hospitalization counts during heatwave events (lag 1 + lag 2 + lag 3)).  Statistical significance 
can only be determined for hazard day coefficients (e.g., heatwave lag 0, heatwave lag 1, or heatwave lag 2).  
Statistical significance cannot be inferred for pooled coefficients of hazard events e.g., heatwave lag 0 + heatwave 
lag 1 + heatwave lag 2) or joint hazard events (e.g., heatwave lag 0 + heatwave lag 1 + heatwave lag 2 + outage 
lag 0 + outage lag 1).  Pooled estimates assume hazard days and hazard lag days are independent. 

Model covariates include day of week, holidays, and climate zones.  Air pollution is a potential confounder that 
could impact cardiovascular and respiratory counts.   Previous epidemiological studies for California have 
produced conflicting results regarding air pollution’s effect on heat-related mortality (Basu, Feng and Ostro, 2008; 
Green et al., 2010).  Basu et al. (2008) found that associations between temperature and mortality in California 
were independent of air pollution (Basu, Feng and Ostro, 2008).  In this paper, city fixed effects control for time-
invariant differences in air quality among cities. 

The regression analysis allows us to quantify outage likelihood and health-related outcomes of outage and hazard 
events.  The next two chapters explore outage and hazard trends and associations in the HOD8-20.  
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4. Spatial and Temporal Trends of Historical Joint Hazard Outage Events 

The data and methods described in Chapter 3 enable analysis to characterize historical hazard and outage trends.  
Baseline outage parameters for joint heatwave outage days and joint wildfire/Red Flag Days can be valuable inputs 
for decision-making support tools and risk analysis.  Chapter 4 explores historical heatwave outage trends in 
California to better understand the characteristics and factors driving outage outcomes. 

4.1. Research Objective 

Chapter 4 focuses on this paper’s first main research question: 

Research Question 1: What spatial and temporal trends characterize historical joint heatwave power outage 
events in California? 

RQ 1.1:   What is the likelihood of joint heatwave power outage events? 
RQ 1.2:   How do joint heatwave outage events impact outage duration and customers out? 

To answer these questions, this chapter applies statistical regression analysis to explore trend-related hypotheses 
from historical joint hazard outage events.  What can be inferred from historical trends about the frequency of 
such incidences?  The following plausible trend-related hypotheses are also proposed: 

1. The number of summer outage and joint heatwave outage days have been increasing over the past decade. 
2. Outages occur more frequently on heatwave versus non-heatwave summer days.  
3. California climate zones with more frequent heatwave days concurrently have a greater number of joint 

heatwave outage days. 

Section 4.2 explores hazard and outage temporal trends.  Section 4.3 explores joint hazard outage trends.  Section 
4.4 explores hazard and outage spatial trends.  Section 4.5 estimates outage likelihood and outage duration based 
on the heat index and heatwave days. 

4.2. Hazard and Outage Frequency - Temporal Trends 

This section explores the following trend-related hypothesis: 

The number of summer outage and joint heatwave outage days have been increasing over the past decade. 

Section 4.2.1 examines hazard frequency from January 2008-October 2020.  The following questions are 
explored: How has heatwave and wildfire frequency changed over time in the last decade?  How does heatwave 
and wildfire frequency change by year?  How does heatwave and wildfire frequency change by month?   

Section 4.2.2 examines outage frequency from January 2008-October 2017.  The following questions are 
explored: How has outage frequency changed over time in the last decade?  How does outage frequency change 
by year?  How does outage frequency change by month?  Are there more outages during the summer months?   

Section 4.2.3 examines outage frequency and duration from October 2017-October 2020.  The following 
questions are explored: How does outage frequency and duration change by year?  How does outage frequency 
and duration change by month?  Are outages longer during the summer months?  
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4.2.1. Hazard frequency (Jan 2008-Oct 2020) 

Heatwave, wildfire, Red Flag Days (RFD), and compound hazard trends are explored by year and month. 

How has heatwave and wildfire frequency changed over time in the last decade?  How does heatwave and wildfire frequency 
change by year?  From January 2008-October 2020, across 322 California cities, the HOD8-20 lists more than 
200,000 heatwave days (95th percentile) and 13,000 wildfire days.  For the average city, this is the equivalent of 
13.7 heatwave days, 0.8 wildfire days, 12.2 RFDs, 0.1 compound heatwave wildfire days, and 1.1 compound 
heatwave RFDs per year. 

Figure 4.1 plots the average number of heatwave, wildfire, and RFDs from 2008-2020.  Figure 4.2 plots the 
average number of compound heatwave wildfire days, and compound heatwave RFDs from 2008-2020.  As shown 
in Figure 4.1, heatwave, wildfire, and RFDs followed a similar pattern from 2008-2019 (note: 2020 data 
collection concluded prior to the end of wildfire season).  Figure 4.2 shows a general upward trajectory in 
compound heatwave wildfire days and compound heatwave RFDs over the last decade. 

In 2008, cities had an average of 10.3 heatwave days, and the average heat index was 58°F.  By 2020, cities had 
an average of 21.2 heatwave days, and the average heat index was 62°F.  From 2008-2014, cities averaged 10.4 
heatwave days per year.  Later in the decade, from 2015-2020, cities averaged 17.4 heatwave days per year.  Most 
years, cities saw a greater number of heatwave days than RFDs, and 10 times more RFDs than wildfire days.  
Consequently, the average number of compound heatwave wildfire days grew from 0.06 days per year from 2008-
2014, to 0.15 days per year from 2015-2020, peaking at 0.3 compound heatwave wildfire days in 2017.  Similarly, 
the average number of compound heatwave RFDs grew from 0.95 days per year from 2008-2014, to 1.48 days 
per year from 2015-2020.  Table 4.1 summarizes the total hazard counts per year, and Table 4.2 summarizes the 
average hazard frequencies per year. 

How does heatwave and wildfire frequency change by month?  Figure 4.3 plots the average number of heatwave, wildfire, 
and RFDs per month.  More heatwave, wildfire, and RFDs occurred in the summer (May-October) versus non-
summer months (November-April).  From May-October, cities had an average of 2.2 heatwave, 0.11 wildfire, 
and 1.57 RFDs per year.  While from November-April, cities had an average of 0.04 heatwave, 0.02 wildfire, and 
0.51 RFDs per year.  The number of heatwaves peaked at 4.7 days in July, followed by a peak of 0.17 wildfire 
days in August, and 3.0 RFDs in October.  Correspondingly, July and August had the greatest number of 
compound heatwave wildfire days and compound heatwave RFDs.  Table 4.3 summarizes average hazard 
frequencies per month. 
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Figure 4.1: Average heatwave, wildfire, and RFDs by year (Jan 2008-Oct 2020) 

Figure notes: Values labeled are the average number of heatwave days per year.  E.g., in 2020, California cities averaged 21.2 heatwave days, 0.56 
wildfire days, and 19.8 Red Flag Days. 

 

Figure 4.2: Average compound heatwave wildfire/RFDs by year (Jan 2008-Oct 2020) 

Figure notes: E.g., in 2020, California cities averaged 3.5 compound heatwave Red Flag Days, and 0.12 compound heatwave wildfire days. 
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Table 4.1: Total hazard days by year (Jan 2008-Oct 2020) 

Table notes: E.g., in 2020, the hazard outage database listed a total of 29,073 heatwave days, 774 wildfire days, 27,207 Red Flag Days, 160 
compound heatwave wildfire days, and 4,814 compound heatwave Red Flag Days, spread across 322 California cities.  In 2020, the average heat 
index for California cities was 62.3°F. 
 

Year 
Average heat 

index (F) 
Total heatwave days  

(95th percentile)* 
Total 

wildfire days 
Total Red 
Flag Days 

Total heatwave 
wildfire days 

Total heatwave 
Red Flag Days 

2008 57.8 14,197 1,372 21,818 77 1,989 

2009 57.8 14,417 778 12,174 72 822 

2010 57.4 13,166 444 5,025 49 613 

2011 56.3 8,041 311 7,012 12 93 

2012 58.1 13,704 748 15,959 60 769 

2013 57.6 18,069 1,440 19,090 124 1,867 

2014 60.8 18,430 1,034 22,857 142 2,038 

2015 60.2 25,201 971 7,315 98 1,110 

2016 59.5 16,096 1,001 13,797 195 1,560 

2017 59.7 32,011 1,827 23,786 398 2,464 

2018 59.0 22,007 2,027 23,776 240 1,409 

2019 58.5 18,876 903 18,459 128 780 

2020 62.3 29,073 774 27,207 160 4,813 

*Based on the 95th percentile heatwave threshold 

Table 4.2: Average hazard frequency by year (Jan 2008-Oct 2020) 

Table notes: E.g., in 2020, California cities averaged 21.2 heatwave days, 0.6 wildfire days, 19.8 Red Flag Days, 0.1 compound heatwave wildfire 
days, and 3.5 compound heatwave Red Flag Days.  In 2020, the average heat index for California cities was 62.3°F. 
 

Year Average heat 
index (F)* 

Average 
heatwave days  

(95th percentile) 

Average 
wildfire days 

Average Red 
Flag Days 

Average 
heatwave 

wildfire days 

Average 
heatwave Red 

Flag Days 

2008 57.8 ± 5.8 10.3 ± 7.8 1.0 ± 5.6 15.9 ± 18.9 0.1 ± 0.5 1.5 ± 2.3 

2009 57.8 ± 5.5 10.5 ± 13.2 0.6 ± 2.3 8.9 ± 11.2 0.1 ± 0.5 0.6 ± 2.0 

2010 57.5 ± 5.4 9.6 ± 12.4 0.3 ± 1.2 3.7 ± 6.4 0.0 ± 0.2 0.5 ± 1.3 

2011 56.3 ± 5.4 5.9 ± 6.5 0.2 ± 0.8 5.1 ± 7.2 0.0 ± 0.1 0.1 ± 0.3 

2012 58.1 ± 5.4 10.1 ± 10.8 0.6 ± 2.6 11.7 ± 16.2 0.0 ± 0.5 0.6 ± 1.2 

2013 57.6 ± 5.6 13.1 ± 10.1 1.1 ± 7.8 13.9 ± 16.2 0.1 ± 1.6 1.4 ± 2.4 

2014 60.8 ± 5.2 13.4 ± 15.8 0.8 ± 4.5 16.6 ± 22.2 0.1 ± 1.2 1.5 ± 4.3 

2015 60.2 ± 5.0 18.5 ± 16.5 0.7 ± 5.0 5.4 ± 7.8 0.1 ± 0.6 0.8 ± 2.9 

2016 59.5 ± 5.5 11.7 ± 12.2 0.7 ± 4.1 10.0 ± 17.7 0.1 ± 0.8 1.1 ± 3.2 

2017 59.7 ± 5.9 23.3 ± 16.4 1.3 ± 5.4 17.3 ± 19.0 0.3 ± 1.3 1.8 ± 3.3 

2018 59.1 ± 5.7 16.3 ± 15.7 1.5 ± 9.5 17.7 ± 22.5 0.2 ± 1.2 1.1 ± 2.7 

2019 58.6 ± 5.5 13.7 ± 13.7 0.7 ± 1.8 13.4 ± 15.6 0.1 ± 0.4 0.6 ± 1.5 

2020 62.3 ± 5.6 21.2 ± 16.0 0.6 ± 1.0 19.8 ± 20.9 0.1 ± 0.4 3.5 ± 5.1 

*Mean ± standard deviation 
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Figure 4.3: Average heatwave, wildfire, and RFDs by month (Jan 2008-Oct 2020) 

Figure notes: July averaged the highest number of heatwave days.  October averaged the highest number of Red Flag Days.  E.g., in July, California 
cities averaged 4.69 heatwave days, 0.13 wildfire days, 0.83 Red Flag Days, 0.03 compound heatwave wildfire days, and 0.31 compound heatwave 
Red Flag Days, from 2008-2020. 

 

Table 4.3: Average hazard frequency by month (Jan 2008-Oct 2020) 

Table notes: E.g., in July, California cities averaged 4.69 heatwave days, 0.13 wildfire days, 0.83 Red Flag Days, 0.03 compound heatwave wildfire 
days, and 0.31 compound heatwave Red Flag Days, from 2008-2020.  In July, the average heat index for California cities was 73.6°F. 
 

Month Average heat 
index (F)* 

Average 
heatwave days  

(95th percentile) 

Average 
wildfire days 

Average Red 
Flag days 

Average 
heatwave 

wildfire days 

Average 
heatwave Red 

Flag days 

1 45.1 ± 7.4 0.01 ± 0.17 0.01 ± 0.20 0.61 ± 2.56 0.00 ± 0.00 0.01 ± 0.10 

2 47.5 ± 6.8 0.02 ± 0.29 0.00 ± 0.06 0.14 ± 1.12 0.00 ± 0.01 0.00 ± 0.08 

3 51.8 ± 6.2 0.02 ± 0.23 0.01 ± 0.08 0.08 ± 0.64 0.00 ± 0.00 0.00 ± 0.00 

4 56.4 ± 6.0 0.11 ± 0.55 0.01 ± 0.16 0.21 ± 0.98 0.00 ± 0.02 0.01 ± 0.09 

5 62.0 ± 7.2 0.42 ± 1.39 0.04 ± 0.35 0.55 ± 2.14 0.00 ± 0.07 0.03 ± 0.28 

6 69.2 ± 7.2 2.25 ± 2.96 0.09 ± 0.61 1.13 ± 2.93 0.01 ± 0.15 0.20 ± 0.87 

7 73.6 ± 7.9 4.69 ± 5.27 0.13 ± 1.05 0.83 ± 2.72 0.03 ± 0.36 0.31 ± 1.26 

8 73.1 ± 7.5 3.62 ± 4.77 0.17 ± 1.48 1.82 ± 3.95 0.03 ± 0.39 0.28 ± 1.12 

9 69.3 ± 6.7 1.98 ± 3.36 0.15 ± 1.38 2.11 ± 4.10 0.02 ± 0.25 0.21 ± 0.92 

10 60.5 ± 6.8 0.52 ± 1.57 0.10 ± 1.26 2.99 ± 5.50 0.00 ± 0.04 0.09 ± 0.56 

11 50.8 ± 7.0 0.07 ± 0.42 0.05 ± 0.82 1.30 ± 3.57 0.00 ± 0.03 0.01 ± 0.13 

12 44.0 ± 7.5 0.01 ± 0.18 0.02 ± 0.53 0.70 ± 2.84 0.00 ± 0.02 0.00 ± 0.03 

*Mean ± standard deviation 
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4.2.2. Outage frequency (Jan 2008-Oct 2017) 

The hazard outage database lists 2,652 outage days from January 2008-October 2017.  1,325 outage days took 
place between May-October.  The average city in the HOD8-17 saw an average of 0.17 outage days, 0.013 joint 
heatwave outage days, 0.011 joint wildfire outage days, 0.010 joint Red Flag outage days, and 0.0006 compound 
heatwave wildfire/RFD outage days per year.  This is the equivalent of one outage day every six years, one joint 
heatwave outage day every 80 years, and one joint wildfire outage day every 85 years. 

Two points should be noted regarding outage frequencies in the HOD8-17.  First, as discussed in Chapter 3, the 
outage data from 2008-2017 is considered a conservative sample of outage events.  Second the variation of outage 
frequencies among cities is significant.  At the high end of the distribution, cities saw an average of 1.7 outage days 
per year, one joint heatwave outage day every 2.5 years, one joint wildfire outage day every 3 years, and one 
compound heatwave wildfire outage day every 12 years. 

Outage frequency trends are further explored by year and month. 

How has outage frequency changed over time in the last decade?  How does outage frequency change by year?  Figure 4.4 plots 
the average number of outage days, and joint hazard outage days per year, from 2008-2017.  As shown in Figure 
4.4, the average number of outage days has fluctuated between 0.13-0.26 days per year, with the highest number 
of outages peaking at 0.26 days in 2014.  From 2008-2012, cities had an average of 0.17 outage days per year, 
while from 2013-2017, this number increased to 0.21 outage days per year. 

During this period, fewer outages took place during the summer months (May-October).  From 2008-2012, cities 
averaged 0.09 outage days from May-October, while from 2013-2017, cities averaged 0.12 outage days from 
May-October.  Even with an uptick in summer outage days between the first and second half of the decade, for 
the average city, outage days did not clearly trend upward over time. 

In Figure 4.4, the appearance of a slight upward trend in joint heatwave outage days from 2011 on is apparent.  
From 2008-2012, cities averaged 0.009 joint heatwave outage days from May-October, the equivalent of nearly 
one joint heatwave outage day every 100 years.  From 2013-2017, this value more than doubled; cities averaged 
0.019 joint heatwave outage days from May-October, the equivalent of nearly one joint heatwave outage day 
every 50 years.  If joint heatwave outage days are on the rise, but outage days are not, this suggests that although 
more outages occurred on heatwave days, they may not be the result of higher temperatures.  Table 4.4 
summarizes the average outage frequency per year. 

How does outage frequency change by month?  Are there are more outages during the summer (May-October) months?  Figure 
4.5 plots the average number of outage days, and joint hazard outage days per month.  The number of outage days 
fluctuated between 0.14-0.20 days per month, with an average of 0.17 outage days per month, and an average of 
0.16 outage days during the May-October months. 

Outage frequencies were slightly lower in May-October, compared to November-April.  In general, January and 
December had the highest outage counts, while April, May, and July had the lowest outage counts.  As shown in 
Figure 4.5, the frequency of joint heatwave outage days peaked in late summer, with 0.04 outage days in August.  
Average joint wildfire outage days ranged between 0.004-0.02 days each month and peaked in July.  Average joint 
RFD outage days dipped in mid-summer, before peaking at 0.02 days in October.  Overall, fewer outages 
occurred during the summer months.  Table 4.5 summarizes the average outage frequency per month. 
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Table 4.4: Average outage frequency by year (Jan 2008-Oct 2017) 

Table notes: E.g., in 2016, the HOD8-17 had a total of 321 outage days, spread across 322 California cities.  California cities averaged 0.23 outage 
days from January-December 2016, and 0.10 joint heatwave outage days, 0.019 joint heatwave outage days, 0.018 joint wildfire outage days, 
0.023 joint Red Flag outage days, and 0.001 compound heatwave wildfire outage days, from May-October 2016.  

Year Number 
of outage 

days 
(Jan-Dec) 

Average 
outage days 
(Jan-Dec)* 

Average 
outage days 
(May-Oct) 

Average 
heatwave 

outage days 
(May-Oct) 

Average 
wildfire 

outage days 
(May-Oct) 

Average Red 
Flag outage 

days 
(May-Oct) 

Average heatwave 
wildfire outage 

days 
(May-Oct) 

2008 176 13 ± 71 8 ± 45 1.2 ± 15.0 1.4 ± 18.0 1.1 ± 20.3 0.15 ± 3.81 

2009 176 13 ± 71 6 ± 31 0.7 ± 8.9 1.0 ± 11.4 0.6 ± 12.1 0.07 ± 2.70 

2010 288 21 ± 117 10 ± 61 0.8 ± 9.7 1.0 ± 10.8 0.2 ± 3.8 0.00 ± 0.00 

2011 217 16 ± 84 7 ± 37 0.6 ± 7.6 1.0 ± 9.7 0.7 ± 19.5 0.00 ± 0.00 

2012 336 25 ± 100 12 ± 51 1.4 ± 12.9 1.5 ± 13.2 1.4 ± 23.7 0.15 ± 5.42 

2013 310 23 ± 85 12 ± 55 1.5 ± 12.0 1.4 ± 12.3 1.2 ± 11.4 0.00 ± 0.00 

2014 358 26 ± 116 14 ± 66 2.3 ± 17.8 1.6 ± 13.1 2.9 ± 22.7 0.07 ± 2.70 

2015 260 19 ± 99 11 ± 64 2.1 ± 18.8 1.6 ± 13.2 0.7 ± 9.4 0.07 ± 2.71 

2016 321 23 ± 101 10 ± 49 1.9 ± 14.2 1.8 ± 13.9 2.3 ± 33.4 0.07 ± 2.70 

2017 210 15 ± 83 7 ± 43 2.2 ± 19.3 0.9 ± 13.5 0.2 ± 3.8 0.07 ± 2.70 
*Mean ± standard deviation, counts per 100 days 

Table 4.5: Average outage frequency by month (Jan 2008-Oct 2017) 

Table notes: E.g., in June, California cities averaged 0.17 outage days, 0.028 joint heatwave outage days, 0.016 joint wildfire outage days, 0.005 
joint Red Flag outage days, and 0.002 compound heatwave wildfire outage days, from 2008-2017. 
 

Month Average outage 
days* 

Average heatwave 
(95th percentile) 
outage days** 

Average 
wildfire outage 

days 

Average Red 
Flag outage 

days 

Average heatwave 
wildfire outage 

days 

1 0.18 ± 1.67 0.0 ± 0.0 1.1 ± 33.1 1.5 ± 46.8 0.0 ± 0.0 

2 0.15 ± 1.46 0.1 ± 8.6 0.4 ± 21.0 0.2 ± 12.1 0.0 ± 0.0 

3 0.17 ± 1.47 0.0 ± 0.0 1.0 ± 30.9 0.3 ± 17.1 0.0 ± 0.0 

4 0.15 ± 1.43 0.0 ± 0.0 0.9 ± 29.6 0.6 ± 24.2 0.0 ± 0.0 

5 0.14 ± 1.35 1.3 ± 36.3 1.1 ± 33.1 1.2 ± 37.3 0.1 ± 8.6 

6 0.17 ± 1.44 2.8 ± 56.8 1.6 ± 40.2 0.5 ± 22.7 0.2 ± 14.8 

7 0.15 ± 1.36 2.8 ± 54.1 1.7 ± 41.0 0.3 ± 17.1 0.1 ± 8.6 

8 0.18 ± 1.48 3.5 ± 61.7 1.1 ± 33.2 0.7 ± 27.1 0.1 ± 8.6 

9 0.17 ± 1.54 3.3 ± 62.1 1.1 ± 35.2 0.9 ± 34.2 0.2 ± 17.1 

10 0.18 ± 1.60 0.8 ± 28.5 1.1 ± 36.0 2.4 ± 51.7 0.0 ± 0.0 

11 0.16 ± 1.52 0.1 ± 9.0 1.4 ± 43.3 1.7 ± 64.4 0.1 ± 9.0 

12 0.20 ± 1.76 0.2 ± 12.8 1.2 ± 33.8 1.6 ± 66.5 0.0 ± 0.0 

All years 0.17 ± 1.51 1.3 ± 37.2 1.1 ± 34.6 1.0 ± 38.6 0.1 ± 8.3 
*Mean ± standard deviation 
**Counts per 100 days 
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Figure 4.4: Average outage frequency by year (May-Oct 2008-2017) 

Figure notes: Values labeled are the average number of outage days per year.  E.g., in 2017, California cities averaged 0.066 outage days, 0.022 
joint heatwave outage days, 0.009 joint wildfire outage days, and 0.002 joint Red Flag outage days. 

.  

Figure 4.5: Average outage frequency by month (Jan 2008-Oct 2017) 

Figure notes: Values labeled are the average number of outage days per month.  August averaged the highest number of joint heatwave outage days.  
October averaged the highest number of joint Red Flag outage days.  E.g., in August, California cities averaged 0.175 outage days, 0.035 joint 
heatwave outage days, 0.011 joint wildfire outage days, 0.007 joint Red Flag outage days, and 0.0007 compound heatwave wildfire outage days, 
from 2008-2017. 
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4.2.3. Outage frequency and duration (Oct 2017-Oct 2020) 

From October 2017-October 2020, the primary outage data source came from PowerOutage.US.  In addition to 
changes on what constitutes an ‘outage’, the 2017-2020 outage dataset also contained information on outage 
duration and number of customers without power.  An outage event begins when 10 percent or more of tracked 
customers lose power and ends when at least 95 percent of tracked customers have regained service.  An outage 
day is any day during an outage event.  

While from 2008-2017 the Eaton outage dataset had approximately 260 outage days per year, from 2017-2020 
the PowerOutage.US outage dataset had more than 800 outage events per year (and each outage event could 
consist of multiple outage days).  As previously discussed in Chapter 3, these differences are likely due to how the 
data was collected and different outage definitions.  The Eaton outage dataset is considered a conservative sample 
of higher magnitude outage events, whereas the PowerOutage.US dataset also considers short duration, smaller 
magnitude outages.  For these reasons, outage frequencies from January 2008-October 2017 and October 2017-
October 2020 should be analyzed separately. 

From October 2017-October 2020, the hazard outage database lists 3,181 outage events, across 789 California 
cities.  Whereas from May-October, 1,549 outage events took place.  The average outage duration was 0.98 days 
with 642 customers out.  Whereas between May-October, the average outage duration increased to 1.12 days 
with 885 customers out. 

Outage event frequency and duration trends are further explored by year and month. 

How does outage frequency and duration change by year?  From 2017-2018, cities saw over 1,000 outage events per 
year.  Curiously, outage counts subsequently dropped in 2019 and 2020 but were longer in duration and had more 
customers without power.  This may be the result of the outage definition applied and data aggregation methods.  
Due to the length and intensity of the 2019 PSPS and 2020 summer blackouts, data for customers tracked took 
longer to reach the “at least 95 percent of customers have regained power” criterion, and the outage event was 
perpetuated, resulted in fewer outage counts.     

Compared to 2008-2017 outage counts, 2018-2020 outage events had larger swings in outage frequency and 
duration.  In 2019, cities saw 662 outage events, where the average outage event lasted 1.30 days and 2,293 
customers lost power.  In 2020 (through October), cities saw 387 outage events, where the average outage event 
lasted 1.78 days and 2,083 customers lost power.  Table 4.6 summarizes total outage event counts and average 
outage durations by year. 

How does outage frequency change by month? Are outages longer during the summer (May-October) months?  November-April 
averaged 272 outage events, while May-October averaged 258 outage events.  The lower outage count over the 
summer months is consistent with outage trends from 2008-2017.  Despite that, outage customer hours and 
outage duration were higher during the summer versus cool season.  The average number of outage customer days 
was nearly double from May-October, compared to November-April.  Figure 4.6 plots the total number of 
outages per month from October 2017-October 2020.  Spring and summer months saw fewer than 200 outage 
events each month, while fall and winter months averaged more than 400 outage events.  The number of outage 
events peaked in October with over 700 events. 
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Table 4.6: Total outage events and average outage duration by year (Oct 2017-Oct 2020) 

Table notes: E.g., in 2019, the hazard outage database had a total of 662 outage events, spanning 1,528 outage days.  In 2019, outage events 
averaged 6,601 customers tracked, 2,293 customers out, 1.30 outage days, and 1,492 outage customer days. 

Year Total outage 
events 

Total number 
of outage days* 

Average customers 

tracked4** 

Average 
customers out 

Average outage 
duration (days)*** 

Average outage 
customer days 

2017 1,028 2,280             861              467  0.64 84 

2018 1,104 2,175          3,273           1,284  0.83 559 

2019 662 1,528          6,601           2,293  1.30 1,492 

2020 387 1,046          7,116           2,083  1.78 910 
*An outage event can be made up of multiple outage days.  An outage day is any day during an outage event (e.g., an outage from 10 a.m.- 2 a.m. 
would last 4 hours, but count as 2 outage days) 
**Averages are calculated during outage events 
***Average outage event duration in days 
 

Figure 4.6: Total outage events by month (Oct 2017-Oct 2020) 

Figure notes: E.g., in July, California cities saw a total of 137 outage events, from 2018-2020. 

 

 

4Based on correspondence with PowerOutage.US, the raw data is a temporary record of outage counts.  Since records are only stored when 
outage counts change, in one month an electric service provider may have 200 records, while in another month the same electric service provider 
may have 10 records.  As a result, the number of outage incidences and the length of period analyzed may result in differences in average customers 
tracked over time.  
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How does outage duration change by month?  Figure 4.7 plots the average outage duration and outage customer days 
by month.  July posted the highest number of outage customer days (1,432 outage customer days) followed by 
October (1,073 outage customer days).  In comparison, outage duration increased over the summer months, 
before peaking in September at 1.5 days, before dropping during the cool season.  May had the highest number of 
customers without power at 2,182 customers out.  Table 4.7 summarizes total outage event counts and average 
outage duration by month. 

Are outages longer during the summer (May-October) months?  November-April averaged 272 outage events, while May-
October averaged 258 outage events.  The lower outage count over the summer months is consistent with outage 
trends from 2008-2017.  Despite that, outage customer hours and outage duration were higher during the summer 
versus cool season.  The average number of outage customer days was nearly double from May-October, 
compared to November-April. 

In summary, based on outage trends from both 2008-2017 and 2017-2020, any upward trajectory in outage 
frequency (both during the summer and year-round) remains ambiguous.  Although outages were more frequent 
during non-summer months, the number of heatwave days and joint heatwave outage days appear to have risen 
during this period.  On average, fewer outage events occurred during May-October versus November-April.  Yet, 
outage duration, customers out, and outage customer hours were all higher during the summer.  The outage data 
suggests that even if summer outages are not increasing, the intensity of summer outages may be becoming more 
pronounced.  The next section further explores how outage frequency and duration change on heatwave compared 
to non-heatwave days. 

Figure 4.7: Average outage duration and outage customer days by month (Oct 2017-Oct 2020) 

Table notes: October had the longest outages, and July had the highest number of outage customer days.  E.g., in July, outage events averaged 1.0 
days and 1,432 outage customer hours, from 2018-2020. 
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Table 4.7: Total outage events and average outage duration by month (Oct 2017-Oct 2020) 

Table notes: E.g., in July, California cities saw a total of 147 outage events from 2018-2020.  In July, outage events averaged 4,860 customers 
tracked, 1,650 customers out, 1.02 outage days, and 1,432 outage customer days. 

Month Total outage 
events* 

Average customers 
tracked** 

Average 
customers out 

Average outage 
duration (days) 

Average outage 
customer days 

1 232 3,298 1,207 0.78 304 

2 252 3,380 1,294 1.11 575 

3 188 5,383 1,369 0.90 677 

4 137 3,854 1,391 0.97 427 

5 160 5,294 2,182 0.93 567 

6 160 5,603 1,564 0.76 354 

7 137 4,860 1,650 1.02 1,432 

8 193 5,472 2,128 1.18 537 

9 174 6,050 1,735 1.53 847 

10 725 2,419 1,121 1.15 1,073 

11 473 2,721 913 0.79 345 

12 350 2,591 1,098 0.74 305 

year 3,181 3,654 1,327 0.98 642 

*Outage event: begins when 10 percent or more of tracked customers lose power, and ends when at least 95 percent 
of tracked customers regain service. 
** Averages are calculated during outage events 

 

4.3. Joint Hazard Outage Frequency Trends 

The previous section explored hazard and outage trends over time.  This section explores outage trends when they 
occur concurrently with different hazards. 

This section explores the following trend-related hypothesis: 

Outages occur more frequently on heatwave versus non-heatwave summer days. 

Section 4.3.1 examines outage frequency on heatwave days from January 2008-October 2017.  The following 
questions are explored: How does the average heat index change on outage versus non-outage summer days?  How 
do heatwave versus non-heatwave days change outage rates?  Is a higher heat index associated with more outage 
days?  Are more heatwave days associated with more outage days? 

Section 4.3.2 examines outage frequency and duration on hazard days from October 2017-October 2020.  The 
following questions are explored: How does outage duration change on hazard versus non-hazard days?  How does 
outage duration change based on different heatwave thresholds? 

  



52 

 

4.3.1. Outage frequency on heatwave days (Jan 2008-Oct 2017) 

Outage frequency trends are explored by heat index and heatwave count. 

How does the average heat index change on outage versus non-outage summer (May-October) days?  Figure 4.8 compares the 
average heat index on outage and non-outage days during the summer (May-October) season.  During this period, 
the heat index appeared 1-8 degrees higher on outage summer days versus non-outage summer days.  On average, 
the heat index was 68°F on non-outage days and 70°F on outage days (for comparison, from January-December, 
the average heat index was 59°F on non-outage days and 61°F on outage days).  Summer outage days appear to 
have higher temperatures than summer non-outage days. 

Figure 4.8: Average heat index on outage and non-outage days by year (May-Oct 2008-2017) 

Figure notes: The average heat index was higher on outage versus non-outage days.  E.g., in 2017, the average heat index on non-outage days was 
71°F, while the average heat index on outage days was 75°F. 

 

How do outage rates change on heatwave versus non-heatwave days?  From May-October 2008-2017, a total of 428 
outages took place on non-heatwave days, and a total of 897 outages took place on heatwave days.  Figure 4.9 
compares how outage frequencies change among heatwave (95th percentile) (January-December), non-heatwave 
(January-December), and summer days (May-October). 

From 2008-2017, the average number of outage days occurring on heatwave days was nearly twice the number of 
outage days occurring on non-heatwave days.  Consistent with outage temporal trends discussed in Section 4.2, 
the outage rate on non-heatwave days was higher than the outage rate on summer days.  For instance, in 2014, 
cities saw an average of 0.26 outage days per year from January-December, and 0.14 outage days per year from 
May-October.  This translates into an outage day on 0.068 percent of non-heatwave days from January-December, 
an outage day on 0.075 percent of summer days from May-October, and an outage day on 0.17 percent of 
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heatwave days (95th percentile) from January-December.  As an example, an average of 13 heatwave days would 
result in approximately 0.02 joint heatwave outage days per year (or 1 joint heatwave outage day every 50 years).  
Assuming that heatwave days became three times more frequent, this would translate into 0.05 more joint 
heatwave outage days per year (or 1 joint heatwave outage day every 15 years). 

In summary, the outage rate on heatwave days is higher than both the outage rate on non-heatwave days and the 
outage rate on summer days. The disparity between outage rates on heatwave and non-heatwave days is sensitive 
to the definition of a heatwave; heatwave definitions applying a lower temperature threshold result in a smaller 
difference in outage rates between heatwave and summer days. 

Figure 4.9: Average outage rates on heatwave and non-heatwave days by year (Jan-Oct 2008-2017) 

Table notes: E.g., in 2017, California cities averaged 0.00054 outage days for every non-heatwave day from January-December.  Cities averaged 
0.00045 outage days for every summer day from May-October.  Cities averaged 0.00097 outage days for every heatwave day (95th percentile) 
from January-December.  (Or, in 2017, on average, cities had an outage on 0.054 percent of non-heatwave days from January-December, 0.045 
percent of summer days from May-October, and 0.097 percent of heatwave days from January-December.) 

 

Is a higher heat index associated with more outage days?  Are more heatwave days associated with more outage days?  This 
question is more fully explored in the regression analysis in Section 4.5.  As a first look, outage frequencies are 
plotted against the heat index and heatwave frequencies by year.  As one example, Figure 4.10 looks at the 
relationship between (a) average heatwave and outage frequencies, and (b) the average heat index and outage 
frequencies for the city of Los Angeles. As shown in Figure 4.10, in Los Angeles, outage days trend upward with 
a higher heat index.  However, it is less clear whether more heatwave days are associated with more outage days.  
Additional examples in other cities, show an even more mudded relationship between heatwave and outage 
frequencies (see Figure A-7 in Appendix A).  
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Figure 4.10: Average outage frequency by heat index and heatwave frequency in Los Angeles (Jan 2008-Oct 2017) 

Table notes: (a) Average heat index versus total number of outage days per year; (b) total number of heatwave days versus total number of outage 
days per year for the city of Los Angeles, from January 2008-October 2017. 

(a) Los Angeles: Average Outage Days by Heat Index 

 

(b) Los Angeles: Average Outage Days by Heatwave Frequency 
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4.3.2. Outage frequency and duration on hazard days (Oct 2017-Oct 2020) 

The previous section explored outage rates on heatwave versus non-heatwave days from 2008-2017.  In this 
section, the analysis is extended to outage events from 2017-2020. 

How does outage duration change on hazard versus non-hazard days?  Figure 4.11 compares outage customer days on 
single hazard versus joint hazard days.  On non-hazard (non-heatwave non-wildfire non-outage) days, cities 
averaged 74 outage customer days.  Joint heatwave outage days resulted in 1,627 outage customer days, joint 
wildfire outage days resulted in 362 outage customer days, and compound heatwave wildfire days resulted in 165 
outage customer days.  Compound heatwave wildfire outage events resulted in 710 outage customer days. 

On average, single hazard days had more outage customer days than non-hazard days, joint hazard days had more 
outage customer days than single hazard days, and multi-hazard days had more outage customer days than joint 
hazard days.  While these averages serve as benchmark comparisons among different hazard scenarios, there was 
significant variation among cities, often several magnitudes above the 95th percentile confidence interval. 

Figure 4.11: Average outage customer days on single hazard and joint hazard days (May-Oct 2018-2020) 

Figure notes: Values labeled are the average number of outage customer days (mean values differed from medium line in the box-and-whiskers 
plot).  Outage customer days are higher on joint hazard outage days versus single hazard days.  E.g., from May-October 2018-2020, non-heatwave 
non-wildfire non-outage days averaged 74 outage customer days.  Joint heatwave outage (non-wildfire) days averaged 1,627 outage customer 
days.  Joint wildfire outage (non-heatwave) days averaged 362 outage customer days.  Compound heatwave wildfire outage days averaged 710 
outage customer days. 
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How does outage duration change based on different heatwave thresholds? Raising heatwave percentile thresholds decrease 
heatwave frequency and increase outage frequency on heatwave days.  Using a 90th percentile heat index threshold 
as the definition of a heatwave day, led to 1.06 outages per 100 heatwave days.  In comparison, using a 99th 
percentile heat index threshold as the definition of a heatwave day, though resulting in 75 percent fewer heatwave 
counts, led to 1.57 outages per 100 heatwave days.  Average outage duration did not substantially change based 
on different heatwave percentiles.  However, average outage customer days increased by eight days when applying 
a 90th versus 95th percentile heatwave definition, and by ten days when applying a 95th versus 99th percentile 
heatwave definition. 

Overall, higher heatwave percentiles led to higher outage rates on heatwave days and more outage customer days.  
Table 4.8 summarizes heatwave and outage counts in the HOD17-20 at the 90th, 95th, 98th, and 99th heat index 
percentiles.   

Table 4.8: Total outage days, frequency, and duration by heatwave percentile (Oct 2017-Oct 2020) 

Table notes: Outage rates are higher on more extreme heatwave days.  E.g., from October 2017-October 2020, California cities had a total of 
9,977 heatwave days (99th percentile).  Of those heatwave days, 157 were also outage days (about 0.0157 outage days per heatwave day).  99th 
percentile heatwave days (including outage and non-outage days) averaged 0.48 outage days and 75.6 outage customer days. 

Heatwave day 
percentiles 

Heatwave day 
count* 

Outage day count 
on heatwave days 

Outage frequency per 
100 heatwave days 

Average outage 
duration (days) 

Average outage 
customer days 

90th          42,548  449 1.06 0.48 56.2 

95th           25,044  307 1.23 0.48 64.9 

98th           13,574  204 1.50 0.49 74.7 

99th             9,977  157 1.57 0.48 75.6 

*Aggregate heatwave and outage day counts 

 

4.4. Hazard and Outage Frequency - Spatial Trends 

The previous section looked at outage frequency and duration on hazard days.  This section further explores where 
these trends are occurring. 

This section explores the following trend-related hypothesis: 

California climate zones with more frequent heatwave days concurrently have a greater number of joint 
heatwave outage days. 

Section 4.4.1 examines hazard and outage frequencies by climate zone from May-October 2008-2017.  The 
following questions are explored: How do weather hazard and outage frequencies differ by climate zone?    

Section 4.4.2 examines outage frequency and duration by climate zone from October 2017-October 2020.  The 
following questions are explored: How do outage customer days differ by climate zone?  How do outage customer 
days differ between summer and non-summer months by climate zone?  Which climate zones saw the greatest 
increase in outage customer days between summer and non-summer outage events?  Which climate zones saw the 
greatest increase in outage customer days between hazard and non-hazard days? 
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Section 4.4.3 examines outage frequency and duration by utility from October 2017-October 2020.  The 
following questions are explored: Do outage frequencies differ by utility?  Which electric service providers had 
the highest number of outage events and outage customer hours? 

Section 4.4.4 examines hazard and outage frequencies by city from May-October 2008-2017.  The following 
questions are explored: Which cities in the database had the highest number of heatwave and wildfire days?  Which 
cities in the database had the highest number of outage and joint heatwave outage days? 

Section 4.4.5 examines outage duration by city from May-October 2018-2020.  The following questions are 
explored: Which cities in the database had the highest number of outage customer days?   

4.4.1. Hazard and outage frequency by climate zone (May-Oct 2008-2017) 

California’s building and efficiency codes account for the state’s diverse climate through a set of 16 climate zones 
(Pacific Energy Center, 2006).  Although the climate zones (CZ) do not perfectly align with any other official 
California geography, they generally overlap with the following regions: North Coast (Climate Zones 1, 2), 
Central Coast (CZs 3, 4, 5), Southern Coast (CZs 6, 7, 8, 9, 10), Northern Central Valley (CZs 11, 12), Southern 
Central Valley/San Joaquin Valley (CZs 12, 13), Desert Region/Southern Interior (CZs 14, 15), Eastern Sierra 
Nevada (CZ 16), and Shasta Cascades/Northern Interior (CZ 16).  Table 4.9 summarizes each climate zone with 
a designated reference city (Pacific Energy Center, 2006). 

How do weather hazard and outage frequencies differ by climate zone?  Figure 4.12 shows the average number of 
heatwave, outage, and joint heatwave outage days by climate zone, from May-October 2008-2017.  In Figure 4.12 
(a), the Southern Coast (CZs 6, 7, 8, 9), Desert Region (CZ 14), and Shasta Cascades and Sierra Region (CZ 16) 
had the most heatwave days relative to other zones.  CZs on the Central Coast (CZs 3, 4, 5) had the fewest 
heatwave days relative to other zones.  CZ 9 (reference city: Los Angeles) had the most heatwave days, averaging 
24.1 heatwave days from May-October each year.  In comparison, CZ 5 (reference city: Santa Maria) had the 
fewest heatwave days, averaging 7.8 heatwave days per year.  CZs with heatwave days that fell in the middle range 
were in the Central Valley (CZ 11, 12, 13), Northern Coast (CZ 1, 2), and Central Coast (CZ 3, 4). 

CZs on the Southern Coast and Southern Interior also had the most outage days and joint heatwave outage days 
compared to other zones.  In Figure 4.12 (b), CZ 7 (reference city: San Diego) had the most outage days, followed 
by CZ 15 (reference city: Brawley).  Cities in CZ 7 averaged 0.89 outage days from May-October each year, while 
cities in CZ 15 averaged 0.28 outage days each year.  In contrast, CZs 14 and 16 had relatively fewer outage days 
from May-October.  CZ 16 (reference city: Bishop) had the fewest outage days, averaging only 0.01 outage days 
from May-October each year.  CZs with outage days that fell within the middle range were located east of the 
Northern Coast (CZ 2), Central Coast (CZ 3, 4, 5), Northern Central Valley (CZ 11, 12), and Desert Region 
(CZ 14). 

The map of joint heatwave outage days by CZ is similar in pattern to the map of outage days by CZ.  As shown in 
Figure 4.12 (c), cities on the Southern Coast had the highest number of joint heatwave outage days.  CZ 7 had the 
greatest number of joint heatwave outage days, followed by CZs 9 and 8.  Cities in CZ 7 averaged 0.14 joint 
heatwave outage days from May-October each year, while cities in CZ 9 had less than half that frequency, 
averaging 0.06 joint heatwave outage days per year.  Following the Southern Coast, zones with the highest number 
of joint heatwave outage counts were the Southern Desert Region (CZ 15), Central Coast (CZ 3, 4, 5), and 
Central Valley (CZ 12).  Figure 4.13 ranks the CZs by heatwave, outage, and joint heatwave outage day 
frequencies. 
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Table 4.9: Total outage events and average outage duration by climate zone (Oct 2017-Oct 2020) 

Table notes: E.g., cities in Climate Zone 7 (reference city: San Diego) had a total of 80 outage events, from October 2017-October 2020.  During 
an outage event, on average, 12,859 customers were tracked and 3,297 customers had no power.  The average outage event lasted 1.26 days, 
with an average of 747 outage customer days. 

Climate 
zone 

Reference 
city* 

Outage 
events** 

Average customers 
tracked*** 

Average 
customers out 

Average outage 
duration (days) 

Average outage 
customer days 

1 Eureka 67 541 436 0.51 397 

2 Napa 182 2,817 1,169 1.29 1,278 

3 Oakland 330 3,056 1,078 1.26 314 

4 San Jose 132 8,704 1,624 1.17 282 

5 Santa Maria 64 1,198 763 1.23 215 

6 Los Angeles 
(LAX) 171 5,320 2,224 1.03 863 

7 San Diego 80 12,859 3,297 1.26 747 

8 Long Beach 178 5,840 1,888 0.86 1,203 

9 Los Angeles 
(Civic Center) 503 3,888 1,009 0.77 757 

10 Riverside 297 4,860 1,872 0.81 644 

11 Red Bluff 247 1,809 1,007 1.03 1,248 

12 Stockton 457 2,622 1,084 0.94 325 

13 Fresno 216 3,035 1,579 0.92 252 

14 Barstow 83 2,040 762 0.80 231 

15 Brawley 57 3,075 954 1.54 544 

16 Bishop 166 2,135 880 0.95 609 
Based on outage event database: 
*As listed in Pacific Energy Center (2006) 
**Outage count is the total number of outage events (begins when 10 percent or more of tracked customers lose power, ends 
when at least 95 percent of tracked customers regain service) from October 2017-October 2020.  An outage event can span 
multiple outage days. 
***Averages are calculated during outage events 
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Figure 4.12: Average heatwave, outage, and joint heatwave outage days by climate zone (May-Oct 2008-2017) 

Figure notes: Average (a) heatwave, (b) outage, and (c) joint heatwave outage frequencies by climate zone.  E.g., cities in Climate Zone 14 
(reference city: Barstow) averaged (a) 18.0 heatwave days, (b) 0.08 outage days, and (c) 0.006 joint heatwave outage days, from May-October 
2008-2017. 

(a) 

 

(b) 

 

(c) 
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Figure 4.13: Average heatwave and joint heatwave outage days by climate zone (May-Oct 2008-2017) 

Figure notes: Climate zones are ranked by the average number of heatwave days.  E.g., cities in Climate Zone 9 (reference city: Los Angeles) 
averaged 24.1 heatwave days, 0.22 outage days, and 0.059 joint heatwave outage days, from May-October 2008-2017. 

 

 

4.4.2. Outage frequency and duration by climate zone (Oct 2017-Oct 2020) 

The previous section explored outage frequency by climate zones from 2008-2017.  In this section, the analysis 
extends to outage events from 2017-2020.  This section asks three questions: (1) How do outage customer days 
differ by climate zone?  (2) Which climate zones saw the greatest increase in outage customer days between 
summer and non-summer outage events?  (3) Which climate zones saw the greatest increase in outage customer 
days between hazard and non-hazard days? 

How do outage customer days differ by climate zone?  Figure 4.14 shows four climate zone maps.  The first map is (a) 
the total number of outage events by climate zone, from October 2017-October 2020.  The next three maps show 
the average (b) outage duration, (c) customers out, and (d) outage customer days during outage events, by climate 
zone. 

In Figure 4.14 (a) and (c), zones with the highest number of outage events and customers out were clustered on 
the Southern Coast (CZs 7, 8, 9, 10), Central Coast (CZ 3), and Central Valley (CZ 2, 4, 11, 12, 13).  From 
October 2017-October 2020, more than half of the CZs aggregated more than 150 outage events.  The number 
of outage events by CZ ranged from 57 (CZ 15) to 503 (CZ 9).  CZs with outage event frequencies in the middle 
range were in the Northern Interior (CZ 16), Northern Desert Region (CZ 14), and east of the Central Coast 
(CZ 4). 
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Figure 4.14: Average outage duration and outage customer days by climate zone (Oct 2017-Oct 2020) 

Figure notes: (a) Total outage events; (b) average outage duration (days) during outage events; (c) average customers out during outage events; (d) 
average outage customers days during outage events, by climate zone.  E.g., (a) cities in Climate Zone 8 (reference city: Long Beach) had a total of 
178 outage events from October 2017-October 2020.  During this period, outage events in Climate Zone 8 averaged (b) 0.86 days, (c) 1,888 
customers without power, and (d) 1,203 outage customer days. 

(a) 

 

(b) 

 

(c) 

 

(d) 
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As shown in Figure 4.14 (c), the number of customers without power during an outage event largely tracked 
population density in California.  Outage events in CZ 7 (reference city: San Diego) averaged the highest number 
of customers out (12,859), while CZ 1 (reference city: Eureka) had the fewest number of customers out (541).   

Figure 4.14 (b) showed that CZs with the longest outage events were clustered near the southernmost coast (CZ 
7), Central Coast (CZ 3, 4, 5), northeast of the Central Coast (CZ 2), and Southern Desert (CZ 15).  For nearly 
half of all CZs, the average duration of outage events lasted more than one day.  Similar to patterns for outage 
frequency and customers out, outage duration was longest for cities in CZ 7 (1.26 days), and shortest for cities in 
CZ 1 (0.51 days). 

Considering both outage duration and customers out, Figure 4.14 (d) showed that outage events in CZ 2 
(reference city: Napa) clocked the highest number of outage customer days (1,278), followed closely by CZ 11 
(reference city: Red Bluff) (1,248), and CZ 8 (reference city: Long Beach) (1,203).  Outage events in CZ 5 
(reference city: Santa Maria), CZ 13 (reference city: Fresno), and CZ 14 (reference city: Barstow) averaged fewer 
than 250 outage customer days.  During this period, CZ 2 consistently had more frequent and longer outage events 
and more customers out, compared to other zones.  CZ 11 also had more frequent and longer outage events 
compared to other zones but had relatively fewer customers without power.  Table 4.9 summarizes the outage 
event data by climate zone, from October 2017-October 2020. 

Finally, whereas Figure 4.14 mapped the total outage events year-round from October 2017-October 2020, 
Figure 4.12 (discussed in the previous section) mapped average outage days per year from May-October 2008-
2017.  Despite differences in season, time period, and outage metrics, most CZs on the Central and Southern 
Coast shared similar patterns in elevated outage frequencies. 

How do outage customer days differ between summer (May-October) and non-summer (November-April) months by climate zone?  
Which climate zones saw the greatest increase in outage customer days between summer and non-summer outage events? The 
previous question explored differences in outage customer days by climate zone.  This question explores seasonal 
differences in outage customer days by climate zone. 

As previously discussed in Section 4.3, average outage duration and outage customer days were greater during 
summer (May-October) versus non-summer (November-April) months.  Most California CZs followed a similar 
pattern.  Figure 4.15 and Figure 4.16 compare outage duration and outage customer hours, for summer and non-
summer months, by CZ. 

As shown in Figure 4.15, zones in the Central Coast (CZ 2, 3, 5) and Desert Region (CZ 15) had the longest 
summer outage events, averaging more than 1.5 days.  CZ 5 (reference city: Santa Maria) topped the list with the 
longest summer outages, averaging 2.02 days.  Depending on the zone, the difference between summer and non-
summer outage events varied from 0.34 fewer outage days to 1.45 more outage days.  CZ 5 also had the greatest 
disparity in outage duration between summer and non-summer months; outage events in CZ 5 were 1.45 days 
longer during the summer.  Following, outages in CZs 2, 3, and 11 were nearly one day longer during summer.  
However, not all zones had longer outage durations during the summer months.  Non-summer outages were 
longer than summer outages for zones just inland of the coast (CZs 4, 6, 9), and in parts of the Central Valley (CZ 
13), and Desert Region (CZ 14). 

A similar story can be told about outage customer days by CZ.  As shown in Figure 4.16, outage customer days 
increased during the summer months for most CZs.  Outage events in CZs 2, 8, and 11 topped the list, with the 
most outage customer days per summer.  Outages in CZ 2 (reference city: Napa) had the highest outage customer 
days per summer, averaging 2,448 outage customer days.  Just behind were CZ 11 (reference city: Red Bluff) and 
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CZ 8 (reference city: Long Beach), both of which averaged more than 1,500 outage customer hours per summer.  
Depending on the zone, the difference between summer and non-summer outage events varied from 1,000 fewer 
outage customer hours to 2,000 more outage customer hours.  The starkest contrast between summer and non-
summer outage events were in the Northern Central Valley (CZ 11) and inland of the Northern Coast (CZ 2); 
summer outages in these zones increased by more than 2,000 outage customer days.  Again, not all zones were 
hit harder by summer versus non-summer outage events.  The Southern Coast through the Southern Interior (CZs 
6, 7, 10, 15) posted higher outage customer days during non-summer months.  Specifically, CZ 6 (reference city: 
Los Angeles) posted 974 fewer outage customer hours over the summer, followed by CZ 7 (reference city: San 
Diego) and CZ 10 (reference city: Riverside), both of which posted 300 fewer outage customer hours over the 
summer. 

We can also compare summer and peak summer outage events by CZ in a manner similar to comparing summer 
and non-summer outage events.  Figure 4.17 compares outage customer hours, during summer and peak summer 
months, by CZ.  Only five zones (CZs 3, 5, 7, 8, 9) (all located on the coast or just inland) averaged higher outage 
customer days during the peak summer season (July-August) compared to the entire summer season (May-
October).  CZ 8 (reference city: Long Beach) topped this list, with the most outage customer days in peak 
summer, averaging 3,930 outage customer days from July-August, compared to 1,775 outage customer days from 
May-October.  Most zones averaged more outage customer hours during the summer season, compared to the 
peak summer season.  For instance, CZ 2 (reference city: Napa) averaged only 416 outage customer days from 
July-August, compared to 2,338 outage customer days from May-October. 

In summary, most CZs saw more outage customer days during the summer (May-October) versus non-summer 
(November-April) season.  Zones located in the Northern Central Valley, and inland of the Northern Coast, 
boosted some of the highest outage customer hours during the summer; these zones also had the greatest increase 
in outage customer hours between summer and non-summer events.  Some zones on the Southern Coast and 
Desert Region averaged fewer outage customer days during the summer season. 
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Figure 4.15: Average outage duration on summer and non-summer days by climate zone (Oct 2017-Oct 2020) 

Figure notes: Average outage duration for summer (May-October) and non-summer (November-April) outage events by climate zone.  Climate 
zones are ranked by average outage duration in the summer.  E.g., for cities in Climate Zone 5 (reference city: Santa Maria), the average duration 
of an outage event was 2.02 days from May-October, and 0.60 days from November-April, from 2017-2020. 

 

Figure 4.16: Average outage customer days by climate zone (Oct 2017-Oct 2020) 

Figure notes: Average outage customer days for summer (May-October) and non-summer (April-November) outage events by climate zone.  
Climate zones are ranked by average outage customer days in the summer.  E.g., for cities in Climate Zone 2 (reference city: Napa), outages 
averaged 2,448 outage customer days from May-October, and 133 outage customer days from November-April, from 2017-2020. 
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Figure 4.17: Average seasonal outage customer days by climate zone (Oct 2017-Oct 2020) 

Figure notes: Average outage customer days during summer (May-October), peak summer (July-August), and year-round (January-December) by 
climate zone.  Climate zones are ranked by average outage customer days in peak summer.  E.g., for cities in Climate Zone 8 (reference city: 
Long Beach), outage events averaged 3,930 outage customer days from July-August, 1,775 outage customer days from May-October, and 1,203 
outage customer days year-round, from 2017-2020. 

 

Which climate zones saw the greatest increase in outage customer days between hazard and non-hazard days?  The previous 
question compared outage customer days by climate zone and season.  This question compares outage customer 
days by climate zone and hazard. 

Figure 4.18 maps the percent change in outage customer hours on (b) heatwave, (c) wildfire/RFDs, and (d) 
compound heatwave wildfire/RFDs, by CZ.  For comparison, Figure 4.18 maps the (a) cooling degree days × 
customers tracked by CZ; this map provides a gauge of temperature, population, and energy demand.  If outage 
events and customers out track one-to-one with temperature and population, then the percent change in outage 
customer hours by CZ should reflect the patterns in Figure 4.18 (a).  In that case, outage customer hours would 
be highest for CZs in Southern California and the Desert Region, lowest for CZs on the Northern and Central 
Coast, and in the middle for CZs in the Northern Interior, Central Valley, and inland of the Southern Coast.  This 
was not the pattern that emerged for outage events on either heatwave, wildfire/RFDs, or compound heatwave 
wildfire/RFDs. 

As shown in Figure 4.18 (b), cities on the Central Coast (CZs 2, 3, 4, 5) and Southern Desert Region (CZ 15) 
had the greatest percent increase in outage customer hours on heatwave days.  Parts of the Southern Coast (CZ 
6), Northern Desert Region (CZ 14), and Northern Interior and Sierra Nevada (CZ 16) saw a percent decrease 
in outage customer hours on heatwave days.  CZs 2, 3, and 5 had over a 200 percent rise in outage customer hours 
on heatwave days.  Following, CZ 15 (reference city: Brawley) had a 123 percent increase, and CZ 11 (reference 
city: Red Bluff) had a 90 percent increase in outage customer hours.  CZ 6 (reference city: Los Angeles) had the 
highest percent drop, with 64 percent fewer outage customer hours, between heatwave and non-heatwave 
summer days. 
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Figure 4.18: Outage customer days percent change on hazard days by climate zone (June-Aug 2018-2020) 

Figure notes: (a) Average cooling degree days×customers tracked; (b) average percent change of outage customer hours on heatwave versus non-heatwave 
days; (c) average percent change of outage customer hours on wildfire/Red Flag Days versus non-wildfire/Red Flag Days; (d) average percent change 
of outage customer hours on joint heatwave wildfire/Red Flag Days versus non-weather hazard days by climate zone. 

(a) 

 

(b) 

 

(c) 

 

(d) 
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As shown in Figure 4.18 (c), CZs covering the Central Coast (CZs 2, 3, 4, 5), Southern Interior Valley (CZ 10), 
and Central Valley (CZs 11, 12) saw the greatest rise in outage customer days on wildfire/RFDs.  In comparison, 
CZs on the Southern Coast (CZs 6, 8), Southern Central Valley (13), Desert Region (CZ 15), and Northern 
Interior (CZ 16) averaged fewer outage customer days on wildfire/RFDs.  CZ 3 (reference city: Oakland) and 
CZ 4 (reference city: San Jose) saw the highest percent increase in outage customer hours (604 percent and 750 
percent respectively) on wildfire/RFDs.  CZ 15 (reference city: Brawley) had the highest percent drop (98 
percent fewer outage customer hours) between wildfire/RFDs and non-wildfire/RFDs during the summer. 

The pattern for outage customer hours during compound heatwave wildfire/RFDs was similar to the pattern 
discussed above for wildfire/RFDs.  As shown in Figure 4.18 (d), CZs covering the Central Coast (CZs 2, 3, 4) 
and Central Valley (CZs 11, 12) had the greatest percent increase in outage customer days during compound 
heatwave wildfire/RFDs.  CZs on the Southern Coast (CZ 6), Desert Region (CZs 14, 15), and Northern Interior 
(CZ 16) saw a negative percent change in outage customer days.  Similar to patterns on wildfire/RFDs, CZ 3 
(reference city: Oakland) and CZ 4 (reference city: San Jose) saw the highest percent increase in outage customer 
hours (442 percent and 659 percent respectively) on multi-hazard days.  CZ 15 (reference city: Brawley) saw the 
highest percent drop (100 percent fewer outage customer hours) between multi-hazard days and non-weather 
hazard summer days. 

In summary, more densely populated CZs, located inland of the Central and Northern Coast and in Northern 
Central Valley, saw the greatest percent increase in outage customer hours on hazard days.  Compared to other 
CZs, zones in the Southland had fewer outage customer hours on hazard versus non-hazard summer days. 

4.4.3. Outage frequency and duration by utility (Oct 2017-Oct 2020) 

The previous section explored outage characteristics by climate zone.  This section explores outage frequency and 
duration trends by utility service areas.   

Do outage frequencies differ by utility?  Which electric service providers had the highest number of outage events and outage 
customer hours?  Table 4.10 summarizes outage events by electric service provider.  Pacific Gas and Electric (PG&E) 
accounted for more than 50 percent of outage events from October 2017-October 2020, followed by 26 percent 
by Southern California Edison (SCE), 12 percent by Los Angeles Department of Water and Power (LADWP), 
and 5 percent by San Diego Gas and Electric (SDG&E).  Burbank Water and Power and Liberty Utilities were 
responsible for single digit numbers of outage events. 

For the big three investor-owned utilities (i.e., PG&E, SCE, and SDG&E), the average number of customers 
without power ranged between 1,000-2,000 customers, and the average outage duration was approximately one 
day.  Based on 23 outage events, the Imperial Irrigation District had the longest outage events (1.87 days).  Based 
on five outage events, Liberty Utilities had the highest number of customers without power (6,134) and outage 
customer days (1,788).  In comparison, LADWP and SCE had about 800 outage customer days, PG&E had 564 
outage customer days, and SDG&E had 498 outage customer days.  For LADWP, this corresponds to 
approximately 30 outage customer days per month, and 389 outage customer days per year.  For PG&E, this 
corresponds to approximately 22 outage customer days per month, and 260 outage customer days per year. 

Overall, PG&E had the most outage events of all electric service providers during this period.  Liberty Utilities 
averaged the highest outage customer days, followed second by LAWDP.  



68 

 

Table 4.10: Total outage events and average outage duration by utility (Oct 2017-Oct 2020) 

Table notes: E.g., the San Diego Gas and Electric service area saw a total of 169 outage events, from October 2017-October 2020.  Those outage 
events averaged 7,267 customers tracked, 2,097 customers out, 1.06 outage days, and 498 outage customer days. 

Utility Outage event 
count* 

Average customers 
tracked** 

Average 
customers out 

Average outage 
duration (days) 

Average outage 
customer days 

Pacific Gas and Electric 1,679 2,673 1,135 1.09 564 

Southern California Edison 839 5,000 1,724 0.90 767 

Los Angeles Department of Water & Power 374 2,091 874 0.72 842 

San Diego Gas amd Electric 169 7,267 2,097 1.06 498 

Sacramento Municipal Utility District 41 3,403 1,542 0.51 390 

Riverside Public Utilities Department 25 7,261 1,846 0.54 259 

Imperial Irrigation District 23 1,850 1,032 1.87 659 

Pasadena Water and Power 22 2,230 1,092 0.55 322 

Liberty Utilities 5 11,627 6,134 1.04 1,788 

Burbank Water amd Power 4 114,750 12 0.55 2 

Based on outage event database: 
*Outage event: begins when 10 percent or more of tracked customers lose power, ends when at least 95 percent of tracked customers regain service 
**Averages are calculated during outage event (which can span multiple outages days) by electric service provider 

4.4.4. Hazard and outage frequency by city (May-Oct 2008-2017) 

This section and the following section explore outage characteristics by city.  This section looks at outage frequency 
trends by city from May-October 2008-2017, whereas the next section looks at outage duration trends by city, 
from May-October 2018-2020.  From May-October 2008-2017, the hazard outage database lists 1,325 outage 
days across 322 California cities.   

Which cities in the database had the highest number of heatwave and wildfire days?  Which cities in the database had the highest 
number of outage and joint heatwave outage days?  Figure 4.19 and Figure 4.20 both compare total hazard counts from 
May-October 2008-2017 by city (populations greater than 5,000).  Figure 4.19 ranks aggregate hazard counts by 
city for heatwave, wildfire, and RFDs.  Figure 4.20 ranks aggregate hazard counts by city for outage and joint 
heatwave outage days. 

From May-October 2008-2017, the average city in the hazard outage database had a total of approximately 70 
heatwave, 11 wildfire, 60 RFDs, 3 outage, and 0.5 joint heatwave outage days.  This is equivalent to less than 10 
heatwave and RFDs per year, and approximately one wildfire day per year.  For outages, this translates into fewer 
than 0.5 outage days per year, and approximately 0.5 joint heatwave outage days every 10 years.  In comparison, 
cities in the HOD8-17 ranking in the 95th percentile of hazard counts had a total of more than 195 heatwave, 26 
wildfire, or 244 RFDs.  This is equivalent to about 20 heatwave, 3 wildfire, and 25 RFDs per year.  Cities ranking 
in the 95th percentile of outage counts had a total of more than 10 outage days or two joint heatwave outage days.  
This is equivalent to about one outage day per year, and two joint heatwave outage days every 10 years. 

At the top of the chart in Figure 4.19, Agoura Hills had the highest number of heatwave days (562 days), followed 
by Calabasas (505), and Santa Clarita (485).  San Bernardino had the highest number of wildfire days (116 days), 
followed by Truckee (76) and Los Angeles (56).  At the top of the chart in Figure 4.20, San Diego had the highest 
number of outage days (67 days), followed by Los Angeles (65), and Palm Springs (45).  Los Angeles (14 days), 
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Santa Clarita (11), and San Diego (10) took the top spots for the highest number of joint heatwave outage days; 
these cities averaged at least one joint heatwave outage day per year. 

Figure 4.19: Total heatwave, wildfire, and RFDs by city (May-Oct 2008-2017) 

 

Figure 4.20: Total outage and joint heatwave outage days by city (May-Oct 2008-2017) 
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4.4.5. Outage duration by city (May-Oct 2018-2020) 

The previous section looked at outage frequency trends by city, from May-October 2008-2017.  This section 
looks at outage frequency and duration trends by city, from May-October 2018-2020.  From May-October 2018-
2020, the hazard outage database lists 1,549 outage events across 789 California cities.   

Figure 4.21 compares average annual outage customer days by city, from May-October 2018-2019, whereas 
Figure 4.22 and Figure 4.23 compare average daily outage customer days by city, from May-October 2018-2020.  
Figure 4.22 ranks cities with less than 1,000 daily outage customer days, whereas Figure 4.23 ranks cities with 
more than 1,000 daily outage customer days. 

Figure 4.21: Average annual outage customer days by city (May-Oct 2018-2019) 

Figure notes: Average annual outage customer days (>10,000) during outage events by city.  (An outage event begins when 10 percent or more of 
tracked customers lose power, and ends when at least 95 percent of tracked customers regain service.)  E.g., Los Angeles had an annual average 
of more than 60,000 outage customer days, from May-October 2018-2019. 

 

Which cities in the database had the highest number of outage customer days?  In Figure 4.21, the cities of Anaheim, Los 
Angeles, Grass Valley, and Santa Rosa topped the chart with more than 60,000 outage customer days per year.  
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Cities ranking above the 75th percentile in outage duration, had a daily average of more than 700 outage customer 
days during outage events.  Figure 4.22 compares cities whose daily outage customer hours fall within this range. 

In contrast, several cities boosted outage duration values high above the mean.  At the top of the chart, as shown 
in Figure 4.23, Grass Valley had a daily average of more than 25,000 outage customer days (calculated from four 
outage days).  In comparison, the daily average of outage customer days for Los Angeles and San Diego were 
approximately 1,000 days (calculated from 273 and 41 outage days respectively).  The cities of Moorpark, Artesia, 
Gardena, Santa Rosa, and Fresno all had daily averages of more than 10,000 outage customer days (values 
commensurate to other city’s average annual customer days).  Public Safety Power Shutoff events likely 
contributed to some of the largest values. 

Figure 4.22: Average daily outage customer days (<1,000 days) by city (May-Oct 2017-2020) 

Figure notes: Average daily outage customer days (<1,000) during outage events by city (population>50,000, customers tracked>5,000).  (An 
outage event begins when 10 percent or more of tracked customers lose power, and ends when at least 95 percent of tracked customers regain 
service.)  E.g., Bakersfield had a daily average of more than 400 outage customer days during outage events, from May-October 2017-2020. 
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Figure 4.23: Average daily outage customer days (>1,000 days) by city (May-Oct 2017-2020) 

Figure notes: Average daily outage customer days (>1,000) during outage events by city (population>10,000, customers tracked>100).  (An 
outage event begins when 10 percent or more of tracked customers lose power, and ends when at least 95 percent of tracked customers regain 
service.)  E.g., Los Angeles had a daily average of more than 1,000 outage customer days during outage events, from May-October 2017-2020. 

 

 

4.5. Regression Analysis: Heatwave and Outage Days 

The previous three sections explored spatial and temporal trends in the HOD8-20.  The remaining section is a 
regression analysis estimating outage likelihood and outage duration on hazard days. 

Section 4.5.1 examines outage likelihood based on the heat index and heatwave days from May-October 2008-
2017.  Section 4.5.2 examines outage duration based on the heat index and heatwave days from May-October 
2008-2017.  Section 4.5.3 discusses outage likelihood and duration trends by climate zone. 

4.5.1. Outage likelihood by heatwave days (May-Oct 2008-2017) 

The likelihood of a heatwave outage day is inferred from historical data using simultaneous heatwave and outage 
counts.  It is not inferred that these outages were caused by high temperatures or heatwave days, only that their 
incidence occurs over the same time period and geography. 

Outage likelihood is estimated using a logit regression model [Equation 1].  Three versions of the model were run 
[results 1-3]: [1] is a baseline logit model, [2] is a fixed effects logit model, and [3] includes additional lag heatwave 
and wildfire days and hazard interaction terms.  One version of the model estimated outage likelihood using the 
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heat index [1-3I], and a second version estimated outage likelihood using heatwave days [1-3D].  Regression results 
are summarized in Table 4.11 (see Table A-11 in Appendix C for full regression table). 

Table 4.11: Regression results - outage days by heat index and heatwave day (May-Oct 2008-2017) 

      [1I]   [2I]   [3I]   [1D]   [2D]   [3D] 
dependent variable: 
outage day logit logit fixed 

effects 
logit fixed 

effects logit logit fixed 
effects 

logit fixed 
effects 

heat index (F) (10 degrees) 1.053*** 1.058*** 1.047***    
   (0.008) (0.009) (0.015)    
L1.heat index   1.033*    
     (0.019)    
heatwave day    2.277*** 2.238*** 1.830*** 
  (95th percentile)    (0.180) (0.180) (0.199) 
L1.heatwave day      1.363*** 
        (0.149) 
wildfire/Red Flag Day 1.481*** 1.261** 0.226* 1.385*** 1.209 0.995 
   (0.174) (0.148) (0.175) (0.164) (0.142) (0.203) 
L1.wildfire/Red Flag Day   1.221   1.182 
     (0.234)   (0.229) 
heat index # wildfire/Red Flag Day   1.022**    
     (0.010)    
heatwave day # wildfire/Red Flag Day      1.308 
      (0.345) 
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
day of week dummy yes no no yes no no 
holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses      *** p<.01, ** p<.05, * p<.1 
See Table A-11 in Appendix C for full regression table 
See Table A-22 in Appendix C for pooled estimates table 

A 10ºF rise in the heat index increases outage odds by a factor of 1.06 [2I] (statistically significant at α=0.05).  A 
10ºF rise in the previous day’s heat index increases outage odds by a factor of 1.03 [3I] (statistically significant at 
α=0.1).  Outage odds on a heatwave day are 2.24 times that of a non-heatwave day [2D], and 1.36 times if the 
previous day was a heatwave day [3D] (statistically significant at α =0.05).  Outage odds on a wildfire/RFD are 
1.21 times that of a non-wildfire/RFD [2D], and 1.18 times if the previous day was a wildfire/RFD [3D] (not 
statistically significant).  Overall, outages are more likely on heatwave days compared to wildfire/RFDs.  Outage 
odds during compound heatwave wildfire/RFD events are 3.84 times that of non-heatwave non-wildfire/RFDs 
events (see Table A-22 in Appendix C for pooled estimates table). 

Rising temperatures increase outage likelihood at a higher rate on wildfire/RFDs than on non-wildfire/RFDs.  A 
10ºF rise in the heat index increases outage odds by a factor of 1.05 on non-wildfire/RFDs, compared to a factor 
of 1.30 on wildfire/RFDs.  Similarly, the likelihood of an outage during a heatwave depends on whether it is also 
a multi-hazard day.  For instance, outage odds on a heatwave (non-wildfire/RFD) day are 1.84 times that of a 
non-hazard day, while outage odds on a compound heatwave wildfire day are 2.38 times that of a non-hazard day.  
Based on the pooled results, outage odds on multi-hazard days (compound heatwave wildfire/RFDs) are 139 
percent and 30 percent higher respectively than on single hazard days (heatwave non-wildfire/RFDs and 
wildfire/RFD non-heatwave days) [3D].  In other words, the likelihood of outages are higher on joint hazard 
versus single hazard days. 
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Outage odds on a holiday are 56 percent lower than on a non-holiday.  Outage odds during the work week are 
19-44 percent higher than on weekends.  Outages are least likely on Sunday, followed by Saturday. 

4.5.2. Outage customer hours by heat index and heatwave days (June-Aug 2018-2020) 

A fixed effects model [Equation 2] was used to estimate outage customer hours from the heat index and heatwave 
days.  Five regression models were run [results 4-8].  For baseline estimates, the first two results come from OLS 
models, where [4] is a level-level and [5] is a log-level regression.  Model results [6-8] use log-level fixed effects, 
where [7] includes hazard lag terms and [8] includes a hazard interaction term.  One version of the model estimates 
outage customer hours using the heat index [4-8I], and a second version estimates outage customer hours from 
heatwave days [4-8D].  Table 4.12 summarizes regression results controlling for the heat index.  Table 4.13 
summarizes regression results controlling for heatwave days.  (See Table A-12 (heat index) and Table A-13 
(heatwave days) in Appendix C for full regression tables). 

Table 4.12: Regression results - outage customer hours by heat index (June-Aug 2018-2020) 

    [4I]   [5I]   [6I]   [7I]   [8I] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

heat index (F) (10 degrees) 21.229 0.034*** 0.070*** 0.011 -0.028 
   (32.859) (0.009) (0.015) (0.015) (0.017) 
L1.heat index    0.083*** 0.078*** 
      (0.017) (0.017) 
L2.heat index     0.011 
       (0.018) 
wildfire/Red Flag Day 980.446*** 0.501*** 0.578*** 0.372*** -0.330 
   (121.137) (0.038) (0.061) (0.059) (0.500) 
L1.wildfire/Red Flag Day    0.266*** 0.143** 
      (0.057) (0.063) 
L2.wildfire/Red Flag Day     0.136** 
       (0.068) 
heat index # wildfire/Red Flag Day     0.088 
       (0.068) 
R-squared 0.019 0.151 0.007 0.009 0.008 
AIC 2,143,407 479,490 452,476 311,559 237,612 
BIC 2,143,674 479,758 452,582 311,678 237,755 
population yes yes yes yes yes 
climate zone dummy yes yes no no no 
day of week dummy yes yes yes yes yes 
holiday dummy yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-12 in Appendix C for full regression table 

Outage customer hours increase more on wildfire/RFDs than on heatwave days.  In the standard OLS model, a 
10ºF increase in the average heat index is associated with 21 more outage customer hours [4I] (not statistically 
significant).  Applying a 95th percentile heatwave definition, a heatwave day is associated with 217 more outage 
customer hours [4D].  For reference, a 90th percentile heatwave day is associated with 27 more outage customer 
hours (not statistically significant), and a 98th percentile heatwave day is associated with 448 more outage customer 
hours (statistically significant at α=0.05).  A wildfire/RFD is associated with 984 more outage customer hours - 
more than four times the hours of a heatwave day (statistically significant at α=0.05) [4D]. 
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In the fixed effects model, a 10ºF increase in the average heat index is associated with 7 percent more outage 
customer hours (statistically significant at α=0.05) [6I].  A heatwave day is associated with 17 percent more outage 
customer hours, and a wildfire/RFD is associated with 60 percent more outage customer hours (statistically 
significant at α=0.05) [6D]. 

Table 4.13: Regression results - outage customer hours by heatwave day (June-Aug 2018-2020) 

    [4D]  [5D] [6D] [7D]  [8D] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

heatwave day 217.104** 0.060*** 0.170*** 0.049* -0.036 
  (95th percentile) (87.688) (0.021) (0.028) (0.029) (0.032) 
L1.heatwave day    0.188*** 0.178*** 
      (0.030) (0.031) 
L2.heatwave day     0.038 
       (0.030) 
wildfire/Red Flag Day 984.226*** 0.523*** 0.600*** 0.463*** 0.267*** 
   (120.377) (0.038) (0.062) (0.060) (0.068) 
L1.wildfire/Red Flag Day    0.243*** 0.202*** 
      (0.055) (0.062) 
L2.wildfire/Red Flag Day     0.069 
       (0.067) 
heatwave day # wildfire/Red Flag Day     0.514*** 
       (0.127) 
R-squared 0.019 0.151 0.008 0.010 0.011 
AIC 2,153,933 481,835 454,750 314,212 240,332 
BIC 2,154,201 482,102 454,855 314,332 240,475 
population yes yes yes yes yes 
climate zone dummy yes yes no no no 
day of week dummy yes yes yes yes yes 
holiday dummy yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-13 in Appendix C for full regression table 
See Table A-22 in Appendix C for pooled estimates table 

Outage customer hours decrease with subsequent heatwave days.  A heatwave on the previous day is associated 
with 18.8 percent more outage customer hours, while a heatwave day is associated with 4.9 percent more outage 
customer hours [7D].  Wildfires/RFDs have the opposite effect; outage customer hours increase on subsequent 
wildfire/RFDs.  A wildfire/RFD on the previous day is associated with 24.3 percent more outage customer hours, 
while a wildfire/RFD is associated with 46.3 percent more outage customer hours [8D].  Among heatwave and 
wildfire hazards, wildfire conditions accounted for the bulk of outage customer hours, although lag heatwave days 
played a bigger role in the accumulation of outage hours. 

Outage duration depends on both the heat index and whether it is simultaneously a multi-hazard day.  Outage 
customer hours increase with temperature but increase at a slightly higher rate on wildfire/RFDs (see Figure A-6 
in Appendix A).  Similarly, the relationship between hazards and outage customer hours depends on whether it is 
also a multi-hazard day.  For example, a heatwave (non-wildfire/RFD) event is associated with 18.0 percent more 
outage customer hours, a wildfire/RFD (non-heatwave) event is associated with 53.8 percent more outage 
customer hours, and a compound heatwave wildfire/RFD event is associated with 123.2 percent more outage 
customer hours [8D] (see Table A-22 in Appendix C for pooled estimates table).  The difference in outage 
customer hours by heat index on wildfire/RFDs versus non-wildfire/RFDs is not statistically significant, whereas 
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the difference in outage customer hours by heatwave day on wildfire/RFDs versus non-wildfire/RFDs is 
statistically significant.  Overall, outage customer hours are greater on multi-hazard events compared to single 
hazard events, and single hazard events compared to non-hazard events. 

Holidays are associated with 54 percent fewer outage customer hours.  Mondays through Thursdays are associated 
with 5-14 percent more outage customer hours than on Sundays, whereas Fridays and Saturdays are associated 
with 2-8 percent fewer outage customer hours than on Sundays. 

4.5.3. Outage likelihood and duration by climate zone 

Previous sections in this chapter explored hazard and outage characteristics by climate zone.  As previously 
discussed, the most outage and joint heatwave outage days during the summer occurred in climate zones (CZ) 
located in the Desert Region (CZs 14, 15), Southern Coast (CZs 7, 8, 9, 10), and Central Valley (CZs 11, 12, 
13).  A logical hypothesis for the regression analysis would be that outage likelihood and outage customer hours 
by climate zone would follow similar patterns. 

Figure 4.24 compares the outage likelihood of each CZ relative to CZ 1, using regression coefficient results from 
[1D] in Table 4.11 (see Table A-11 in Appendix C for full regression table) (May-October 2008-2017).  Figure 
4.25 compares outage customer hours for each CZ relative to CZ 1, using regression coefficient results from [5D] 
in Table 4.13 (see Table A-13 in Appendix C for full regression table) (June-August 2018-2020). 

CZ 1 (reference city: Eureka), located on the Northern Coast, is characterized by its low cooling degree days per 
capita.  All CZs had a higher outage likelihood than CZ 1, with the exception of CZ 16 (reference city: Bishop).  
CZs 4, 6, 7, 8, 9, 10, 14, 15, and 16 all had greater outage customer hours, while CZs 2, 3, 5, 11, 12, and 13 all 
had fewer outage customer hours relative to CZ 1.  

The Desert Region (CZs 14, 15), which had the highest number of heatwave days per year, had some of the highest 
outage customer hours of all zones (approximately 150 percent more outage customer hours than CZ 1).  CZ 15 
(reference city: Brawley) also had the second highest outage likelihood (470 percent higher outage odds than CZ 
1) of all zones, while CZ 14 (reference city: Barstow) had a relatively lower outage likelihood (50 percent higher 
odds than CZ 1) compared to its average heat index. 

The Southern Coast (CZs 6, 7, 8, 9), characterized by a higher cooling degree day per capita, had the greatest 
number of outage customer hours of all zones (approximately 200 percent more outage customer hours than CZ 
1).  CZ 7 (reference city: San Diego) and CZ 6 (reference city: Los Angeles) had the first and third highest outage 
likelihoods (1,019 percent and 305 percent higher odds respectively). 

The Central Valley (CZs 11, 12, 13), which in terms of temperature and population is less vulnerable compared 
to the Southern Coast or Desert Region, had lower outage likelihoods (6-34 percent higher odds than CZ 1) and 
fewer outage customer hours (7-52 percent fewer outage customer hours than CZ 1) relative to other zones.  CZ 
16 (reference city: Bishop), which posted the only outage likelihood lower than CZ 1 (77 percent lower odds than 
CZ 1), had a proportionally higher outage duration (69 percent more outage customer hours than CZ 1).   

Overall, hotter CZs did not necessarily translate into more frequent outages, and fewer outages did not necessarily 
mean shorter outage durations with fewer customers without power. 
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Figure 4.24: Regression results - outage likelihood by climate zone (May-Oct 2008-2017) 

Figure notes: Outage likelihood relative to Climate Zone 1.  Climate zone coefficients from [1D] in Table 
4.11 (see Table A-11 in Appendix C for full regression table).  E.g., Climate Zone 2 has a 55 percent 
higher odds of an outage than Climate Zone 1, controlling for hazard days and population. 

 Figure 4.25: Regression results - outage customer hours by climate zone (June-Aug 2018-2020) 

Figure notes: Percentage of outage customer hours relative to Climate Zone 1.  Climate zone coefficients 
from [5D] in Table 4.13 (see Table A-13 in Appendix C for full regression table).  E.g., Climate Zone 2 
has 30 percent fewer outage customer hours than Climate Zone 1, controlling for hazard days and 
customers tracked. 
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4.6. Results Summary 

This chapter addressed this paper’s first main research question: 

Research Question 1: What spatial and temporal trends characterize historical joint heatwave power outage 
events in California? 

RQ 1.1:   What is the likelihood of joint heatwave power outage events? 
RQ 1.2:   How do joint heatwave outage events impact outage duration and customers out? 

The following trend-related hypotheses were proposed: 

The number of summer outage and joint heatwave outage days have been increasing over the past decade. 

Based on the outage data in this analysis, an upward trajectory in outage frequency remains unclear during both 
the summer and year-round.  However, the frequency of joint heatwave outage days increased over this period.  
From 2008-2012, the average city experienced 0.009 joint heatwave outage days between May-October, the 
equivalent of nearly one joint heatwave outage day every 100 years.  From 2013-2017, this value more than 
doubled; cities experienced 0.019 joint heatwave outage days from May-October, the equivalent of nearly one 
joint heatwave outage day every 50 years.  The HOD17-20 suggests that even if summer outage rates are not 
increasing, the intensity of summer outages may be becoming more pronounced.   

The accuracy of outage frequency is vulnerable to data collection and tabulation.  The number of outage days in 
the HOD8-17 are a conservative estimate of actual customer interruptions.  However, the number of outage days 
in the HOD17-20 may overestimate actual customer interruptions, especially when compared to the number of 
outage events and outage duration.  Even then, outage event counts from 2017-2020 were more than ten times 
higher than outage day counts from 2008-2017.  Based on these differences, actual outage frequencies from 2008-
2017 may be 10 to 20 times larger than the sample counts in the HOD8-17.  More accurate outage estimates 
require more representative and precise outage data.  Given these limitations and the results of the analysis, 
analysis results should give less weight on the magnitude of outage rates compared to overall outage frequency 
trends. 

Outages occur more frequently on heatwave versus non-heatwave summer days. 

From May-October 2008-2017, the heat index was 1-8ºF higher on outage versus non-outage days.  The outage 
rate on heatwave days is higher than both the outage rate on non-heatwave days and the outage rate on summer 
days.  Fewer outage events occurred from May-October versus November-April.  Yet, outage duration, 
customers out, and outage customer hours were all higher during the summer season. 

The likelihood of an outage is higher on multi-hazard versus single hazard days, and single hazard versus non-
hazard days.  Using data from May-October 2008-2017, outage odds on heatwave days were 2.24 times (124 
percent higher odds) that of non-heatwave days.  Outage odds on wildfire/RFDs were 1.21 times (21 percent 
higher odds) that of non-wildfire/RFDs.  Outage odds on compound heatwave wildfire days were 2.71 times (171 
percent higher odds) that of non-hazard days.  Outage odds on compound heatwave wildfire/RFDs were 2.39 
times (139 percent higher odds) that of heatwave days (non-wildfire/RFDs), and 1.30 times (30 percent higher 
odds) that of wildfire/RFDs (non-heatwave days). 

Outage customer hours are greater for multi-hazard events compared to single hazard events, and single hazard 
events compared to non-hazard events.  Using data from June-August 2018-2020, a heatwave event is associated 
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with 18 percent more outage customer hours compared to non-heatwave events.  A wildfire/RFD event is 
associated with 54 percent more outage customer hours compared to non-wildfire/RFD events.  A compound 
heatwave wildfire/RFD event is associated with 123 percent more outage customer hours compared to non-
hazard events. 

California climate zones with more frequent heatwave days concurrently have a greater number of joint heatwave outage days. 

This chapter compared climate zones by heatwave and outage frequencies (May-October 2008-2017) (Figure 
4.12); outage event frequencies and outage duration (October 2017-October 2020) (Figure 4.14); the percent 
change in outage customer hours during hazard events (June-August 2018-2020) (Figure 4.18); outage likelihood 
(June-August 2018-2020) (Figure 4.24); and outage customer hours (June-August 2018-2020) (Figure 4.25). 

The analysis found that climate zones on the Central and Southern Coast had relatively higher outage frequencies.  
Yet climate zones in the Southland had relatively fewer outage customer hours on heatwave days.  In comparison, 
more densely populated climate zones located inland of the Central and Northern Coast, and in the Northern 
Central Valley, saw the greatest percent increase in outage customer hours on heatwave days.  These climate zones 
also had the greatest increase in outage customer hours during summer outage events. 

Outage frequency and duration are not always commensurate with a zone’s population and heat index.  How could 
hotter zones lead to more customer interruptions?  High temperatures contribute to disruptions in two ways: (1) 
increased consumer demand and (2) reduced infrastructure capacity and efficiency.  High electricity demand in 
higher temperature zones can strain the local distribution system and lead to more customer interruptions.  How 
could hotter zones not lead to more customer interruptions?  Infrastructure in these zones may already be adapted 
to managing regular, high temperature loads.  This adaptation may be a contributing factor in the Southland.  For 
instance, some climate zones on the Southern Coast and in the Desert Region were prone to fewer outage 
customer hours during the summer (May-October) and peak summer (July-August) months.  There may be fewer 
outage customer hours because these zones are also vulnerable to hazards that take place in the cooler months, or 
because their local infrastructure already has the levers and redundancies in place to manage heat-related stressors.  
Either way, compared to other climate zones, these areas may be relatively less vulnerable to summer outages. 

It is important to distinguish between heat-related population vulnerability and heat-related grid vulnerability.  In 
the standard scenario, high temperatures exacerbate underlying health conditions, air conditioning demand 
skyrockets, and transmission and distribution lines become strained.  In an alternative scenario, a community may 
be vulnerable to heat-related stressors at a lower temperature threshold, yet since power lines have universal 
temperature ratings, their local distribution system may not face any additional heat-related risks.  The reverse 
may also be true.  In a third scenario, a community facing no direct heat risk can face disruptions from heat-related 
grid vulnerabilities upstream.  Heat-related vulnerability for communities versus the electric power grid may not 
always correlate one-to-one. 

Chapter 4 explored associations between heatwave and outage days.  The analysis found that while outages are 
more likely on heatwave and wildfire/Red Flag Days, climate zones with more heatwaves do not have 
proportionally more outages.  This may indicate that service areas in the hottest zones are more adapted to 
managing high temperature loads.  An important concern is whether grid vulnerability leads to additional heat-
related vulnerability.  When outages occur during a heatwave, do individuals become more vulnerable to higher 
temperatures?  Heat-related risks during joint heatwave power outage events are the focus of the next chapter. 
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5. Relative Risk of Emergency Department Visits and Hospital Admissions 

5.1. Research Objective 

The previous chapter explored the relationship between heatwave, wildfire, and outage events.  This chapter 
extends the analysis to include associations among hazard days, emergency department visits, and hospital 
admissions.  Chapter 5 focuses on this dissertation’s second main research question: 

Research Question 2: What is the relative risk of emergency department visits and hospital admissions during 
joint heatwave power outage events in California? 

RQ 2.1:   What is the relative risk of emergency department visits and hospital admissions from joint 
heatwave outage events by race, age, and ICD diagnosis group? 

RQ 2.2:   How does outage duration and customers out impact the relative risk of emergency department 
visits and hospital admissions? 

To answer these questions, this chapter applies statistical regression analysis to explore trend-related hypotheses 
from historical joint hazard outage events.  The following plausible trend-related hypotheses are also proposed: 

1. Emergency department visits and hospital admissions are higher on joint heatwave outage days than on 
heatwave days. 

2. Emergency department visits and hospital admissions increase with higher outage customer days. 
3. Emergency department visits and hospital admissions are higher for less acclimated climate zones. 
4. Emergency department visits and hospital admissions are higher for non-White race/ethnicity groups on 

heatwave and outage days. 
5. Emergency department visits and hospital admissions are higher for 0-4 and 65+ age groups on heatwave 

and outage days. 
6. Emergency department visits and hospital admissions for heat illness, cardiovascular disease, and kidney 

disease are higher on joint heatwave outage days than on heatwave days. 
7. Emergency department visits and hospital admissions for carbon monoxide poisoning and electricity-

dependent medical device issues are higher on joint heatwave outage days than on outage days. 
8. Emergency department visits and hospital admissions for patients with socioeconomic challenges are 

higher on joint heatwave outage days than on heatwave and outage days. 

Chapter 5 is organized into five parts.  Section 5.2 explores associations among emergency department visits, 
hospital admissions, and hazard days.  Section 5.3 explores associations among emergency department visits, 
hospital admissions, hazard days, and outage duration.  Section 5.4 explores associations among emergency 
department visits, hospital admissions, and hazard days by race/ethnicity group.  Section 5.5 explores associations 
among emergency department visits, hospital admissions, and hazard days by age group.  Section 5.6 explores 
associations among emergency department visits, hospital admissions, and hazard days by ICD diagnosis group. 

Each section is further organized into two parts.  The first part is a preliminary exploration of the data using 
descriptive statistics, and the second part is a regression analysis.  The relative risk (RR) of emergency department 
visits and hospital admissions during hazard events is estimated using a Poisson regression model [Equation 3].  In 
this chapter, wildfire/Red Flag Days in the regression analysis are referred to as only wildfire days.   
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Section 5.2 runs five regression models on hazard and outage days.  Section 5.3 runs five regression models on 
hazard days and outage duration.  Sections 5.4-5.6 extends the regression analysis in Section 5.2 to include race, 
age, and ICD diagnosis groups.  Section 5.4 (race/ethnicity groups) and Section 5.5 (age groups) use three of the 
model variations run in Section 5.2.  Section 5.6 uses one model variation on each ICD diagnosis group. 

5.2. Hazard Outage Days, Emergency Department Visits, and Hospital Admissions (May-
Oct 2008-2017) 

This section explores the following trend-related hypotheses: 

Emergency department visits and hospital admissions are higher on joint hazard outage days than on single 
hazard days. 

Emergency department visits and hospital admissions are higher for less acclimated climate zones. 

Section 5.2.1 explores associations between emergency department visits and hospital admissions on hazard days.  
Section 5.2.2 estimates the relative risk of emergency department visits and hospital admissions on hazard days. 

5.2.1. Descriptive statistics: Emergency department visits, hospital admissions, and outage days 

On average, the number of emergency department (ED) visits was approximately 2.5 times the number of hospital 
admissions.  This was consistent on heatwave, wildfire, Red Flag, and outage days.  This section further explores 
ED and hospital admission trends on hazard days. 

How do emergency department and hospital admission counts change on heatwave days?  ED and hospitalization counts are 
higher on heatwave versus non-heatwave days.  From May-October 2008-2019, California cities averaged 140 ED 
visits and 44 hospitalizations on non-heatwave days, compared to 156 ED visits and 47 hospitalizations on heatwave 
(95th percentile) days. 

More intense heatwaves further increase patient counts.  Table 5.1 compares the average number of ED visits and 
hospitalizations on different heatwave day percentiles.  On 95th percentile heatwave days, ED visits and 
hospitalizations increased by 11 and 7 percent respectively.  On 99th percentile heatwave days, ED visits and 
hospitalizations increased by 33 and 34 percent respectively.  On 85th percentile heatwave days, cities averaged 
147 ED visits and 45 hospitalizations.  On 99th percentile heatwave days, cities averaged 186 ED visits and 59 
hospitalizations.  Between the lowest and highest heatwave day percentiles, ED and hospitalization rates more than 
doubled.  Between the 85th and 95th percentile heatwave days, ED visits and hospitalizations increased by 6 and 4 
percent respectively.  Between the 95th and 99th percentile heatwave days, ED visits and hospitalizations increased 
by 19 and 26 percent respectively.  Overall, average ED visits and hospitalizations for cities in the HOD8-17 not 
only increased on heatwave days, but increased at a higher rate on more intense heatwave days. 
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Table 5.1: ED visits and hospitalizations by heatwave day percentile (May-Oct 2008-2019) 

Table notes: E.g., California cities in the HOD8-19 averaged 140 ED visits and 44 hospitalizations on non-heatwave days, from May-October 
2008-2019.  During this same time period, cities averaged 154 ED visits and 48 hospitalizations on heatwave days (90th percentile), and 166 ED 
visits and 51 hospitalizations on heatwave days (98th percentile). 

Heatwave 
percentile 

Average emergency 
department visits 

Average hospital 
admissions 

non-heatwave day 140 44 

85th 147 45 

90th 154 48 

95th 156 47 

98th 166 51 

99th 186 59 

How do emergency department and hospital admission counts on heatwave days compare by city?  Figure 5.1 and Figure 5.2 
compare ED and hospitalization rates on heatwave and non-heatwave days by city.  Most cities had higher ED and 
hospitalization rates on heatwave versus non-heatwave days, as well as higher patient rates on 99th versus 95th 
percentile heatwave days.  For example, Santa Clara had an average ED rate of 0.50 visits on non-heatwave days, 
0.64 visits on 95th percentile heatwave days, and 1.03 visits on 99th percentile heatwave days, from June-August 
2008-2017.  The lower rates on the 99th versus 95th percentile heatwave days for some cities may be due in part 
to the low frequency of 99th percentile heatwave days. 

For most cities, the difference in patient rates between non-heatwave and heatwave days is less than five percentage 
points.  Examples of this can be seen in Figure 5.3, which plots the ED and hospitalization rate by heat index, on 
heatwave and non-heatwave days, for the cities of Los Angeles, Santa Rosa, and Sacramento.  In these cities, ED 
and hospitalization rates trend upward with a higher heat index (55-95°F).  However, ED rates decrease or level 
off, while hospitalization rates increase on heatwave days.  These examples are representative of other cities in the 
HOD8-17, although for some cities, an upward trend between the heat index and patient counts is more muted 
or non-existent.  In summary, while most cities’ overall ED and hospitalization counts trend slightly upward with 
higher temperatures, patient rates on heatwave days vary widely by city. 

How do emergency department and hospital admission counts change on single hazard versus multi-hazard days?  Although 
ED visits were consistently higher than hospitalizations on different hazard days, both followed similar trends.  
Table 5.2 summarizes the average number of ED and hospitalization counts on single, joint, and multi-hazard 
days.  Among heatwaves, wildfires, and RFDs, patient counts were highest on wildfire days.  Compared to non-
hazard days, patient counts were more than 10 percent higher on heatwave days and 50 percent higher on wildfire 
days.  ED and hospitalization counts on single hazard outage days topped those of any single-weather hazard day, 
as well as those of compound heatwave wildfire days. 

Joint wildfire/Red Flag outage days had nearly 50 percent more patient counts than joint heatwave outage days.  
Patient counts on joint heatwave outage days were more than 10 percent higher than on outage days, and more 
than 200 percent higher than on heatwave days.  In comparison, patient counts on joint wildfire/RFDs were more 
than 50 percent higher than on outage days, and more than 100 percent higher than on wildfire/RFDs. 
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The highest number of ED and hospitalization counts fell on compound heatwave wildfire outage days.  Compound 
heatwave wildfire outage days had more than four times the patient counts of joint heatwave outage days, five 
times the counts of outage days, and 15 times the counts of heatwave days. 

The difference in magnitude between joint and multi-hazard heatwave, wildfire, and outage days can be seen in 
Figure 5.4.  In the figure, compound heatwave wildfire outage days resulted in 2,707 ED visits and 827 
hospitalizations.  In comparison, joint heatwave outage days resulted in an average of 604 ED visits and 207 
hospitalizations, while heatwave days resulted in 160 ED visits and 50 hospitalizations.  Joint wildfire outage days 
resulted in an average of 788 ED visits and 310 hospitalizations, while wildfire days resulted in 256 ED visits and 
90 hospitalizations. 

In summary, ED visits and hospitalizations were higher on outage, heatwave, and wildfire days compared to non-
hazard days.  On average, wildfire days had higher patient counts than heatwave days, and outage days had higher 
patient counts than on either wildfire or heatwave days.  In general, patient counts were higher on joint hazard 
days compared to single hazard days, and higher on multi-hazard days compared to joint hazard days. 

Table 5.2: ED visits and hospitalizations by hazard day (May-Oct 2008-2017) 

Table notes: E.g., California cities averaged 158 ED visits and hospitalizations on heatwave days (95th percentile), 243 ED visits and 85 
hospitalizations on wildfire days, 164 ED visits and 55 hospitalizations on Red Flag Days,  529 ED visits and 189 hospitalizations on joint heatwave 
outage days, and 788 ED visits and 310 hospitalizations on joint wildfire outage days, from May-Oct 2008-2017. 

 Heatwave 
day 

(95th pct) 

Wildfire 
day 

Red Flag 
Day 

Outage 
day 

Average 
emergency 

department 
visits count 

Average 
hospital 

admissions 
count 

non-hazard day 0 0 0 0  139   44  

heatwave (95th percentile) day 1 0 0 0  158   48  

wildfire day 0 1 0 0  243   85  

Red Flag Day 0 0 1 0  164   55  

wildfire/RFD 0 1 1 0  334   126  

outage day 0 0 0 1  442   169  

compound heatwave wildfire day 1 1 0 0  315   88  

compound heatwave RFD 1 0 1 0  185   62  

compound heatwave wildfire RFD 1 1 1 0  774   331  

joint heatwave outage day 1 0 0 1  529   189  

joint RFD outage day 0 0 1 1  881   364  

joint wildfire RFD outage day 0 1 1 1  788   310  

compound heatwave wildfire outage day 1 1 0 1  2,707   1,077  

compound heatwave RFD outage day  1 0 1 1  1,389   367  
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Figure 5.1: ED rates by city (June-Aug 2008-2017) 

Figure notes: Cities (population>100,000) with ED (a) rates between 0.125-1 and (b) rates greater than 1 by heatwave day (95th and 99th 
percentile).  ED rates were calculated as the percentage of ED visits on heatwave days.  EDR=EDV/(100×P×N), where EDR=ED rate on 95th 
percentile heatwave days, EDV=ED counts on 95th percentile heatwave days, P=city population, and N=number of 95th percentile heatwave 
days.  Cities are ranked by ED rates on 95th percentile heatwave days.  E.g., Modesto had an average ED rate of 0.06 on non-heatwave days, 
0.66 on heatwave days (95th percentile), and 0.67 on heatwave days (99th percentile), from June-August 2008-2017. 

(a) 

 

(b) 
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Figure 5.2: Hospitalization rates by city (June-Aug 2008-2017) 

Figure notes: Cities with hospitalization (a) rates between 0.035-0.15 and (b) rates greater than 0.15 by heatwave day (95th and 99th percentiles).  
Hospitalization rates were calculated as the percent of hospitalizations on heatwave days.  HR=HV/(100×P×N), where HR= hospitalization 
rate on 95th percentile heatwave days, HV= hospitalization count on 95th percentile heatwave days, P=city population, and N=number of 95th 
percentile heatwave days.  Cities are ranked by hospitalization rates on 95th percentile heatwave days.  E.g., Fresno had an average hospitalization 
rate of 0.44 on non-heatwave days, 0.61 on heatwave days (95th percentile), and 0.77 on heatwave days (99th percentile), from June-August 
2008-2017. 

(a) 

 

(b) 
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Figure 5.3: ED and hospitalization rates in Los Angeles, Santa Rosa, and Sacramento (May-Oct 2008-2017) 

Figure notes: ED (left) and hospitalization (right) rates by heat index on heatwave and non-heatwave days for Los Angeles, Santa Rosa, and 
Sacramento.  The grey circles represent the average 5-day rate on non-heatwave days, while the colored circles represent the average 5-day rate 
on heatwave days.  Rates are calculated as the percentage of population.  R=V/P×100, where R=ED or hospitalization rate, V=ED or 
hospitalization count, and P=city population.  
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Figure 5.4: ED visits and hospitalizations on hazard days (May-Oct 2008-2017) 

Figure notes: Average (a) ED visits and (b) hospitalizations by hazard day from May-October 2008-2017.  Values labeled are the average number 
of ED visits and hospitalizations (mean values differ from the medium line in the box-and-whiskers plot).  ED and hospitalization counts are 
higher on joint hazard outage days compared to single hazard days.  E.g., California cities averaged 140 ED visits and 44 hospitalizations on non-
hazard days, 604 ED visits and 207 hospitalizations on joint heatwave outage (non-wildfire) days, and 788 ED visits and 310 hospitalizations on 
joint wildfire outage (non-heatwave) days. 

(a) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) 
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5.2.2. Regression analysis: Emergency department visits, hospital admissions, heatwave, and outage days 

Five models were run on both emergency department [results 1-5E] and hospital admission [results 1-5H] counts.  
The first two versions are baseline negative binomial [1] and Poisson [2] models.  The latter three versions are 
Poisson fixed effects models [3], where [4] includes hazard lag terms, and [5] includes hazard outage interaction 
terms.   

Emergency department visits 

Regression results for ED visits are summarized in Table 5.3.  Full regression table and pooled estimates table are 
found in Table A-14 and Table A-23 in Appendix C. 

Table 5.3: Regression results - ED visits by heatwave and outage day (May-Oct 2008-2017) 

    [1E]   [2E]   [3E]   [4E]   [5E] 
dependent variable: 
emergency department visits 

negative 
binomial Poisson Poisson fixed 

effects 
Poisson fixed 

effects 
Poisson fixed 

effects 
outage day 1.011 1.024*** 1.037** 1.025*** 1.040** 
 (0.017) (0.001) (0.016) (0.009) (0.017) 
L1.outage day    1.026**  
    (0.010)  
heatwave day (95th percentile) 1.058*** 1.058*** 1.014*** 1.005** 1.014*** 
   (0.005) (0.001) (0.004) (0.002) (0.004) 
L1.heatwave day    1.007***  
      (0.001)  
L2.heatwave day    1.012***  
      (0.002)  
wildfire day 1.048*** 1.112*** 1.003 0.998 1.004 
   (0.018) (0.002) (0.012) (0.007) (0.012) 
L1.wildfire day    1.001  
      (0.005)  
L2.wildfire day    1.004  
      (0.005)  
outage # heatwave day     0.979*** 
     (0.008) 
outage # wildfire day     0.993 
     (0.020) 
Pseudo R-squared 0.080 0.609 - - - 
AIC 4,038,740 27,593,987 3,343,621 3,342,348 3,343,579 
BIC 4,039,097 27,594,323 3,343,783 3,342,564 3,343,763 
population yes yes yes yes yes 
climate zone dummy yes yes no no no 
weekend and holiday dummy yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-14 in Appendix C for full regression table 
See Table A-23 in Appendix C for pooled estimates table 

For reference, the negative binomial model found that ED visits were 1.011 times more likely (1.1 percent higher) 
on outage versus non-outage days, 1.058 times more likely (5.8 percent higher) on heatwave versus non-heatwave 
days, and 1.048 times more likely (4.8 percent higher) on wildfire versus non-wildfire days [1E].  The heatwave 
and wildfire coefficients were statistically significant at α=0.05, whereas the outage coefficient was not.  ED visits 
were also 0.994 times less likely on weekends than on weekdays, and 1.048 times more likely on holidays than on 
non-holidays (statistically significant at α=0.05). 
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After controlling for differences across cities, the RR of ED visits was 1.025 times more likely (2.5 percent higher) 
on outage days, and 1.026 times more likely (2.6 percent higher) if the previous day was an outage day (statistically 
significant at α=0.05) [4E].  The RR of ED visits was 1.005 times more likely (0.5 percent higher) on heatwave 
days, 1.007 times more likely (0.7 percent higher) if the previous day was a heatwave day, and 1.012 times more 
likely (1.2 percent higher) if two days prior was a heatwaves day (statistically significant at α=0.05).  The RR of 
ED visits was 0.998 times less likely (0.2 percent lower) on wildfire days, 1.001 times more likely (0.1 percent 
higher) if the previous day was a wildfire day, and 1.004 times more likely (0.4 percent higher) if two days prior 
was a wildfire day (not statistically significant).  ED rates increased with both the lag 1 and lag 2 heatwave and 
wildfire days. 

The association between ED visits and outages depend on whether it is a single or joint hazard day.  ED visits are 
1.032 times more likely on joint heatwave outage (non-wildfire) days compared to non-hazard days.  In 
comparison, ED visits were 1.01 times more likely on heatwave (non-outage) days compared to non-heatwave 
non-outage days.  Similarly, ED visits were 1.037 times more likely on joint wildfire outage (non-heatwave) days 
compared to non-hazard days [5E].  In comparison, ED visits were 1.004 times more likely on wildfire (non-
outage) days compared to non-wildfire non-outage days. 

For hazard events, the pooled RR estimate of ED visits were 1.077 times more likely during joint heatwave outage 
events, 1.055 times more likely during joint wildfire outage events, and 1.08 times more likely during compound 
heatwave wildfire outage events compared to non-hazard events.  Overall, the RR of ED visits increased by less 
than five percent during single hazard events, and by less than 10 percent during joint and multi-hazard outage 
events. 

Hospital admissions 

Regression results for hospitalizations are summarized in Table 5.4.  Full regression table and pooled estimates 
table are found in Table A-15 and Table A-23 in Appendix C. 

For reference, the negative binomial model found that hospital admissions were 1.048 times more likely (4.8 
percent higher) on outage versus non-outage days, 1.059 times more likely (5.9 percent higher) on heatwave 
versus non-heatwave days, and 1.067 times more likely (6.7 percent higher) on wildfire versus non-wildfire days 
[1H].  All three hazard coefficients were statistically significant at α=0.05.  Hospitalizations were also 0.868 times 
less likely on weekends than on weekdays, and 0.786 times less likely on holidays than on non-holidays (statistically 
significant at α=0.05).   

After controlling for differences across cities, the RR of hospitalizations was 0.999 times less likely (0.1 percent 
lower) on outage days, and 1.004 times less likely (0.6 percent lower) if the previous day was an outage day (not 
statistically significant) [4H].  The RR of hospitalizations was 1.006 times more likely (0.6 percent higher) on 
heatwave days, 1.004 times more likely (0.4 percent higher) if the previous day was a heatwave day, and 1.011 
times more likely (1.1 percent higher) if two days prior was a heatwaves day (statistically significant at α=0.05).  
The RR of hospitalizations was 0.995 times less likely (0.5 percent lower) on wildfire days, 1.009 times more 
likely (0.9 percent higher) if the previous day was a wildfire day, and 1.009 times more likely (0.9 percent higher) 
if two days prior was a wildfire day (not statistically significant for the lag 0 and lag 2 days).  Hospitalization rates 
increased with both the lag 1 and lag 2 heatwave and wildfire days. 

The association between hospitalizations and outages depend on whether it is a single or joint hazard day.  
Hospitalizations were 1.033 times more likely on joint heatwave outage (non-wildfire) days compared to non-
hazard days.  In comparison, hospitalizations were 1.014 times more likely on heatwave (non-outage) days 
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compared to non-heatwave non-outage days.  Similarly, hospitalizations were 1.001 times more likely on joint 
outage wildfire (non-heatwave) days compared to non-hazard days.  In comparison, hospitalizations were 0.999 
times less likely on outage (non-wildfire non-heatwave) days compared to non-hazard days [5H].   

For hazard events, the pooled RR estimate of hospitalizations were 1.024 times more likely on joint heatwave 
outage events, 1.016 times more likely on joint wildfire outage events, and 1.037 times more likely on compound 
heatwave wildfire outage events compared to non-hazard events.  Overall, the RR of hospitalizations increased by 
less than two percent for single hazard events, and less than 4 percent for joint and multi-hazard outage events. 

Table 5.4: Regression results - hospitalizations by heatwave and outage day (May-Oct 2008-2017) 

 [1H]   [2H]   [3H]   [4H]   [5H] 
dependent variable: 
hospital admissions 

negative 
binomial Poisson 

Poisson fixed 
effects 

Poisson fixed 
effects 

Poisson fixed 
effects 

outage day 1.048** 1.000 1.001 0.999 0.999 
 (0.025) (0.002) (0.005) (0.005) (0.006) 
L1.outage day    1.004  
    (0.004)  
heatwave day (95th percentile) 1.059*** 1.060*** 1.013*** 1.006** 1.013*** 
   (0.007) (0.001) (0.004) (0.003) (0.004) 
L1.heatwave day    1.004***  
      (0.001)  
L2.heatwave day    1.011***  
      (0.003)  
wildfire day 1.067*** 1.142*** 1.010 0.995 1.009 
   (0.026) (0.003) (0.009) (0.004) (0.009) 
L1.wildfire day    1.009**  
      (0.004)  
L2.wildfire day    1.009  
      (0.006)  
outage # heatwave day     1.021 
     (0.013) 
outage # wildfire day     0.994 
     (0.009) 
Pseudo R-squared 0.075 0.554 - - - 
AIC 3,487,850  15,563,696  2,400,528  2,400,311  2,400,518  
BIC  3,488,210  15,564,034  2,400,691  2,400,529  2,400,703  
population yes yes yes yes yes 
climate zone dummy yes yes no no no 
weekend and holiday dummy yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-15 in Appendix C for full regression table 
See Table A-23 in Appendix C for pooled estimates table 

In summary, joint hazard events had a higher RR than single hazard events, and multi-hazard events had a higher 
RR than joint hazard events.  Among single hazard events, outage days increased the RR of ED visits by the highest 
magnitude, whereas heatwave days increased the RR of hospitalizations by the highest magnitude.  The RR of ED 
visits and hospitalizations were higher for joint heatwave outage events than for joint wildfire outage events.   

Climate zones 

The regression analysis indicates there may be regional adaptations to increasing heatwave risk.  Figure 5.5 maps 
the RR of ED visits and hospitalizations by climate zone (CZ).  On heatwave days, zones with the highest RR of 
ED visits and hospitalizations were located in the Northern Interior (CZ 16), east of the Northern and Southern 
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Coast (CZ 2, 9), and on the Southern tip (CZ 10, 15).  On joint heatwave outage days, zones with the highest RR 
of ED visits and hospitalizations were in the Northern Interior (CZ 16), Northern and Southern Central Valley 
(CZ 11, 13), and in the Southland (CZ 7, 8, 9, 10, 15). 

CZ 16 (reference city: Bishop) had the highest RR of all zones for both ED visits and hospitalizations on heatwave 
days (14 percent and 25 percent increase respectively).  On joint heatwave outage days, the RR of ED visits in CZ 
16 was 1.22 times more likely, while the RR of hospitalizations was less likely.  CZ 2 (reference city: Napa) had 
the highest RR of all zones for ED visits on joint heatwave outage days (31.5 percent increase), while CZ 15 
(reference city: Brawley) had the highest RR of all zones for hospitalizations on joint heatwave outage days (51.9 
percent increase). 

Figure 5.6 compares the RR of different climate zones by heatwave counts.  As shown in Figure 5.6 (a), for zones 
with less frequent heatwave days (fewer than 10 days per year), patient counts increased by a factor between 0.90-
1.04.  In comparison, for zones with more frequent heatwave days (more than 18 days per year), patient counts 
increased by a factor between 0.80-1.02.  For example, CZ 14 (reference city: Barstow), which averaged the 
highest heatwave count per year, had a comparatively lower likelihood of ED visits and hospitalizations (9 percent 
and 18 percent lower respectively) on heatwave days.  In the middle range, zones that averaged between 10-15 
heatwave days per year had a higher RR than both cooler and hotter cities: a factor between 0.95-1.25 for ED 
visits and hospitalizations.  

The objective of Figure 5.6 is not to imply there is a causal relationship between the number of hazard days and 
the RR of ED visits and hospitalizations or infer that the figure illustrates the exact response between heatwaves 
and patient risk (also see Figure A-10 in Appendix A). 

The objective of Figure 5.6 is to illustrate the RR of different CZs is not necessarily commensurate with heatwave 
frequency, indicating differences in regional adaptation among California zones: CZs with the highest RR rank in 
between zones with the lowest and highest number of heatwave days.  Cooler zones have the lowest RR of ED 
visits and hospitalizations on heatwave days.  Patient risk increases with the average number of heatwave days.  
Yet zones with the highest heatwave counts see a decrease or flattening in risk.  This pattern is consistent with the 
discussion in Chapter 4 that found that CZs with the most heatwave days were also more acclimated to higher 
temperatures; it also supports the evidence that cities with a higher heat index tend to have non-linear associations 
between temperature and heat-related risks. 
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Figure 5.5: ED visits and hospitalizations by climate zone (May-Oct 2008-2017) 

Figure notes: Relative risk of ED visits and hospitalizations by climate zone on heatwave days (red map) and joint heatwave outage days (blue map).  
Climate zone coefficients are adjusted from Climate Zone 1 baseline values from [1E] and [1H] in Table 5.3 (ED visits) and Table 5.4 
(hospitalizations) (see Table A-14 (ED visits) and Table A-15 (hospitalizations) in Appendix C for full regression tables). *p<0.05 
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Figure 5.6: Relative risk of ED visits and hospitalizations by climate zone (May-Oct 2008-2017) 

Figure notes: (a) Relative risk of ED visits and hospitalizations on heatwave days by heatwave day counts; (b) relative risk of ED visits and 
hospitalizations on joint heatwave outage days by heatwave day count.  Climate zone coefficients are adjusted from Climate Zone 1 baseline 
values from [1E] and [1H] in Table 5.3 (ED visits) and Table 5.4 (hospitalizations) (see Table A-14 (ED visits) and Table A-15 (hospitalizations) 
in Appendix C for full regression tables). 

(a) 

 

(b) 
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5.3. Hazard Outage Events, Emergency Department Visits, and Hospital Admissions 
(June-Aug 2018-2019) 

The previous section explored associations among emergency department visits, hospital admissions, and hazard 
days from 2008-2017.  This section explores associations among emergency department visits, hospital 
admissions, hazard days, outage duration, and customers without power from 2018-2019. 

This section explores the following trend-related hypothesis: 

Emergency department visits and hospital admissions increase with higher outage customer days (longer 
outage duration with more customers without power). 

Section 5.3.1 explores associations among emergency department visits, hospital admissions, and outage customer 
hours on hazard days.  Section 5.3.2 estimates the likelihood of emergency department visits and hospital 
admissions based on outage customer hours and hazard days. 

5.3.1. Descriptive statistics: Emergency department visits, hospital admissions, and outage customer days 

This section explores trends among outage customer hours, ED visits, and hospital admissions on hazard days. 

How do outage customer days change on heatwave days?  From May-October 2018-2019, average outage customer days 
were higher on 95th percentile heatwave days compared to non-heatwave days, and lower on 85th, 90th, 98th, and 
99th percentile heatwave days compared to non-heatwave days. Outage customer days increased between the 85th 
to 95th percentile heatwave days and decreased between the 95th to 99th percentile heatwave days.   

Table 5.5 summarizes outage customer days by heatwave percentiles with corresponding ED visit and 
hospitalization counts.  On non-heatwave days, California cities averaged 96 outage customer days, corresponding 
to 246 ED visits and 67 hospitalizations.  This dropped to 46 outage customer days on 85th percentile heatwave 
days, before peaking at 87 outage customer days on 95th percentile heatwave days.  On 99th percentile heatwave 
days, cities averaged 68 outage customer days, corresponding to 388 ED visits and 111 hospitalizations.  Overall, 
with more intense heatwave days, ED and hospitalization counts continued to rise, whereas outage customer days 
plateaued and then decreased on the hottest of days. 

How do outage customer hours change emergency department and hospital admission counts? An upward correlation between 
outage customer hours and patient counts is weak or absent for most cities in the HOD18-19.  Examples of this 
can be seen in Figure 5.7, which plots ED and hospitalization counts by outage customer hours for the cities of 
San Jose, Stockton, and Santa Ana.  For the cities shown, an increase in outage customer days is weakly correlated 
with higher patient counts.  An upward correlation between the accumulation of outage customer hours from the 
previous two days and patient counts also appears circumspect. 

How do outage customer hours change emergency department and hospital admission counts on hazard days?  No immediate 
observational trends indicate the association between outage customer days and patient counts differ substantially 
on hazard versus non-hazard days.  Meaning, even if patient counts increased with a rise in outage customer hours, 
the increase would be similar on hazard and non-hazard days.  Examples of this can be seen in Figure 5.8, that 
plots ED and hospitalization counts by outage customer hours on hazard and non-hazard days in Los Angeles.  As 
shown in the figure, patient counts in Los Angeles lack differentiation on heatwave/non-heatwave and 
wildfire/non-wildfire days.  This one example is consistent with those of other cities in the HOD18-19.  However, 
it should be noted that this lack of trend emerges from a span of only two years and is limited by the smaller 
number of hazard observations per city. 
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Table 5.5: ED visits and hospitalizations by heatwave day percentile (May-Oct 2018-2019) 

Table notes: E.g., California cities in the HOD18-19 averaged 96 outage customer days, 256 ED visits, and 67 hospitalizations on non-heatwave 
days from May-October 2018-2019.  During this same time period, cities averaged 54 outage customer days, 292 ED visits, and 78 hospitalizations 
on heatwave days (90th percentile); 99 outage customer days, 302 ED visits, and 79 hospitalizations on heatwave days (95th percentile); and 94 
outage customer days, 387 ED visits, and 103 hospitalizations on heatwave days (98th percentile). 

Heatwave 
percentile 

Average heat 
index (F) 

Average outage 
customer days 

Average emergency 
department visits 

Average hospital 
admissions  

non-heatwave day 64 96 246 67 

85th 73 46 247 65 

90th 76 54 292 78 

95th 79 99 302 79 

98th 81 94 388 103 

99th 86 68 387 111 

 

5.3.2. Regression analysis: Emergency department visits, hospital admissions, and outage customer days 

Five models were run on both emergency department [results 1-5E] and hospital admission [results 1-5H] counts.  
The first three versions are baseline log-level [1], negative binomial [2], and Poisson [3] models.  The latter two 
versions are Poisson fixed effects models [4], where [5] includes hazard lag terms.  Regression results for ED visits 
and hospitalizations are summarized in Table 5.6 and Table 5.7.  Full regression tables are found in Table A-16 
(ED visits) and Table A-17 (hospitalizations) in Appendix C. 

For reference, the log-level model found an additional 1,000 outage customer hours increased ED and 
hospitalizations by less than one percent (statistically significant at α=0.05).  As an example, from Table 5.5, cities 
averaged 46 outage customer days and 247 ED visits on 85th percentile heatwave days.  Doubling the number of 
outage customer days (or 1000 more outage customer hours) would lead to fewer than five additional ED visits. 

The negative binomial model found an additional 1,000 outage customer hours increased the ED rate by a factor 
of 1.027 (2.7 percent higher), and the hospitalization rate by a factor of 1.032 (2.3 percent higher) (statistically 
significant at α=0.05).  However, after controlling for intercity variation, outage customer hours had no effect 
on patient counts.  This result is consistent with patterns found showing a weak correlation between outage 
customer hours and patient counts. 
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Figure 5.7: ED visits and hospitalizations by outage customer hours (May-Oct 2018-2019) 

Figure notes: ED visits (left) and hospitalizations (right) by outage customer hours for the cities of San Jose, Stockton, and Santa Ana.  Orange 
circles show the association between outage customer hours (lag 0) and patient counts.  Blue circles show the association between the 
accumulation of outage customer hours (lag 0 + lag 1 + lag 2) and patient counts. 
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Figure 5.8: ED visits and hospitalizations by outage customer hours in Los Angeles (May-Oct 2018-2019) 

Figure notes: ED visits (left) and hospitalizations (right) by outage customer hours on heatwave (red circles) and wildfire/Red Flag Days (orange circles). 

(a) Outage customer hours on heatwave and non-heatwave days 

 

(b) Outage customer hours on wildfire/Red Flag Days and non-wildfire/Red Flag Days 
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Table 5.6: Regression results - ED visits by outage customer hours (June-Aug 2018-2019) 

    [1E] [2E]   [3E]   [4E]   [5E] 
dependent variable: 
emergency department visits log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

1000 outage customer hours 1.008*** 1.027*** 1.011*** 1.000 1.000 
   (0.002) (0.007) (0.001) (0.000) (0.000) 
heatwave day (95th percentile) 0.994 0.971 0.942 1.017*** 1.008** 
   (0.024) (0.026) (0.047) (0.005) (0.003) 
L1.heatwave day     1.009*** 
       (0.002) 
L2.heatwave day     1.009*** 
       (0.002) 
wildfire day 1.302*** 1.148*** 1.308*** 0.985*** 0.986*** 
   (0.049) (0.043) (0.092) (0.004) (0.003) 
L1.wildfire day     1.003 
       (0.007) 
L2.wildfire day     0.990 
       (0.007) 
Pseudo R-squared 0.363 0.050 0.379 - - 
AIC  29,073   147,263   2,878,403   89,029   88,970  
BIC  29,242   147,441   2,878,573   89,066   89,036  
population yes yes yes yes yes 
climate zone dummy yes yes yes no  no 
weekend and holiday dummy yes yes yes yes  yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-16 in Appendix C for full regression table 

Table 5.7: Regression results - hospitalizations by outage customer hours (June-Aug 2018-2019) 

    [1H]   [2H]   [3H]   [4H]   [5H] 
dependent variable: 
hospital admissions log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

1000 outage customer hours 1.008*** 1.032*** 1.010*** 1.000 1.000 
   (0.003) (0.007) (0.001) (0.000) (0.000) 
heatwave day (95th percentile) 1.008 0.959 0.961 1.012** 0.994 
   (0.035) (0.031) (0.051) (0.006) (0.012) 
L1.heatwave day     1.017*** 
       (0.006) 
L2.heatwave day     1.024*** 
       (0.007) 
wildfire day 1.646*** 1.267*** 1.359*** 0.991 0.997 
   (0.090) (0.059) (0.101) (0.006) (0.005) 
L1.wildfire day     0.970*** 
       (0.007) 
L2.wildfire day     1.011 
       (0.016) 
Pseudo R-squared 0.237 0.052 0.374 - - 
AIC 42,333 125,744 1153,462 74,678 72,974 
BIC 42,504 125,923 1153,633 74,715 73,041 
population yes yes yes yes yes 
climate zone dummy yes yes yes no  no 
weekend and holiday dummy yes yes yes yes  yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-17 in Appendix C for full regression table 
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5.4. Race/Ethnicity Groups, Emergency Department Visits, and Hospital Admissions 
(May-Oct 2008-2017) 

The previous two sections explored associations between emergency department visits and hospital admissions on 
outage and hazard days.  The next three sections stratify the analysis to different populations.  This section explores 
associations between emergency department visits and hospital admissions on hazard days by race/ethnicity 
groups.  It explores the following trend-related hypothesis: 

Emergency department visits and hospital admissions are higher for non-White race/ethnicity groups on 
hazard days. 

Five race/ethnicity groups are considered in the analysis: ‘White’, ‘Black,’ ‘Hispanic’, ‘Asian’, ‘Native American’, 
and ‘Other’.  Quoted race/ethnicities refer to corresponding data in the HOD8-17. 

Section 5.4.1 compares the percent change of emergency department visits and hospital admissions on hazard days 
by race/ethnicity group.  Section 5.4.2 estimates the relative risk of emergency department visits and hospital 
admissions on hazard days by race/ethnicity group. 

5.4.1. Descriptive statistics: Emergency department visits, hospital admissions, and race/ethnicity groups 

Figure 5.9 compares ED and hospitalization counts on heatwave, wildfire, and outage days across all race/ethnicity 
groups. Table 5.8 summarizes the percent change in patient counts on hazard days by race/ethnicity group.  
Although hospitalization counts were consistently lower than ED visits, the percent change in hospitalizations 
were generally higher than for ED visits. 

How do emergency department visits and hospital admissions change on hazard days by race/ethnicity group?  Heatwave days 
more than doubled ED visits for all but one race/ethnicity group, and tripled hospitalizations for all race/ethnicity 
groups.  Across all race/ethnicity groups, wildfire days led to 1-27 percent more ED visits and 8-22 percent more 
hospitalizations.  Outage days led to 10-137 more ED visits and 62-180 percent more hospitalizations.  Joint 
heatwave outage days led to 131-346 percent more ED visits and 269-404 percent more hospitalizations.  Across 
all race/ethnicity groups, the difference in percent change between heatwave and joint heatwave outage days were 
30-90 percentage points for ED visits and 30-70 percentage points for hospitalizations.   

White individuals saw a 242 percent increase in ED visits on heatwave days, 12 percent increase on wildfire days, 
73 percent increase on outage days, and 200 percent increase on joint heatwave outage days.  White individuals 
saw a 320 percent increase in hospitalizations on heatwave days, 10 percent increase on wildfire days, 97 percent 
increase on outage days, and 286 percent increase on joint heatwave outage days. 

Black individuals saw a 396 percent increase in ED visits on heatwave days, 27 percent increase on wildfire days, 
137 percent increase on outage days, and 348 percent increase on joint heatwave outage days.  Black individuals 
saw a 455 percent increase in hospitalizations on heatwave days, 22 percent increase on wildfire days, 180 percent 
increase on outage days, and 404 percent increase on joint heatwave outage days. 

Hispanic individuals saw a 331 percent increase in ED visits on heatwave days, 19 percent increase on wildfire 
days, 128 percent increase on outage days, and 255 percent increase on joint heatwave outage days.  Hispanic 
individuals saw a 405 percent increase in hospitalizations on heatwave days, 17 percent increase on wildfire days, 
170 percent increase on outage days, and 338 percent increase on joint heatwave outage days. 
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Asian individuals saw a 350 percent increase in ED visits on heatwave days, 13 percent increase on wildfire days, 
78 percent increase on outage days, and 282 percent increase on joint heatwave outage days.  Asian individuals 
saw a 375 percent increase in hospitalizations on heatwave days, 12 percent increase on wildfire days, 106 percent 
increase on outage days, and 321 percent increase on joint heatwave outage days. 

White individuals, who make up 72 percent of California’s population (U.S. Census Bureau, 2022), averaged 34 
percent of ED visits and 42 percent of hospitalizations on heatwave days in the HOD8-17.  Black individuals make 
up 7 percent of the population, while averaging 16 percent of ED visits and 11 percent of hospitalizations on 
heatwave days.  Hispanic individuals make up 40 percent of the population, while averaging 44 percent of ED 
visits and 37 percent of hospitalizations on heatwave days.  Asian individuals make up 16 percent of the population, 
while averaging 6 percent of ED visits and 9 percent of hospitalizations on heatwave days. 

Which hazards result in the highest percent change in emergency department visits and hospital admissions?  Across all 
race/ethnicity groups, heatwave and outage days resulted in a greater impact on hospitalizations, whereas wildfire 
days resulted in a greater impact on ED visits.  On average, heatwave days resulted in the highest percent change 
in patient counts compared to wildfire and outage days. 

Which race/ethnicity groups had the highest percent change in emergency department visits and hospital admissions on hazard 
days?  ‘Whites’ had the highest hospitalization count of all groups for both single hazard (i.e., heatwave, wildfire, 
outage) and non-hazard days.  ‘Whites’ also had the highest ED visits on non-hazard days, while ‘Hispanics’ had 
the highest ED visits on single hazard days.  ‘Blacks’ had the highest percent increase of all groups for both ED 
visits and hospitalizations for both single hazard (heatwave, wildfire, outage) and joint hazard (heatwave outage) 
days.  Following ‘Blacks’, ‘Hispanics’ had the second highest percent increase in ED visits on wildfire and outage 
days, and the second highest percent increase in hospitalizations on heatwave and wildfire days. 



101 

 

Figure 5.9: ED visits and hospitalizations on hazard and non-hazard days by race (May-Oct 2008-2017) 

(a) heatwave/non-heatwave days on wildfire/non-wildfire days 

 

(b) heatwave/non-heatwave days on outage/non-outage days 

 

A=Asian, B=Black, N=Native American, O=Other, W=White 
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Table 5.8: ED visits and hospitalizations percent change by hazard and race group (May-Oct 2008-2017) 

Group 
name 

Non-
heatwave 

Heatwave Percent 
change 

P-value Non-
Wildfire 

Wildfire Percent 
change 

P-value Non-
Outage 

Outage Percent 
change 

P-value Non-
HWO 

HWO Percent 
change 

P-value 

Emergency department visits               
White 62.2 212.3 241.3% 0.00* 56.1 62.9 12.2% 0.00* 56.4 97.3 72.6% 0.00* 56.3 168.8 200.1% 0.00* 
Black 19.7 97.4 395.5% 0.00* 15.8 20.0 27.1% 0.00* 16.0 37.8 136.9% 0.00* 15.9 71.2 347.8% 0.00* 
Hispanic 62.7 270.6 331.3% 0.00* 53.6 63.8 19.0% 0.00* 54.0 123.3 128.4% 0.00* 53.9 191.0 254.5% 0.00* 
Asian 7.9 35.5 350.0% 0.00* 7.1 8.0 12.5% 0.00* 7.2 12.7 77.6% 0.00* 7.1 27.3 282.5% 0.00* 
Native 0.6 1.6 167.2% 0.00* 0.6 0.6 0.9% 0.74 0.6 0.6 10.3% 0.14 0.6 1.3 131.0% 0.00* 
Other 9.0 43.3 383.2% 0.00* 7.8 9.1 17.8% 0.00* 7.8 16.9 116.0% 0.00* 7.8 30.6 292.8% 0.00* 
Hospital admissions         
White 22.3 93.7 320.3% 0.00* 20.5 22.7 10.3% 0.00* 20.6 40.7 97.2% 0.00* 20.5 79.3 286.2% 0.00* 
Black 4.5 25.0 454.9% 0.00* 3.8 4.6 22.0% 0.00* 3.8 10.6 180.0% 0.00* 3.8 19.1 403.7% 0.00* 
Hispanic 16.5 83.2 404.8% 0.00* 14.4 16.8 16.7% 0.00* 14.5 39.0 169.6% 0.00* 14.4 63.2 337.9% 0.00* 
Asian 4.2 20.1 375.4% 0.00* 3.8 4.3 12.0% 0.00* 3.9 7.9 105.7% 0.00* 3.8 16.2 321.1% 0.00* 
Native 0.1 0.6 323.1% 0.00* 0.1 0.1 7.7% 0.01* 0.1 0.2 61.5% 0.00* 0.1 0.5 269.2% 0.00* 
Other 2.2 10.7 392.2% 0.00* 1.9 2.2 18.2% 0.00* 1.9 4.5 138.3% 0.00* 1.9 8.2 340.1% 0.00* 
* p<0.05               

Table 5.9: ED visits and hospitalizations percent change by hazard and age group (May-Oct 2008-2017) 

Group 
name 

Non-
heatwave 

Heatwave Percent 
change 

P-value Non-
Wildfire 

Wildfire Percent 
change 

P-value Non-
Outage 

Outage Percent 
change 

P-value Non-
HWO 

HWO Percent 
change 

P-value 

Emergency department visits               
age 0-4 16.3 67.9 317.5% 0.00* 15.2 16.5 8.8% 0.00* 15.2 31.2 105.2% 0.00* 15.2 51.1 236.8% 0.00* 
age 5-34 65.7 261.1 297.6% 0.00* 57.2 66.6 16.5% 0.00* 57.6 118.7 106.1% 0.00* 57.5 194.2 237.9% 0.00* 
age 35-64 57.9 240.9 316.4% 0.00* 49.5 58.8 18.7% 0.00* 49.9 103.3 107.1% 0.00* 49.8 180.0 261.8% 0.00* 
age 65+ 22.2 90.7 307.9% 0.00* 19.0 22.6 18.8% 0.00* 19.2 35.5 84.7% 0.00* 19.1 65.0 239.6% 0.00* 
Hospital admissions         
age 0-4 7.0 7.9 12.4% 0.00* 7.0 16.1 128.3% 0.00* 7.0 29.3 317.8% 0.00* 7.8 36.4 369.3% 0.00* 
age 5-34 10.1 11.5 14.6% 0.00* 10.1 23.8 135.2% 0.00* 10.1 43.3 330.3% 0.00* 11.3 53.9 376.7% 0.00* 
age 35-64 14.2 16.3 15.1% 0.00* 14.3 34.0 138.7% 0.00* 14.2 61.8 334.9% 0.00* 16.0 77.2 381.7% 0.00* 
age 65+ 13.3 15.0 12.7% 0.00* 13.4 29.1 117.8% 0.00* 13.3 52.1 291.2% 0.00* 14.7 65.7 346.0% 0.00* 
* p<0.05 
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5.4.2. Regression analysis: Emergency department visits, hospital admissions, and race/ethnicity groups 

Three models were run for each race/ethnicity group, one set for ED visits [results 1-3E] and a second set for 
hospital admissions [results 1-3H].  The first model is a baseline Poisson model [1], the second is a Poisson fixed 
effects model [2], and the third is a Poisson fixed effects model with hazard lag terms [3].  Regression results are 
in Table 5.10 (ED visits) and Table 5.11 (hospitalizations).  Table 5.12 summarizes coefficient results for all 
race/ethnicity groups from model [3].  Full regression and pooled estimates tables are found in Table A-18 (ED 
visits), Table A-19 (hospitalizations), and Table A-24 (pooled estimates) in Appendix C. 

Relative risk on hazard days 

In the reference Poisson model, ED rates increased by 10 percent for ‘Whites’, 13 percent for ‘Blacks’, and 5 
percent for ‘Hispanics’ on outage days [1E].  On heatwave days, ED rates increased by 7 percent for ‘Whites’, 8 
percent for ‘Blacks’, and 4 percent for ‘Hispanics’.  Among all race/ethnicity groups, hospitalization rates were 
higher than ED rates on heatwave and outage days.  On outage days, hospitalization rates increased by 20 percent 
for ‘Whites’, 19 percent for ‘Blacks’, and 14 percent for ‘Hispanics’ [1H].  On heatwave days, hospitalization 
rates increased by 8 percent for ‘Whites’, 7 percent for ‘Blacks’, and 6 percent for ‘Hispanics’.  Both heatwave 
and wildfire days increased the likelihood of hospitalizations.  Yet for ED visits, heatwave days increased the 
likelihood of ED visits while wildfire days decreased the likelihood of ED visits.  On wildfire days, ED rates 
decreased by 2 percent for ‘Whites’, 7 percent for ‘Blacks’, and 1 percent for ‘Hispanics’.  In comparison, on 
wildfire days, hospitalization rates increased by 5 percent for ‘Whites’, 3 percent for ‘Blacks’, and 5 percent for 
‘Hispanics’.  All hazard coefficients were statistically significant. 

After controlling for intercity variation, the Poisson fixed effects results were more muted.  Across all 
race/ethnicity groups, the RR of ED visits were 0.964-1.024 times more likely on outage days, 0.991-1.009 times 
more likely on heatwave days, and 0.930-0.973 times less likely on wildfire days [3E].  On outage days, the RR 
of ED visits were 0.9 percent higher for ‘Whites’, 2.4 percent higher for ‘Blacks’, and 2.6 percent higher for 
‘Hispanics’.  On heatwave days, ‘Whites’ and ‘Hispanics’ had the highest RR of ED visits (0.7 percent higher) of 
all groups.  On outage days, ‘Asians’ had the highest RR of ED visits (2.6 percent higher) of all groups.  Outage 
and heatwave days were not statistically significant for any race/ethnicity group. 

Across all race/ethnicity groups, the RR of hospitalizations were 0.964-1.079 times more likely on outage days, 
1.001-1.015 times more likely on heatwave days, and 0.913-1.001 times less likely on wildfire days [3H].  On 
outage days, the RR of hospitalizations were 4.2 percent higher for ‘Whites’, 7.5 percent higher for ‘Blacks’, and 
5.1 percent higher for ‘Hispanics’.  On heatwave days, ‘Hispanics’ had the highest RR of hospitalizations (1.5 
percent higher) of all groups.  On outage days, the ‘Other’ group had the highest RR of ED visits (7.9 percent 
higher), followed by ‘Blacks’ (7.5 percent higher).  Similar to the results in Section 5.1, hazard lag days increased 
the RR of patient counts compared to the lag 0 hazard day.  Outage days were statistically significant for ‘Whites’ 
and ‘Hispanics’, heatwave days were statistically significant for ‘Whites’ and ‘Blacks’, and wildfire days were not 
statistically significant for any race/ethnicity group. 

Relative risk during single hazard events 

Based on the pooled estimates of hazard events, during outage events, ‘Blacks’ had the highest RR of ED visits 
(4.9 percent higher) and the second highest RR of hospitalizations (10.5 percent higher) of all groups.  ‘Asians’ 
and ‘Native Americans’ had a higher RR of ED visits than ‘Whites’ during outage events; and ‘Hispanics’ had a 
higher RR of hospitalizations than ‘Whites’ during outage events (7.7 percent higher). 
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During heatwave events, ‘Whites’ had the highest RR of ED visits (3.7 percent higher), followed by ‘Hispanics’ 
(2.3 percent higher), ‘Asians’ (2.2 percent higher), and ‘Blacks’ (2.0 percent higher).  ‘Hispanics’ had the highest 
RR of hospitalizations during heatwave events (3.6 percent higher), followed by ‘Whites’ (2.6 percent higher), 
‘Other’ (2.5 percent higher), and ‘Asians’ (2.2 percent higher). 

During wildfire events, the RR of ED visits were less likely for all race/ethnicity groups.  ‘Asians’ had the highest 
RR of ED visits of all groups during wildfire events (4.1 percent lower).  ‘Hispanics’ had a higher RR of ED visits 
than ‘Whites’, and ‘Blacks’ and ‘Hispanics’ had a higher RR of hospitalizations than ‘Whites’ during wildfire 
events. 

Relative risk during multi-hazard events 

Based on the pooled estimates of multi-hazard events, the RR of ED visits during compound heatwave wildfire 
events were less likely for all race/ethnicity groups.  ‘Asians’ had the highest RR of ED visits during compound 
heatwave wildfire events (2.0 percent lower), followed by ‘Whites’ (3.4 percent lower).  ‘Hispanics’ had the 
highest RR of hospitalizations during compound heatwave wildfire events (3.6 percent higher), followed by 
‘Whites’ (2.1 percent higher). 

During joint heatwave outage events, ‘Blacks’ had the highest RR of ED visits (6.9 percent higher) of all groups.  
‘Asians’ (6.2 percent higher) and ‘Native Americans’ (3.6 percent higher) both had a higher RR of ED visits than 
‘Whites’ (3.0 percent higher) during joint heatwave outage events.  The ‘Other’ group had the highest RR of 
hospitalizations during joint heatwave outage events (14.8 percent higher), followed by ‘Blacks’ (11.8 percent 
higher), ‘Hispanics’ (11.6 percent higher), and ‘Whites’ (7.3 percent higher). 

During joint wildfire outage events, the RR of ED visits were less likely for all race/ethnicity groups.  ‘Asians’ 
had the highest RR of ED visits during joint wildfire outage events (0.3 percent lower), followed by ‘Whites’ and 
‘Hispanics’ (both 7.5 percent lower).  The ‘Other’ group had the highest RR of hospitalizations of all groups 
during joint wildfire outage event (9.9 percent higher).  ‘Hispanics’ (7.7 percent higher) and ‘Blacks’ (7.5 percent 
higher) also had a higher RR of hospitalizations than ‘Whites’ (4.0 percent higher) during joint wildfire outage 
events. 

During compound heatwave wildfire outage events, ‘Asians’ had the highest RR of ED visits (1.9 percent higher), 
followed by ‘Whites’ (4.0 percent lower) and ‘Hispanics’ (5.4 percent lower).  The ‘Other’ group had the highest 
RR of hospitalizations of all groups during compound heatwave wildfire outage events (12.7 percent higher).  
‘Hispanics’ (11.6 percent higher) and ‘Blacks’ (8.8 percent higher) also had a higher RR of hospitalizations than 
‘Whites’ (6.7 percent higher). 

In summary, across all race/ethnicity groups, the RR of ED visits and hospitalizations were less likely on wildfire 
days, 1-4 percent more likely on heatwave days, and 1-10 percent more likely on outage days.  Hispanic individuals 
had the highest RR of hospitalizations of all groups on heatwave days, while Black individuals had the highest RR 
of ED visits of all groups on outage days.  Even so, hazard effect size across all models was small, and any differences 
in RR among groups were often within five percentage points of one another. 
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Table 5.10: Regression results - ED visits by race/ethnicity group (May-Oct 2008-2017) 

    [1E.W]   [2E.W]   [3E.W] [1E.B]   [2E.B]   [3E.B] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits White White White Black Black Black 
outage day 1.102*** 0.992 0.991 1.126*** 1.025 1.024 
 (0.004) (0.013) (0.012) (0.004) (0.023) (0.022) 
L1.outage day   1.002   1.024 
   (0.009)   (0.023) 
heatwave day (95th percentile) 1.066*** 1.020*** 1.007 1.075*** 1.008 1.005 
   (0.001) (0.007) (0.005) (0.002) (0.008) (0.008) 
L1.heatwave day   1.010   0.989 
     (0.006)   (0.007) 
L2.heatwave day   1.020***   1.026*** 
     (0.005)   (0.009) 
wildfire day 0.981*** 0.949** 0.973 0.933*** 0.891** 0.930 
   (0.004) (0.022) (0.018) (0.004) (0.044) (0.042) 
L1.wildfire day   0.969*   0.918*** 
     (0.018)   (0.025) 
L2.wildfire day   0.988   1.018 
     (0.011)   (0.022) 
Pseudo R-squared 0.445 - - 0.434 - - 
AIC  8,894,414   3,659,864   3,659,397   8,306,443   4,535,634   4,535,236  
BIC  8,894,735   3,660,014   3,659,601   8,306,764   4,535,783   4,535,439  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
 
 
(continued) 

      

    [1E.H]   [2E.H]   [3E.H] [1E.A]   [2E.A]   [3E.A] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits Hispanic Hispanic Hispanic Asian Asian Asian 
outage day 1.047*** 0.992 0.992 1.058*** 0.972 0.974 
 (0.003) (0.015) (0.014) (0.005) (0.037) (0.035) 
L1.outage day   0.999   0.972* 
   (0.014)   (0.016) 
heatwave day (95th percentile) 1.043*** 1.014** 1.007 1.064*** 1.022** 1.017 
   (0.001) (0.006) (0.006) (0.002) (0.010) (0.011) 
L1.heatwave day   1.004   1.014 
     (0.005)   (0.013) 
L2.heatwave day   1.012**   0.992 
     (0.005)   (0.013) 
wildfire day 0.990*** 0.936** 0.942** 0.980*** 0.955 0.868 
   (0.004) (0.028) (0.024) (0.005) (0.032) (0.079) 
L1.wildfire day   0.971*   1.053 
     (0.016)   (0.042) 
L2.wildfire day   1.020   1.106 
     (0.015)   (0.072) 
Pseudo R-squared 0.535 - - 0.397 - - 
AIC        8,981,721          3,681,664          3,681,518          7,623,345         4,828,415         4,828,235  
BIC        8,982,042          3,681,813          3,681,721          7,623,666         4,828,565         4,828,438  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
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(continued)       
    [1E.N]   [2E.N]   [3E.N] [1E.O]   [2E.O]   [3E.O] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits Native Native Native Other Other Other 
outage day 1.092*** 1.004 1.004 1.097*** 1.000 1.001 
 (0.005) (0.031) (0.030) (0.005) (0.020) (0.020) 
L1.outage day   1.004   0.970 
   (0.031)   (0.027) 
heatwave day (95th percentile) 1.072*** 1.029*** 1.023** 1.054*** 1.009 1.009 
   (0.002) (0.011) (0.010) (0.002) (0.014) (0.014) 
L1.heatwave day   1.003   0.993 
     (0.014)   (0.009) 
L2.heatwave day   1.011   1.011 
     (0.011)   (0.010) 
wildfire day 1.027*** 0.990 0.909 0.974*** 0.944** 0.947 
   (0.005) (0.025) (0.063) (0.005) (0.026) (0.033) 
L1.wildfire day   1.074   0.928*** 
     (0.056)   (0.022) 
L2.wildfire day   1.064   1.083*** 
     (0.050)   (0.033) 
Pseudo R-squared 0.354 - - 0.397 - - 
AIC        7,531,153          5,164,095          5,163,718          7,673,960         4,805,957         4,805,703  
BIC        7,531,485          5,164,245          5,163,921          7,674,281         4,806,107         4,805,906  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-18 in Appendix C for full regression table; see Table A-24 in Appendix C for pooled estimates table 

 

Table 5.11: Regression results - hospitalizations by race/ethnicity group (May-Oct 2008-2017) 

 [1H.W]   [2H.W]   [3H.W] [1H.B]   [2H.B]   [3H.B] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions White White White Black Black Black 
outage day 1.195*** 1.043* 1.042* 1.193*** 1.076** 1.075** 
 (0.006) (0.023) (0.022) (0.008) (0.031) (0.030) 
L1.outage day   1.003   1.028 
   (0.022)   (0.035) 
heatwave day (95th percentile) 1.076*** 1.020** 1.014** 1.067*** 1.010 1.001 
   (0.002) (0.008) (0.006) (0.003) (0.011) (0.013) 
L1.heatwave day   1.009   1.021** 
     (0.006)   (0.008) 
L2.heatwave day   1.003   0.990 
     (0.005)   (0.013) 
wildfire day 1.053*** 0.999 1.001 1.029*** 0.978 0.991 
   (0.006) (0.023) (0.051) (0.008) (0.033) (0.060) 
L1.wildfire day   0.997   0.972 
     (0.030)   (0.064) 
L2.wildfire day   0.997   1.010 
     (0.021)   (0.030) 
Pseudo R-squared 0.429 - - 0.406 - - 
AIC  5,262,861   1,916,089   1,916,076   3,796,988   2,084,507   2,084,462  
BIC  5,263,195   1,916,240   1,916,281   3,797,322   2,084,658   2,084,667  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
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(continued)       
    [1H.H]   [2H.H]   [3H.H] [1H.A]   [2H.A]   [3H.A] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions Hispanic Hispanic Hispanic Asian Asian Asian 
outage day 1.140*** 1.052 1.051 1.118*** 1.026 1.026 
 (0.006) (0.033) (0.032) (0.005) (0.023) (0.022) 
L1.outage day   1.025   1.013 
   (0.023)   (0.023) 
heatwave day (95th percentile) 1.064*** 1.027*** 1.015** 1.051*** 1.009 1.003 
   (0.002) (0.008) (0.007) (0.002) (0.015) (0.014) 
L1.heatwave day   1.019***   0.996 
     (0.007)   (0.009) 
L2.heatwave day   1.002   1.023** 
     (0.006)   (0.010) 
wildfire day 1.047*** 0.991 0.975 0.989** 0.960 0.962 
   (0.006) (0.021) (0.031) (0.005) (0.025) (0.030) 
L1.wildfire day   1.005   0.972 
     (0.022)   (0.029) 
L2.wildfire day   1.020*   1.026 
     (0.010)   (0.029) 
Pseudo R-squared 0.490 - - 0.393 - - 
AIC  4,484,609   1,930,581   1,930,495   7,623,345   4,828,415   4,828,235  
BIC  4,484,944   1,930,732   1,930,700   7,623,666   4,828,565   4,828,438  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
 
(continued) 

      

    [1H.N]   [2H.N]   [3H.N] [1H.O]   [2H.O]   [3H.O] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions Native Native Native Other Other Other 
outage day 1.137*** 1.021 1.020 1.200*** 1.081 1.079 
 (0.009) (0.019) (0.020) (0.008) (0.055) (0.053) 
L1.outage day   1.083   1.038 
   (0.071)   (0.057) 
heatwave day (95th percentile) 1.069*** 1.020 1.019 1.067*** 1.020* 1.012 
   (0.003) (0.014) (0.013) (0.003) (0.011) (0.011) 
L1.heatwave day   0.995   1.015 
     (0.013)   (0.013) 
L2.heatwave day   1.011   0.998 
     (0.014)   (0.017) 
wildfire day 1.123*** 1.074** 1.088*** 1.028*** 0.979 0.970 
   (0.009) (0.033) (0.031) (0.008) (0.050) (0.084) 
L1.wildfire day   0.950   1.013 
     (0.060)   (0.067) 
L2.wildfire day   1.035   0.999 
     (0.052)   (0.020) 
Pseudo R-squared 0.345 - - 0.375 - - 
AIC  7,531,153   5,164,095   5,163,718   3,622,543   2,136,472   2,136,435  
BIC  7,531,485   5,164,245   5,163,921   3,622,878   2,136,623   2,136,640  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-19 in Appendix C for full regression table 
See Table A-24 in Appendix C for pooled estimates table 
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Table 5.12: Regression results - summary by race/ethnicity group (May-Oct 2008-2017) 

   [3E.W]   [3E.B]   [3E.H]   [3E.A]   [3E.N]   [3E.O] 
dependent variable: 
emergency department visits White Black Hispanic Asian Native Other 

outage day 0.991 1.024 0.992 0.974 1.004 1.001 
L1.outage day 1.002 1.024 0.999 0.972* 1.004 0.970 
heatwave day (95th percentile) 1.007 1.005 1.007 1.017 1.023** 1.009 
L1.heatwave day 1.010 0.989 1.004 1.014 1.003 0.993 
L2.heatwave day 1.020*** 1.026*** 1.012** 0.992 1.011 1.011 
wildfire day 0.973 0.930 0.942** 0.868 0.909 0.947 
L1.wildfire day 0.969* 0.918*** 0.971* 1.053 1.074 0.928*** 
L2.wildfire day 0.988 1.018 1.020 1.106 1.064 1.083*** 
       
   [3H.W]   [3H.B]   [3H.H]   [3H.A]   [3H.N]   [3H.O] 
dependent variable: 
hospital admissions White Black Hispanic Asian Native Other 

outage day 1.042* 1.075** 1.051 1.026 1.020 1.079 
L1.outage day 1.003 1.028 1.025 1.013 1.083 1.038 
heatwave day (95th percentile) 1.014** 1.001 1.015** 1.003 1.019 1.012 
L1.heatwave day 1.009 1.021** 1.019*** 0.996 0.995 1.015 
L2.heatwave day 1.003 0.990 1.002 1.023** 1.011 0.998 
wildfire day 1.001 0.991 0.975 0.962 1.088*** 0.970 
L1.wildfire day 0.997 0.972 1.005 0.972 0.950 1.013 
L2.wildfire day 0.997 1.010 1.020* 1.026 1.035 0.999 
*** p<.01, ** p<.05, * p<.1 
Table notes: Regression coefficients from models [3E] and [3H] in Table 5.10 and Table 5.11. 

 

 

5.5. Age Groups, Emergency Department Visits, and Hospital Admissions (May-Oct 
2008-2017) 

This section explores associations between emergency department visits and hospital admissions on hazard days 
by age group.  It explores the following trend-related hypothesis: 

Emergency department visits and hospital admissions are higher for the youngest (0-4) and oldest (65+) age 
groups on hazard days. 

Four age groups are considered in the analysis: 0-4, 5-35, 36-64, and 65+.  Section 5.5.1 compares the percent 
change of emergency department visits and hospital admissions on hazard days by age group.  Section 5.5.2 
estimates the relative risk of emergency department visits and hospital admissions on hazard days by age group. 

5.5.1. Descriptive statistics: Emergency department, hospital admissions, and age groups 

Figure 5.10 compares ED and hospitalization counts on heatwave, wildfire, and outage days across all age group.  
Table 5.9 summarizes the percent change in patient counts on hazard days by age group. 

How do emergency department visits and hospital admissions change on hazard days by age group?  Across all age groups, 
ED visits tripled on heatwave days and doubled on joint heatwave outage days.  Hospitalizations tripled on both 
outage and joint heatwave outage days.  Across all age groups, heatwave days led to 298-318 percent more ED 
visits and 12-15 percent more hospitalizations; wildfire days led to 9-19 percent more ED visits and 118-139 
percent more hospitalizations; outage days led to 85-107 more ED visits and 291-335 percent more 
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hospitalizations; and joint heatwave outage days led to 237-262 percent more ED visits and 346-382 percent more 
hospitalizations. 

The 0-4 age group saw a 317 percent increase in ED visits on heatwave days, 9 percent increase on wildfire days, 
105 percent increase on outage days, and 237 percent increase on joint heatwave outage days.  The 0-4 age group 
saw a 12 percent increase in hospitalizations on heatwave days, 128 percent increase on wildfire days, 318 percent 
increase on outage days, and 369 percent increase on joint heatwave outage days. 

The 5-34 age group saw a 298 percent increase in ED visits on heatwave days, 17 percent increase on wildfire 
days, 106 percent increase on outage days, and 238 percent increase on joint heatwave outage days.  The 5-34 age 
group saw a 15 percent increase in hospitalizations on heatwave days, 135 percent increase on wildfire days, 330 
percent increase on outage days, and 377 percent increase on joint heatwave outage days. 

The 35-64 age group saw a 317 percent increase in ED visits on heatwave days, 19 percent increase on wildfire 
days, 107 percent increase on outage days, and 262 percent increase on joint heatwave outage days.  The 35-64 
age group saw a 15 percent increase in hospitalizations on heatwave days, 139 percent increase on wildfire days, 
335 percent increase on outage days, and 382 percent increase on joint heatwave outage days. 

The 65+ age group saw a 308 percent increase in ED visits on heatwave days, 19 percent increase on wildfire 
days, 85 percent increase on outage days, and 240 percent increase on joint heatwave outage days.  The 65+ age 
group saw a 13 percent increase in hospitalizations on heatwave days, 118 percent increase on wildfire days, 291 
percent increase on outage days, and 346 percent increase on joint heatwave outage days. 

Which hazards result in the highest percent change in emergency department visits and hospital admissions?  Across all age 
groups, wildfire and outage days had a greater impact on hospitalizations, whereas heatwave days had a greater 
impact on ED visits.  On average, outages had the highest percent impact on hospitalizations, and heatwaves had 
the highest percent impact on ED visits. 

Which age groups had the highest percent change in emergency department visits and hospital admissions on hazard days?  The 
35-64 age group had the highest hospitalization count of all groups on both single hazard (heatwave, wildfire, 
outage) and non-hazard days, and the highest percent change on all hazard days.  The 5-34 age group had the 
highest ED counts on both single hazard and non-hazard days, but not the highest percent change on hazard days.  
The 0-4 age group had the highest percent change in ED visits on heatwave days, the 65+ age group had the highest 
percent change on wildfire days, and the 35-65 age group had the highest percent change on outage and joint 
heatwave outage days.  Overall, no consistent trends indicate that any one age group was at higher risk than others. 
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Figure 5.10: ED visits and hospitalizations on hazard and non-hazard days by age group (May-Oct 2008-2017) 

(a) heatwave/non-heatwave days on wildfire/non-wildfire days 

 

(b) heatwave/non-heatwave days on outage/non-outage days 
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5.5.2. Regression analysis: Emergency department, hospital admissions, and age groups 

Three models were run for each age group, one set for ED visits [results 1-3E] and a second set for hospital 
admissions [results 1-3H].  The first model is a baseline Poisson model [1], the second is a Poisson fixed effects 
model [2], and the third is a Poisson fixed effects model with hazard lag terms [3].  Regression results are in Table 
5.13 (ED visits) and Table 5.14 (hospitalizations).  Table 5.15 summarizes coefficient results for all age groups 
from model [3].  Full regression and pooled estimates tables are found in Table A-20 (ED visits), Table A-21 
(hospitalizations), and Table A-25 (pooled estimates) in Appendix C. 

Relative risk on hazard days 

In the reference Poisson model, outage days increased ED rates by the greatest magnitude, followed by heatwave 
and wildfire days.  Across all age groups, ED rates were 1.067-1.084 times more likely on outage days, 1.054-
1.063 times more likely on heatwave days, and 1.004-1.040 percent more likely on wildfire days [1E].  ED rates 
were highest for the 5-34 age group (9.3 percent higher) on outage days, 35-64 age group (6.7 percent higher) 
on heatwave days, and 0-4 age group (5.2 percent higher) on wildfire days.  In comparison, hospitalization rates 
were similar to ED rates on heatwave and wildfire days, and higher than ED rates on outage days.  Across all age 
groups, hospitalization rates were 1.125-1.128 times more likely on outage days, 1.057-1.068 times more likely 
on heatwave days, and 1.048-1.052 times more likely on wildfire days [1H].  Hospitalization rates were highest 
for the 0-4 age group (14.9 percent higher) on outage days, 5-34 age group (7.1 percent higher) on heatwave 
days, and 0-4 age group (5.6 percent higher) on wildfire days.  All heatwave and outage coefficients were 
statistically significant. 

After controlling for intercity variation, Poisson fixed effects results were more muted.  Across all age groups, 
the RR of ED visits were 0.996-1.004 times more likely on outage days, 1.005-1.014 times more likely on 
heatwave days, and 1.000-1.028 times more likely on wildfire days [3E].  On outage days, the RR of ED visits 
was 1.004 times more likely for the 5-34 age group, while less likely for all other age groups.  On heatwave days, 
the RR of ED visits was more likely for all age groups, with the highest RR belonging to the 35-64 age group (1.4 
percent higher).  Outage days were not statistically significant for any age group.  Heatwave days were statistically 
significant for the 0-34 and 35-64 age groups.  Wildfire days were statistically significant for the 0-4 and 5-34 age 
groups. 

Across all age groups, the RR of hospitalizations were 1.009-1.027 times more likely on outage days, 1.005-1.011 
times more likely on heatwave days, and 0.998-1.001 times less likely on wildfire days [3H].  The 0-4 age group 
had the highest RR of hospitalizations of all groups on outage days (2.7 percent higher); and the 35-64 age group 
had the highest RR of hospitalizations of all groups on heatwave days (1.1 percent higher).  On wildfire days, the 
RR of hospitalizations was 1.001 times more likely for the 0-4 age group, while less likely for all other age groups.  
Similar to Section 5.1 results, hazard lag days increased the RR of patient counts compared to the lag 0 hazard 
day.  Outage days were statistically significant for the 0-4, 35-64, and 65+ age groups.  Heatwave days were 
statistically significant for all age groups.  Wildfire days were not statistically significant for any age group. 

Relative risk during single hazard events 

Based on the pooled estimates of hazard events, during outage events, the 0-4 age group had the highest RR of 
hospitalizations (2.4 percent higher), followed by the 35-54 and 65+ age groups (both 1.9 percent higher).  The 
RR of ED visits were less likely for all age groups during outage events.  The 5-34 age group had the highest RR 
of ED visits (0.9 percent lower), while the 65+ age group had the lowest RR of ED visits of all groups (3.2 percent 
lower) during outage events. 
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During heatwave events, the 35-64 age group had the highest RR of ED visits (3.3 percent higher), and the 5-34 
age group had the highest RR of hospitalizations (3.3 percent higher) of all groups.  The 65+ age group had the 
lowest RR for both ED visits (2.4 percent higher) and hospitalizations (1.9 percent higher) of all groups during 
heatwave events. 

During wildfire events, the 0-4 age group had the highest RR for both ED visits (0.6 percent lower) and 
hospitalizations (1.2 percent higher) of all groups.  The RR of ED visits during wildfire events were less likely for 
all age groups.  The 65+ age group had the lowest RR of ED visits (4.9 percent lower), and the 35-64 age group 
had the lowest RR of hospitalizations (1.2 percent lower) of all groups during wildfire events. 

Relative risk during multi-hazard events 

Based on the pooled estimates for multi-hazard events, the 0-4 age group had the highest RR for both ED visits 
(2.2 percent higher) and hospitalizations (4.5 percent higher) of all groups during compound heatwave wildfire 
events.  The 65+ age group had the lowest RR of ED visits (2.6 percent lower), and the 35-64 age group had the 
lowest RR of hospitalizations (1.6 percent higher) of all groups during compound heatwave wildfire events. 

During joint heatwave outage events, the 5-34 age group had the highest RR of ED visits (2.2 percent higher), 
followed by the 0-4 age group (1.6 percent higher), 35-64 age group (1.3 percent higher), and 65+ age group 
(0.8 percent lower).  The 0-4 age group had the highest RR of hospitalizations (5.7 percent higher), and the 65+ 
age group had the lowest RR of hospitalizations (3.9 percent higher) of all groups during joint heatwave outage 
events. 

During joint heatwave outage events, the 0-4 age group had the highest RR for both ED visits (1.8 percent lower) 
and hospitalizations (3.6 percent higher) of all groups.  The 0-4 age group also had the highest RR for both ED 
visits (1.0 percent higher) and hospitalizations (7.0 percent higher) of all groups during compound heatwave 
wildfire outage events.  The RR of ED visits were less likely for all age groups during joint wildfire outage events.  
The 65+ age group had the lowest RR of ED visits of all groups for both joint wildfire outage events (7.9 percent 
lower) and compound heatwave wildfire outage events (5.7 percent lower).  The 35-64 age group had the lowest 
RR of hospitalizations of all groups for both joint wildfire outage events (0.7 percent higher) and compound 
heatwave wildfire outage events (3.5 percent higher).   

In summary, no single age group had a consistently higher RR across all hazards for both ED visits and 
hospitalizations.  The 65+ age group was not at a relatively higher risk of ED visits or hospitalizations compared 
to other age groups.  The 0-4 age group had the highest RR of hospitalizations of all groups during outage and 
wildfire events.  Even so, hazard effect size across all models was nominal and any differences in RR among groups 
were often within two percentage points of one another. 
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Table 5.13: Regression results - ED visits by age group (May-Oct 2008-2017) 

    [1E.1]   [2E.1]   [3E.1] [1E.2]   [2E.2]   [3E.2] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits age 0-4 age 0-4 age 0-4 age 5-34 age 5-34 age 5-34 
outage day 1.084*** 0.997 0.996 1.093*** 1.005 1.004 
 (0.004) (0.012) (0.012) (0.003) (0.008) (0.008) 
L1.outage day   0.992   0.987 
   (0.024)   (0.008) 
heatwave day (95th percentile) 1.059*** 1.015** 1.005 1.063*** 1.017*** 1.007* 
   (0.001) (0.007) (0.006) (0.001) (0.005) (0.004) 
L1.heatwave day   1.011**   1.005 
     (0.005)   (0.004) 
L2.heatwave day   1.012   1.019** 
     (0.009)   (0.008) 
wildfire day 1.052*** 1.006 1.028** 1.040*** 0.993 1.024** 
   (0.004) (0.010) (0.013) (0.003) (0.015) (0.010) 
L1.wildfire day   0.961   0.982 
     (0.027)   (0.015) 
L2.wildfire day   1.006   0.964*** 
     (0.023)   (0.012) 
Pseudo R-squared 0.512 - - 0.552 - - 
AIC  7,230,480   2,816,783   2,816,563   9,087,227   2,670,446   2,669,910  
BIC  7,230,802   2,816,932   2,816,766   9,087,548   2,670,596   2,670,113  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
 
(continued) 

      

    [1E.3]   [2E.3]   [3E.3] [1E.4]   [2E.4]   [3E.4] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits age 35-64 age 35-64 age 35-64 age 65+ age 65+ age 65+ 
outage day 1.075*** 0.989 0.989 1.067*** 0.981 0.981 
 (0.003) (0.012) (0.013) (0.004) (0.025) (0.025) 
L1.outage day   0.991   0.987 
   (0.009)   (0.010) 
heatwave day (95th percentile) 1.067*** 1.022*** 1.014*** 1.054*** 1.012* 1.006 
   (0.001) (0.004) (0.004) (0.001) (0.006) (0.006) 
L1.heatwave day   1.003   0.998 
     (0.004)   (0.007) 
L2.heatwave day   1.016***   1.020** 
     (0.005)   (0.010) 
wildfire day 1.034*** 0.997 1.024 1.004 0.973* 1.000 
   (0.003) (0.013) (0.015) (0.004) (0.015) (0.012) 
L1.wildfire day   0.976   0.990 
     (0.025)   (0.017) 
L2.wildfire day   0.979   0.961*** 
     (0.013)   (0.014) 
Pseudo R-squared 0.553 - - 0.512 - - 
AIC  8,710,050   2,681,608   2,681,295   7,258,541   2,815,098   2,814,796  
BIC  8,710,371   2,681,758   2,681,499   7,258,862   2,815,248   2,815,000  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-20 in Appendix C for full regression table; see Table A-25 in Appendix C for pooled estimates table 
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Table 5.14: Regression results - hospitalizations by age group (May-Oct 2008-2017) 

    [1H.1]   [2H.1]   [3H.1] [1H.2]   [2H.2]   [3H.2] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions age 0-4 age 0-4 age 0-4 age 5-34 age 5-34 age 5-34 
outage day 1.149*** 1.028** 1.027** 1.128*** 1.010 1.009 
 (0.006) (0.013) (0.012) (0.006) (0.006) (0.006) 
L1.outage day   0.997   1.007 
   (0.004)   (0.005) 
heatwave day (95th percentile) 1.066*** 1.018*** 1.008** 1.071*** 1.019*** 1.010** 
   (0.002) (0.005) (0.004) (0.002) (0.005) (0.004) 
L1.heatwave day   1.007**   1.005* 
     (0.003)   (0.003) 
L2.heatwave day   1.017***   1.018*** 
     (0.005)   (0.004) 
wildfire day 1.056*** 1.013 1.001 1.052*** 1.005 0.988 
   (0.006) (0.010) (0.009) (0.006) (0.008) (0.007) 
L1.wildfire day   1.040**   1.030* 
     (0.020)   (0.016) 
L2.wildfire day   0.972   0.991 
     (0.018)   (0.012) 
Pseudo R-squared 0.478 - - 0.494 - - 
AIC  4,145,610   1,475,177   1,475,077   4,402,860   1,476,951   1,476,846  
BIC  4,145,945   1,475,328   1,475,282   4,403,195   1,477,102   1,477,051  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
 
(continued) 

      

    [1H.3]   [2H.3]   [3H.3] [1H.4]   [2H.4]   [3H.4] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions age 35-64 age 35-64 age 35-64 age 65+ age 65+ age 65+ 
outage day 1.125*** 1.014* 1.013* 1.126*** 1.016*** 1.015*** 
 (0.005) (0.007) (0.007) (0.006) (0.004) (0.004) 
L1.outage day   1.006*   1.004 
   (0.004)   (0.006) 
heatwave day (95th percentile) 1.068*** 1.018*** 1.011*** 1.057*** 1.012*** 1.005* 
   (0.002) (0.005) (0.003) (0.002) (0.004) (0.003) 
L1.heatwave day   1.006**   1.004 
     (0.003)   (0.003) 
L2.heatwave day   1.011***   1.010** 
     (0.004)   (0.005) 
wildfire day 1.048*** 0.994 0.998 1.050*** 1.001 0.989 
   (0.006) (0.006) (0.009) (0.006) (0.005) (0.008) 
L1.wildfire day   1.004   1.025* 
     (0.007)   (0.013) 
L2.wildfire day   0.986   0.989 
     (0.009)   (0.008) 
Pseudo R-squared 0.507 - - 0.490 - - 
AIC  4,738,849   1,505,428   1,505,378   4,559,954   1,523,378   1,523,338  
BIC  4,739,183   1,505,579   1,505,583   4,560,288   1,523,529   1,523,543  
population yes yes yes yes yes yes 
climate zone dummy yes no no yes no no 
weekend and holiday dummy yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-21 in Appendix C for full regression table; see Table A-25 in Appendix C for pooled estimates table 
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Table 5.15: Regression results - summary by age group (May-Oct 2008-2017) 

   [3E.1]   [3E.2]   [3E.3]   [3E.4] 
dependent variable: 
emergency department visits age 0-4 age 5-34 age 35-64 age 65+ 

outage day 0.996 1.004 0.989 0.981 
L1.outage day 0.992 0.987 0.991 0.987 
heatwave day (95th percentile) 1.005 1.007* 1.014*** 1.006 
L1.heatwave day 1.011** 1.005 1.003 0.998 
L2.heatwave day 1.012 1.019** 1.016*** 1.020** 
wildfire day 1.028** 1.024** 1.024 1.000 
L1.wildfire day 0.961 0.982 0.976 0.990 
L2.wildfire day 1.006 0.964*** 0.979 0.961*** 
     
   [3H.1]   [3H.2]   [3H.3]   [3H.4] 
dependent variable: 
hospital admissions age 0-4 age 5-34 age 35-64 age 65+ 

outage day 1.027** 1.009 1.013* 1.015*** 
L1.outage day 0.997 1.007 1.006* 1.004 
heatwave day (95th percentile) 1.008** 1.010** 1.011*** 1.005* 
L1.heatwave day 1.007** 1.005* 1.006** 1.004 
L2.heatwave day 1.017*** 1.018*** 1.011*** 1.010** 
wildfire day 1.001 0.988 0.998 0.989 
L1.wildfire day 1.040** 1.030* 1.004 1.025* 
L2.wildfire day 0.972 0.991 0.986 0.989 
*** p<.01, ** p<.05, * p<.1 
Table notes: Regression coefficients from model [3E] and [3H] in Table 5.13 and Table 5.14. 

 

5.6. ICD Diagnosis Groups, Emergency Department Visits, and Hospital Admissions 
(May-Oct 2008-2017) 

This section explores associations between emergency department visits and hospital admissions on hazard days 
by ICD diagnosis groups.  It explores the following trend-related hypotheses: 

Emergency department visits and hospital admissions for heat illness, cardiovascular disease, and kidney 
disease are higher on joint heatwave outage days than on heatwave days. 

Emergency department visits and hospital admissions for carbon monoxide poisoning and electricity-
dependent medical device issues are higher on joint heatwave outage days than on outage days. 

Emergency department visits and hospital admissions for patients with socioeconomic challenges are higher 
on joint heatwave outage days than on heatwave and outage days. 

ICD-10-CM (International Statistical Classification of Diseases and Related Health Problems Clinical Modification 
in the U.S., 10th revision) codes were grouped into 44 diagnosis groups relevant to heatwave and outage-related 
pathologies.  Heat-related diagnoses include heat illnesses, cardiovascular disease, kidney disease, diabetes, and 
injuries.  Outage-related diagnoses include medical device failures, foodborne illnesses, carbon monoxide 
poisoning, and electrocution.  ICD codes for external social factors that influence health outcomes include 
occupational hazards and lack of adequate housing. 
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Section 5.6.1 compares the percent change in emergency department visits and hospital admissions on hazard days 
by ICD diagnosis group.  Section 5.6.2 estimates the relative risk of emergency department visits and hospital 
admissions on hazard days by ICD diagnosis group. 

5.6.1. Descriptive statistics: Emergency department visits, hospital admissions, and ICD diagnosis groups 

This section asks four questions: (1) How do emergency department and hospital admission counts change on 
hazard days by ICD diagnosis group?  (2) Which ICD diagnosis groups had the highest percent increase in 
emergency department visits and hospital admissions on hazard days?  (3) How do emergency department and 
hospital admission counts change on heatwave versus joint heatwave outage days for heat-related ICD diagnosis 
groups?  (4) How do emergency department and hospital admission counts change on outage versus joint heatwave 
outage days for outage-related ICD diagnosis groups? 

Table 5.16 summarizes the percent change in ED visits and hospitalization counts by ICD diagnosis group on 
hazard days.  The extended tables with patient counts are in Table A-8 (ED visits) and Table A-9 (hospitalizations) 
in Appendix B. 

How do emergency department and hospital admission counts change on hazard days by ICD diagnosis group?  ICD diagnoses 
for diabetes, cardiovascular disease (in particular, hypertensive diseases), kidney disease, injuries, and external 
causes had the highest patient counts.  ICD code ‘cardiovascular disease’ made up approximately 20 percent of 
ED visits and 30 percent of hospitalization counts.  ‘Kidney disease’ made up about 3 percent of ED visits and 10 
percent of hospitalization counts.  ‘Diabetes mellitus’ made up nearly 10 percent of ED visits and about 13 percent 
of hospitalization counts.  ‘Injuries’ made-up more than a quarter of ED visits and nearly 5 percent of 
hospitalization counts. 

Patient counts for most ICD diagnoses increased on heatwave, wildfire, and outage days compared to non-hazard 
days.  Patient counts for most ICD codes increased on joint heatwave outage days compared to single hazard 
heatwave or outage days. 

Across all ICD codes, patient counts on heatwave days increased by 0-450 percent for ED visits, and 0-700 percent 
for hospitalizations.  Patient counts on wildfire days increased by 14-233 percent for ED visits, and 50-436 percent 
for hospitalizations.  Patient counts on outage days increased by 60-534 percent for ED visits, and 67-600 percent 
for hospitalizations.  Patient counts on joint heatwave outage days changed by -100 to 725 percent for ED visits, 
and increased by 56-524 percent for hospitalizations.   

The percent change in patient counts for major ICD diagnosis groups on hazard days are summarized as follows.  
On heatwave days, ED visits/hospitalization counts increased for ‘streptococcal sepsis’ (24 percent for ED 
visits/38 percent for hospitalizations), ‘diabetes mellitus’ (16/25 percent), ‘cardiovascular disease’ (14/22 
percent), ‘hypertensive disease’ (15/23 percent), ‘kidney disease’ (22/31 percent), ‘injuries’ (14 percent), 
‘accidents’ (10/12 percent), and ‘socioeconomic housing’ (42/49 percent). 

The percent change in patient counts by ICD diagnoses were generally higher on wildfire versus heatwave days.  
Patient counts by ICD diagnosis group on outage days were higher than on heatwave and wildfire days.  On wildfire 
days, ED visits/hospitalization counts increased for ‘streptococcal sepsis’ (108/114 percent), ‘diabetes mellitus 
(79/129 percent), ‘cardiovascular disease (67/125 percent), ‘hypertensive disease’ (68/126 percent), ‘kidney 
disease’ (63/123 percent), ‘injuries’ (100/123 percent), ‘accidents’ (112/138 percent), and ‘socioeconomic 
housing’ (113/169 percent). 
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The percent change in patient counts by ICD diagnoses were higher on outage versus heatwave and wildfire days.  
On outage days, ED visits/hospitalization counts increased for ‘streptococcal sepsis’ (354/327 percent), ‘diabetes 
mellitus’ (254/299 percent), ‘cardiovascular disease’ (253/305 percent), ‘hypertensive disease’ (254/298 
percent), ‘kidney disease’ (331/327 percent), ‘injuries’ (231/338 percent), ‘accidents’ (220/325 percent), and 
‘socioeconomic housing’ (295/481 percent). 

The percent change in patient counts by ICD diagnoses were higher on joint heatwave outage days versus heatwave 
or outage days.  On joint heatwave outage days, ED visits/hospitalization counts increased for ‘streptococcal 
sepsis’ (572/410 percent), ‘diabetes mellitus’ (311/357 percent), ‘cardiovascular disease’ (317/354 percent), 
‘hypertensive disease’ (318/345 percent), ‘kidney disease’ (423/385 percent), ‘injuries’ (292/372 percent), 
‘accidents’ (281/359 percent), and ‘socioeconomic housing’ (680/524 percent). 

Which ICD diagnosis groups had the highest percent increase in emergency department visits and hospital admissions on hazard 
days?  Common ICD diagnoses with the highest percent change in patient counts on hazard days include 
‘streptococcal sepsis’, ‘acute kidney failure’, ‘abnormalities of heart beat’, ‘chronic rheumatic heart disease’, ‘heat 
and light’, ‘heat illness’, ‘socioeconomic hazard’, and ‘socioeconomic housing’. 

ICD diagnoses with the highest percent change in ED counts on heatwave days were ‘heat and light’ (450 percent), 
‘heat illness’ (443 percent), ‘acute kidney failure’ (69 percent), socioeconomic housing (49 percent), ‘volume 
depletion’ (48 percent), and socioeconomic hazard (42 percent).  ICD diagnoses with the highest percent change 
in hospitalization counts on heatwave days were ‘heat and light’ (700 percent), ‘heat illness’ (400 percent), 
‘electrocution1’ (50 percent), ‘socioeconomic housing’ (42 percent), ‘abnormalities of heart beat’ (33 percent), 
and ‘acute kidney failure’ (30 percent). 

ICD diagnoses with the highest percent change in ED counts on wildfire days were ‘specified substances in blood’ 
(233 percent), ‘heat illness’ (178 percent), ‘heat and light’ (169 percent), ‘cystitis’ (167 percent), and ‘medical 
devices’ (129 percent).  ICD diagnoses with the highest percent change in hospitalization counts on wildfire days 
were ‘heat illness’ (436 percent), ‘heat and light’ (431 percent), ‘acute rheumatic fever’ (233 percent), 
‘electrocution2’ (222 percent), and ‘complication of respirator’ (186 percent). 

ICD diagnoses with the highest percent change in ED counts on outage days were ‘socioeconomic housing’ (534 
percent), ‘specified substances in blood’ (500 percent), ‘other bacterial diseases’ (363 percent), ‘streptococcal 
sepsis’ (354 percent), and ‘acute kidney failure’ (348 percent).  ICD diagnoses with the highest percent change in 
hospitalization counts on outage days were ‘heat illness’ (600 percent), ‘socioeconomic housing’ (481 percent), 
‘complication of respirator’ (429 percent), ‘heat and light’ (400 percent), ‘abnormalities of heart beat’ (388 
percent), and ‘medical devices’ (385 percent). 

ICD diagnoses with the highest percent change in ED counts on joint heatwave outage days were ‘specified 
substances in blood’ (725 percent), ‘socioeconomic housing’ (680 percent), ‘streptococcal sepsis’ (572 percent), 
‘other bacterial diseases’ (508 percent), ‘electrocution1’ (500 percent), and ‘bacterial foodborne intoxication’ 
(475 percent).  ICD diagnoses with the highest percent change in hospitalization counts on joint heatwave outage 
days were ‘socioeconomic housing’ (524 percent), ‘cystitis’ (475 percent), ‘socioeconomic hazard’ (460 percent), 
‘abnormalities of heart beat’ (452 percent), ‘injuries body’ (450 percent), ‘injuries neck’ (444 percent), and ‘heat 
illness’ (440 percent). 

How do emergency department and hospital admission counts change on heatwave versus joint heatwave outage days for heat-
related ICD diagnosis groups?  ICD code ‘heat and light’ is described as the effects from heatstroke, sunstroke, heat 
syncope, heat cramps, and heat exhaustion (Centers for Medicare and Medicaid Services, 2021).  ED counts 
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diagnosed with ‘heat and light’ averaged 0.55 on heatwave days (450 percent increase), 0.35 on wildfire days (169 
percent increase), 0.55 on outage days (323 percent increase), and 2.32 on joint heatwave outage days (330 
percent increase).  Hospitalization counts diagnosed with ‘heat and light’ averaged 0.08 on heatwave days (700 
percent increase), 0.09 on wildfire days (431 percent increase), 0.10 on outage days (400 percent increase), and 
0.38 on joint heatwave outage days (375 percent increase). 

‘Heat illness’ is described as the exposure to excessive natural heat (Centers for Medicare and Medicaid Services, 
2021).  ED counts diagnosed with ‘heat illness’ averaged 0.38 on heatwave days (443 percent increase), 0.25 on 
wildfire days (178 percent increase), 0.33 on outage days (267 percent increase), and 1.35 on joint heatwave 
outage days (255 percent increase).  Hospitalization counts diagnosed with ‘heat illness’ averaged 0.05 on 
heatwave days (400 percent increase), 0.06 on wildfire days (436 percent increase), 0.07 on outage days (600 
percent increase), and 0.27 on joint heatwave outage days (440 percent increase). 

‘Volume depletion’ saw respective increases of 48/28 percent in ED/hospitalization counts on heatwave days, 
compared to 316/358 percent increase on joint heatwave outage days.  ‘Fluid, electrolyte and acid-base balance’ 
saw a 35/22 percent increase in ED/hospitalization counts on heatwave days, compared to a 343/378 percent 
increase on joint heatwave outage days. 

How do emergency department and hospital admission counts change on outage versus joint heatwave outage days for outage-
related ICD diagnosis groups?  ICD code ‘bacterial foodborne intoxication’ saw respective increases of 275/200 
percent in ED/hospitalization counts on outage days, compared to 475/400 percent increase on joint heatwave 
outage days.  Electrocution (‘electrocution1’ and ‘electrocution2’) saw between 217-300/75-100 percent 
increase in ED/hospitalization counts on outage days, compared to a 100-500/78-400 percent increase on joint 
heatwave outage days.  The toxic effects of ‘carbon monoxide’ saw a 100/82 percent increase in 
ED/hospitalization counts on outage days, compared to a -100/78 percent change on joint heatwave outage days. 

‘Complications of respirator’ - described as the mechanical complications of a respirator or ventilator - saw a 
60/429 percent increase in ED/hospitalization counts on outage days, compared to a 78/350 percent increase on 
joint heatwave outage days.  ‘Medical devices’ - described as complications of cardiac and vascular prosthetic 
devices, implants, and grafts - saw a 264/385 percent increase in ED/hospitalization counts on outage days, 
compared to a 339/386 percent increase on joint heatwave outage days.  ‘Enabling machines and devices’ - 
described as the dependence on a respiratory assist device or continuous positive airway ventilation during an 
outage - saw a 295/327 percent increase in ED/hospitalization counts on outage days, compared to a 366/389 
percent increase on joint heatwave outage days.  
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Table 5.16: ED visits and hospitalizations percent change by ICD group (May-Oct 2008-2017) 

 Emergency Department Visits Hospital Admissions 

Group name 
Percent 
change 

heatwave 

Percent 
change 

wildfire 

Percent 
change 
outage 

Percent 
change 

heatwave 
outage 

Percent 
change 

heatwave 

Percent 
change 

wildfire 

Percent 
change 
outage 

Percent 
change 

heatwave 
outage 

Intestinal infectious diseases 11% 103% 255% 354% 13% 122% 332% 432% 
Bacterial foodborne intoxication 0% 100% 275% 475% 0% 144% 300% 400% 

Other bacterial diseases 32% 105% 363% 508% 24% 114% 330% 411% 
Streptococcal sepsis 38% 108% 354% 572% 24% 114% 327% 410% 

Diabetes mellitus 25% 79% 254% 311% 16% 129% 299% 357% 
Volume depletion 48% 99% 263% 316% 28% 134% 292% 358% 
Fluid, electrolyte and acid-base balance 35% 93% 270% 343% 22% 119% 307% 378% 
Cerebral ischemic attacks 10% 57% 210% 259% 9% 134% 243% 288% 
Cardiovascular disease 22% 67% 253% 317% 14% 125% 305% 354% 

Acute rheumatic fever 33% 50% 67% 83% 25% 233% 67% 56% 
Chronic rheumatic heart disease 33% 33% 333% 471% 16% 89% 332% 422% 
Hypertensive disease 23% 68% 254% 318% 15% 126% 298% 345% 
Ischemic heart disease 21% 45% 256% 324% 12% 120% 286% 335% 
Other forms of heart disease 22% 51% 245% 307% 12% 113% 297% 352% 

Heart failure 25% 56% 249% 306% 13% 108% 291% 350% 
Cerebrovascular disease 16% 36% 262% 343% 12% 114% 290% 332% 

Other disorders of circulatory system 36% 84% 270% 296% 16% 120% 317% 408% 
Complication of respirator 0% 50% 60% 78% 14% 186% 429% 350% 
Renal tubulo-interstitial diseases 25% 96% 279% 358% 23% 124% 330% 364% 
Kidney disease 31% 63% 331% 423% 22% 123% 327% 385% 

Acute kidney failure 69% 111% 348% 440% 30% 124% 330% 394% 
Other disorders of kidney and ureter 32% 79% 265% 315% 13% 116% 309% 351% 
Other diseases of urinary system 23% 108% 231% 284% 17% 133% 301% 357% 

Cystitis 22% 167% 243% 334% 25% 169% 325% 475% 
Abnormalities of heart beat 27% 94% 286% 388% 33% 166% 388% 452% 
Specified substances in blood 33% 233% 500% 725% 16% 161% 326% 332% 
Injuries 14% 100% 231% 292% 14% 123% 338% 372% 

Injuries head 14% 101% 243% 308% 16% 119% 378% 398% 
Injuries neck 16% 103% 237% 290% 9% 102% 348% 444% 
Injuries body 15% 80% 226% 320% 0% 106% 325% 450% 

Carbon monoxide 29% 14% 100% -100% 0% 50% 82% 78% 
Heat and light 450% 169% 323% 330% 700% 431% 400% 375% 
Electrocution1 0% 100% 300% 500% 50% 100% 75% 78% 
Medical devices 36% 129% 264% 339% 15% 137% 385% 386% 
External causes 9% 111% 221% 280% 9% 127% 335% 382% 

Accidents 10% 112% 220% 281% 12% 138% 325% 359% 
Accidents transportation 6% 119% 234% 302% 8% 142% 351% 344% 
Accidents falls 5% 105% 221% 274% 7% 129% 303% 356% 

Electrocution2 33% 67% 217% 100% 0% 222% 300% 400% 
Heat illness 443% 178% 267% 255% 400% 436% 600% 440% 

Occupational hazard 0% 71% 257% 329% 0% 150% 78% - 
Socioeconomic housing 49% 113% 534% 680% 42% 169% 481% 524% 
Socioeconomic hazard 42% 100% 238% 394% 25% 83% 300% 460% 
Enabling machines and devices 35% 77% 295% 366% 21% 122% 327% 389% 

Table notes: E.g., for the average city in California, ED visits diagnosed with ‘acute kidney failure’ increased by 69 percent on heatwave days, 111 
percent on wildfire days, 348 percent on outage days, and 440 percent on joint heatwave outage days.  For the average city, hospitalizations 
diagnosed with ‘heart failure’ increased by 13 percent on heatwave days, 108 percent on wildfire days, 291 percent on outage days, and 350 
percent on joint heatwave outage days.  See Table A-8 (ED visits) and Table A-9 (hospitalizations) in Appendix B for extended table.
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5.6.2. Regression analysis: Emergency department visits, hospital admissions, and ICD diagnosis groups 

A single Poisson fixed effects model was run for each ICD diagnosis group.  Regression results by ICD diagnosis 
group are summarized in Table 5.17 (ED visits) and Table 5.18 (hospitalizations).  Pooled regression results are 
found in Table A-26 (ED visits) and Table A-27 (hospitalizations) in Appendix C. 

Regression results are organized by single, joint, and compound hazard events.  For each hazard, the following 
questions guide the discussion: which ICD diagnoses increase the relative risk of ED visits and hospitalizations?  
Which ICD diagnoses increase the relative risk of ED visits and hospitalizations by the greatest margin?  How does 
the relative risk of hazard-related ICD diagnoses change during hazard events?  For multi-hazard events, how does 
the relative risk of hazard-related ICD diagnoses compare among single, joint, and compound hazard events? 

Relative risk on heatwave days 

Across all ICD diagnoses, the RR of ED visits on heatwave days ranged from 0.97-2.01, and the RR of 
hospitalizations on heatwave days ranged from 0.89-1.84.  For ICD codes with a positive rate ratio on single hazard 
days, ED and hospitalization rates by ICD diagnosis group were categorized by the following ranges in effect size: 
(0, 1.01], (1.01, 1.05], (1.05, 1.10], and (1.10, ∞).   

Which ICD diagnoses increased the relative risk of emergency department visits on heatwave days?  The RR of ED visits on 
heatwave days increased by 1-5 percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘other 
bacterial diseases’, ‘streptococcal sepsis’, ‘diabetes mellitus’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, 
‘hypertensive diseases’, ‘ischemic heart diseases’, ‘other forms heart disease’, ‘heart failure’, ‘cerebrovascular 
diseases’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney disease’, ‘other diseases urinary system, ‘cystitis’, 
‘electrocution1’, ‘medical devices’, ‘occupational hazard’, ‘socioeconomic housing’, and ‘enabling machines 
devices’. 

The RR of ED visits on heatwave days increased by 5-10 percent for the following ICD diagnoses: ‘other disorders 
fluid electrolyte’, ‘other circulatory system’, ‘acute kidney failure’, ‘other kidney disorders’, ‘substances in 
blood’, ‘injuries body’, and ‘electrocution2’. 

The following ICD diagnoses increased the RR of ED visits on heatwave days by the greatest margin.  The RR of 
ED visits on heatwave days increased by more than 10 percent for the following ICD diagnoses: ‘volume 
depletion’, ‘carbon monoxide’, ‘heat and light’, and ‘heat illness’. 

Which ICD diagnoses increased the relative risk of hospital admissions on heatwave days? The RR of hospitalizations on 
heatwave days increased by 1-5 percent for the following ICD diagnoses: ‘other bacterial diseases’, ‘streptococcal 
sepsis’, ‘volume depletion’, ‘other disorders fluid electrolyte’, ‘other circulatory system’, ‘renal tubulo-
interstitial diseases’, ‘chronic kidney disease’, ‘acute kidney failure’, ‘other kidney disorders’, ‘other diseases 
urinary system’, ‘cystitis’, ‘abnormalities heart beat’, ‘substances in blood’, ‘injuries all’, ‘injuries head’, ‘injuries 
body’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents transportation’, ‘electrocution2’, 
‘socioeconomic housing’, and ‘enabling machines devices’. 

The RR of hospitalizations on heatwave days increased by 5-10 percent for the following ICD diagnoses: ‘acute 
rheumatic fever’ and ‘carbon monoxide’. 

The following ICD diagnoses increased the RR of hospitalizations on heatwave days by the greatest margin.  The 
RR of hospitalizations on heatwave days increased by more than 10 percent for the following ICD diagnoses: ‘heat 
and light’, ‘electrocution1’, and ‘heat illness’. 
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How does the relative risk of emergency department visits and hospital admissions for heat-related ICD diagnoses change on 
heatwave days?  For heat-related ICD codes, the RR of ED visits on heatwave days increased by a factor of 2.01 for 
‘heat illness’, 1.95 for ‘heat and light’, 1.10 for ‘volume depletion’, and 1.05 for ‘other disorders fluid 
electrolyte’.  The RR of hospitalizations on heatwave days increased by a factor of 1.83 for ‘heat illness’, 1.84 for 
‘heat and light’, 1.03 for ‘volume depletion’, and 1.09 for ‘other disorders fluid electrolyte’. 

For social determinant ICD codes, the RR of ED visits on heatwave days increased by a factor of 1.035 for 
‘socioeconomic housing’ and 1.015 for ‘occupational hazard’.  The RR of hospitalizations on heatwave days 
increased by a factor of 1.008 for ‘socioeconomic housing’ and 0.899 for ‘occupational hazard’. 

In addition, the RR of ED visits on heatwave days increased by a factor of 1.048 for ‘streptococcal sepsis’, 1.024 
for ‘diabetes mellitus’, 1.019 for ‘cardiovascular disease’, 1.022 for ‘ischemic heart diseases’, 1.067 for ‘other 
circulatory system, 1.037 for ‘chronic kidney disease’, 1.090 for ‘acute kidney failure’, 1.055 for ‘other kidney 
disorders’, 1.057 for ‘substances in blood’, 1.006 for ‘injuries all’, 1.056 for ‘injuries body’, and 1.008 for 
‘external causes’.  In comparison, the RR of hospitalizations on heatwave days increased by a factor of 1.013 for 
‘streptococcal sepsis’, 1.006 for ‘diabetes mellitus’, 1.005 for ‘cardiovascular disease’, 1.093 for ‘acute rheumatic 
fever’, 1.020 for ‘other circulatory system, 1.020 for ‘renal tubulo-interstitial diseases’, 1.014 for ‘chronic kidney 
disease’, 1.024 for ‘acute kidney failure’, 1.017 for ‘other kidney disorders’, 1.017 for ‘other diseases urinary 
system’, 1.031 for ‘cystitis’, 1.012 for ‘injuries all’, 1.023 for ‘injuries head’, 1.010 for ‘external causes’, and 
1.015 for ‘accidents transportation’. 

Relative risk on wildfire days 

Across all ICD diagnoses, the RR of ED visits on wildfire days ranged from 0.47-1.10, and the RR of 
hospitalizations on wildfire days ranged from 0.81-2.12. 

Which ICD diagnoses increased the relative risk of emergency department visits on wildfire days? The RR of ED visits on 
wildfire days increased by 1-5 percent for the following ICD diagnoses: ‘other bacterial diseases’, ‘other disorders 
fluid electrolyte’, ‘chronic rheumatic heart diseases’, ‘acute kidney failure’, ‘other kidney disorders’, ‘other 
diseases urinary system’, ‘cystitis’, ‘injuries all’, ‘injuries neck’, ‘accidents all’, ‘accidents transportation’, and 
‘occupational hazard’. 

The RR of ED visits on wildfire days increased by 5-10 percent for the following ICD diagnoses: ‘bacterial 
foodborne intoxication’, ‘streptococcal sepsis’, ‘carbon monoxide’, and ‘socioeconomic hazard’. 

The following ICD diagnoses increased the RR of ER visits on wildfire days by the greatest margin.  The RR of 
ED visits on wildfire days increased by more than 10 percent for the following ICD diagnoses: ‘substances in 
blood’ and ‘electrocution1’. 

Which ICD diagnoses increased the relative risk of hospital admissions on wildfire days? The RR of hospitalizations on 
wildfire days increased by 1-5 percent for the following ICD diagnoses: ‘other circulatory system’, ‘injuries neck’, 
and ‘enabling machine devices’. 

The RR of hospitalizations on wildfire days increased by 5-10 percent for the following ICD diagnoses: ‘cerebral 
ischemic attacks’, ‘electrocution2’, ‘heat illness’. 

The following ICD diagnoses increased the RR of hospitalizations on wildfire days by the greatest margin.  The 
RR of hospitalizations on wildfire days increased by more than 10 percent for the following ICD diagnoses: ‘acute 
rheumatic fever’, ‘carbon monoxide’, ‘heat and light’, and ‘occupational hazard’. 
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How does the relative risk of emergency department visits and hospital admissions for wildfire-related ICD diagnoses change on 
wildfire days?  For hazard-related ICD diagnoses, the RR of ED visits on wildfire days increased by a factor of 1.013 
for ‘other disorders fluid electrolyte’, 1.062 for ‘carbon monoxide’, and 1.101 for ‘electrocution1’.  The RR of 
hospitalizations increased by a factor of 1.071 for ‘heat illness’, 1.187 for ‘heat and light’, 1.010 for ‘volume 
depletion’, 2.120 for ‘carbon monoxide’, 1.093 for ‘electrocution2’, and 1.018 for ‘enabling machine devices’. 

For social determinant ICD codes, the RR of ED visits on wildfire days increased by a factor of 1.090 for 
‘occupational hazard’ and 1.068 for ‘socioeconomic hazard’.  The RR of hospitalizations on wildfire days increased 
by a factor of 1.525 for ‘occupational hazard’ and 1.005 for ‘socioeconomic housing’.  

In addition, the RR of ER visits on wildfire days increased by a factor of 1.049 for ‘other bacterial diseases’, 1.067 
for ‘streptococcal sepsis’, 1.027 for ‘chronic rheumatic heart diseases’, 1.047 for ‘acute kidney failure’, 1.025 for 
‘other kidney disorders’, 1.039 for ‘cystitis’, 1.102 for ‘substances in blood’, 1.014 for ‘injuries all’, 1.028 for 
‘injuries neck, 1.010 for ‘external causes’, and 1.022 for ‘accidents transportation’.  The RR of hospitalizations 
on wildfire days increased by a factor of 1.054 for ‘cerebral ischemic attacks’, 1.137 for ‘acute rheumatic fever’, 
1.011 for ‘other circulatory system, and 1.042 for ‘injuries neck’. 

Relative risk on outage days 

Across all ICD diagnoses, the RR of ED visits on outage days ranged from 0.85-1.19, and the RR of hospitalizations 
on outage days ranged from 0.91-1.53.   

Which ICD diagnoses increased the relative risk of emergency department visits on outage days? The RR of ED visits on 
outage days increased by 1-5 percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘other 
bacterial diseases’, ‘streptococcal sepsis’, ‘cerebrovascular diseases’, ‘acute kidney failure’, ‘other kidney 
disorders’, ‘accidents all’, ‘accidents transportation’, ‘accidents falls’, ‘socioeconomic housing’, and ‘enabling 
machines devices’. 

The RR of ED visits on outage days increased by 5-10 percent for the following ICD diagnoses: ‘chronic rheumatic 
heart diseases’, ‘electrocution1’, and ‘socioeconomic hazard’. 

The following ICD diagnoses increased the RR of ED visits on outage days by the greatest margin.  The RR of ED 
visits on outage days increased by more than 10 percent for the following ICD diagnoses: ‘heat and light’ and ‘heat 
illness’. 

Which ICD diagnoses increased the relative risk of hospital admissions on outage days?  The RR of hospitalizations on outage 
days increased by 1-5 percent for the following ICD diagnoses: ‘cerebral ischemic attacks’, ‘chronic rheumatic 
heart diseases’, ‘cerebrovascular diseases’, ‘other circulatory system’, ‘chronic kidney disease’, ‘other kidney 
disorders’, ‘abnormalities heart beat’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents falls’, 
‘socioeconomic housing’, ‘socioeconomic hazard’, and ‘enabling machines devices’. 

The following ICD diagnoses increased the RR of hospitalizations on outage days by the greatest margin.  The RR 
of hospitalizations on outage days increased by more than 10 percent for the following ICD diagnoses: ‘acute 
rheumatic fever’, ‘carbon monoxide’, ‘heat and light’, ‘heat illness’, and ‘occupational hazard’.  

How does the relative risk of emergency department visits and hospital admissions for outage-related ICD diagnoses change on 
outage days?   For outage-related ICD diagnoses, the RR of ED visits on outage days increased by a factor of 1.038 
for ‘bacterial foodborne intoxication’, 1.093 for ‘electrocution1’, 1.009 for ‘medical devices, and 1.013 for 
‘enabling machine devices’.  The RR of hospitalizations on outage days increased by a factor of 1.038 for ‘bacterial 
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foodborne intoxication’, 1.093 for ‘electrocution1’, 1.533 for ‘carbon monoxide’, 1.023 for ‘medical devices’, 
and 1.022 for ‘enabling machine devices’. 

For social determinant ICD codes, the RR of ED visits on outage days increased by a factor of 1.013 for 
‘socioeconomic housing’ and 1.051 for ‘socioeconomic hazard’.  The RR of hospitalizations increased by a factor 
of 1.020 for ‘socioeconomic housing’, 1.038 for ‘socioeconomic hazard’, and 1.280 for ‘occupational hazard’. 

In addition, the RR of ER visits on outage days increased by a factor of 1.016 for ‘other bacterial diseases’, 1.012 
for ‘streptococcal sepsis’, 1.078 for ‘chronic rheumatic heart diseases’, 1.010 for ‘other circulatory system’, 1.043 
for ‘acute kidney failure’, 1.016 for ‘other kidney disorders’, 1.010 for ‘external causes’, 1.012 for ‘accidents 
all’, and 1.019 for ‘accidents transportation’.  The RR of hospitalizations on outage days increased by 1.011 for 
‘cerebral ischemic attacks’, 1.010 for ‘cardiovascular disease’, 1.129 percent for ‘acute rheumatic fever’, 1.015 
percent for ‘chronic rheumatic heart diseases’, 1.014 percent for ‘cerebrovascular diseases’, 1.013 percent for 
‘other circulatory system’, 1.011 percent for ‘chronic kidney disease’, 1.023 percent for ‘other kidney disorders’, 
2.6 percent for ‘abnormalities heat beat’, 1.023 percent for ‘external causes’, 1.014 percent for ‘accidents all’, 
and 1.017 for ‘accident falls’. 

Relative risk of joint wildfire outage events 

Across all ICD diagnoses, the RR of ED visits on joint wildfire outage events ranged from 0.61-1.55, and the RR 
of hospitalizations on joint wildfire outage events ranged from 0.58-4.61.  For ICD codes with a positive rate ratio 
during multi-hazard events, ED and hospitalization rates by ICD diagnosis group were categorized by the following 
ranges in effect size: (0, 1.05], (1.05, 1.10], (1.10, 1.50], and (1.50, ∞). 

Which ICD diagnoses increased the relative risk of emergency department visits during joint wildfire outage events?  Based on 
the pooled estimates for joint wildfire outage events, the RR of ED visits increased by less than 5 percent for the 
following ICD diagnoses: ‘other bacterial diseases’, ‘other disorders fluid electrolyte’, ‘other circulatory system’, 
‘renal tubulo-interstitial diseases’, ‘other kidney disorders’, ‘other diseases urinary system’, ‘injuries all’, ‘medical 
devices’, ‘external causes’, ‘accidents all’, ‘accidents falls’, and ‘occupational hazard’. 

The RR of ED visits on joint wildfire outage events increased by 5-10 percent for the following ICD diagnoses: 
‘streptococcal sepsis’, ‘complication respirator’, ‘injuries neck’, and ‘accidents transportation’. 

The RR of ED visits on joint wildfire outage events increased by 10-50 percent for the following ICD diagnoses: 
‘bacterial foodborne intoxication’, ‘chronic rheumatic heart diseases’, ‘acute kidney failure’, ‘cystitis’, ‘substances 
in blood’, ‘electrocution1’, ‘heat illness’, and ‘socioeconomic hazard’. 

The following ICD diagnoses increased the RR of ED visits on joint wildfire outage events by the greatest margin.  
The RR of ED visits on joint wildfire outage events increased by more than 50 percent for the following ICD 
diagnoses: ‘heat and light’. 

Which ICD diagnoses increased the relative risk of hospital admissions during joint wildfire outage events?  The RR of 
hospitalizations on joint wildfire outage events increased by less than 5 percent for the following ICD diagnoses: 
‘other bacterial diseases’, ‘streptococcal sepsis’, ‘diabetes mellitus’, ‘volume depletion’, ‘other disorders fluid 
electrolyte’, ‘cardiovascular disease’, ‘hypertensive diseases’, ‘ischemic heart diseases’, ‘other forms heart 
disease’, ‘heart failure’, ‘complication respirator’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney disease’, 
‘acute kidney failure’, ‘other kidney disorders’, ‘other diseases urinary system’, ‘cystitis’, ‘abnormalities heart 
beat’, ‘external causes’, ‘accidents all’, and ‘accidents falls’. 
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The RR of hospitalizations on joint wildfire outage events increased by 5-10 percent for the following ICD 
diagnoses: ‘cerebral ischemic attacks’, ‘chronic rheumatic heart diseases’, ‘cerebrovascular diseases’, ‘other 
circulatory system’, ‘socioeconomic housing’, and ‘enabling machines devices’. 

The RR of hospitalizations on joint wildfire outage events increased by 10-50 percent for the following ICD 
diagnoses: ‘bacterial foodborne intoxication’ and ‘electrocution2’.   

The following ICD diagnoses increased the RR of hospitalizations on joint wildfire outage events by the greatest 
margin.  The RR of hospitalizations on joint wildfire outage events increased by more than 50 percent for the 
following ICD diagnoses: ‘acute rheumatic fever’, ‘carbon monoxide’, ‘heat and light’, ‘heat illness’, and 
‘occupational hazard’. 

Which ICD diagnoses had a higher relative risk of emergency department visits during joint wildfire outage events versus single 
hazard outage events? The RR for both ED visits and hospitalizations increased by more than 5 percentage points 
during joint wildfire outage events versus outage events for the following ICD diagnoses: ‘bacterial foodborne 
intoxication’, ‘cystitis’, ‘substances in blood’, ‘heat and light’, and ‘occupational hazard’. 

Across all ICD diagnoses, the difference in RR of ED visits between joint wildfire outage events and outage events 
ranged between -0.32-0.26. 

The difference in RR of ED visits between joint wildfire outage events and outage events increased by less than 5 
percent for the following ICD diagnoses: ‘other disorders fluid electrolyte’, ‘chronic rheumatic heart diseases’, 
‘complication respirator’, ‘other kidney disorders’, ‘injuries all’, ‘injuries head’, ‘injuries body’, ‘electrocution1’, 
‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents transportation’, and ‘accidents falls’. 

The difference in RR of ED visits between joint wildfire outage events and outage events increased by 5-10 percent 
for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘acute kidney failure’, ‘other diseases urinary 
system’, ‘injuries neck’, and ‘heat and light’. 

The following ICD diagnoses had the largest difference in ED rates between joint hazard and single hazard events.  
The difference in RR of ED visits between joint wildfire outage events and outage events increased by 10-50 
percent for the following ICD diagnoses: cystitis’, ‘substances in blood’, ‘occupational hazard’, and 
‘socioeconomic hazard’. 

Which ICD diagnoses had a higher relative risk of hospital admissions during joint wildfire outage events versus single hazard 
outage events? Across all ICD diagnoses, the difference in RR of hospitalizations between joint wildfire outage events 
and outage events ranged between -0.49-2.31. 

The difference in RR of hospitalizations between joint wildfire outage events and outage events increased by less 
than 5 percent for the following ICD diagnoses: ‘other disorders fluid electrolyte’, ‘chronic rheumatic heart 
diseases’, ‘complication respirator’, ‘other kidney disorders’, ‘injuries all’, ‘injuries head’, ‘injuries body’, 
‘electrocution1’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents transportation’, and ‘accidents 
falls’. 

The difference in RR of hospitalizations between joint wildfire outage events and outage events increased by 5-10 
percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘acute kidney failure’, ‘other diseases 
urinary system’, ‘injuries neck’, and ‘heat and light’. 
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The following ICD diagnoses had the largest difference in hospitalization rates by joint hazard and single hazard 
events.  The difference in RR of hospitalizations between joint wildfire outage events and outage events increased 
between 10-50 percent for the following ICD diagnoses: ‘cystitis’, ‘substances in blood’, ‘occupational hazard’, 
and ‘socioeconomic hazard’. 

Relative risk of joint heatwave outage events 

Across all ICD diagnoses, the RR of ED visits on joint heatwave outage events ranged from 0.88-11.99, and the 
RR of hospitalizations on joint heatwave outage events ranged from 0.94-14.18.   

Which ICD diagnoses increased the relative risk of emergency department visits during joint heatwave outage events?  Based on 
the pooled estimates for joint heatwave outage events, the RR of ED visits increased by less than 5 percent for the 
following ICD diagnoses: ‘diabetes mellitus’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, ‘hypertensive 
diseases’, ‘complication respirator’, ‘cystitis’, ‘abnormalities heart beat’, ‘injuries all’, ‘injuries head’, ‘injuries 
neck’, ‘carbon monoxide’, and ‘accidents transportation’. 

The RR of ED visits on joint heatwave outage events increased by 5-10 percent for the following ICD diagnoses: 
‘other bacterial diseases’, ‘ischemic heart diseases’, ‘other forms heat disease’, ‘heart failure’, ‘cerebrovascular 
diseases’, ‘other diseases urinary system’, ‘medical devices’, ‘external causes’, ‘accidents all’, and ‘socioeconomic 
hazard’. 

The RR of ED visits on joint heatwave outage events increased by 10-50 percent for the following ICD diagnoses: 
‘bacterial foodborne intoxication’, ‘streptococcal sepsis’, ‘volume depletion’, ‘other disorders fluid electrolyte’, 
‘chronic rheumatic heart diseases’, ‘other circulatory system’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney 
disease’, ‘acute kidney failure’, ‘other kidney disorders’, ‘substances in blood’, ‘injuries body’, ‘electrocution1’, 
‘electrocution2’, ‘socioeconomic housing’, and ‘enabling machines devices’. 

The following ICD diagnoses increased the RR of ED visits on joint heatwave outage events by the greatest margin.  
The RR of ED visits on joint heatwave outage events increased by more than 50 percent for the following ICD 
diagnoses: ‘heat and light’ and ‘heat illness’. 

Which ICD diagnoses increased the relative risk of hospital admissions during joint heatwave outage events?  The RR of 
hospitalizations on joint heatwave outage events increased by less than 5 percent for the following ICD diagnoses: 
‘intestinal infectious diseases’, ‘diabetes mellitus’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, ‘chronic 
rheumatic heart diseases’, ‘hypertensive diseases’, ‘cerebrovascular diseases’, ‘ischemic heart diseases’, ‘other 
forms heart disease’, ‘heart failure’, ‘cerebrovascular diseases’,  ‘cystitis’, ‘injuries all’, ‘injuries head’, ‘medical 
devices’, ‘accidents falls’, and ‘socioeconomic hazard’. 

The RR of hospitalizations on joint heatwave outage events increased by 5-10 percent for the following ICD 
diagnoses: ‘bacterial foodborne intoxication’, ‘other bacterial diseases’, ‘streptococcal sepsis’, ‘other disorders 
fluid electrolyte’, ‘other circulatory system’, ‘complication respirator’, ‘renal tubulo-interstitial diseases’, 
‘chronic kidney disease’, ‘acute kidney failure’, ‘other kidney disorders’, ‘other diseases urinary system’, 
‘abnormalities heart beat’, ‘injuries neck’, ‘external causes’, ‘accidents all’, ‘electrocution2’, ‘socioeconomic 
housing’, and ‘enabling machines devices’. 

The RR of hospitalizations on joint heatwave outage events increased by 10-50 percent for the following ICD 
diagnoses: ‘volume depletion’ and ‘acute rheumatic fever’.   
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The following ICD diagnoses increased the RR of hospitalizations on joint heatwave outage events by the greatest 
margin.  The RR of hospitalizations on joint heatwave outage events increased by more than 50 percent for the 
following ICD diagnoses: ‘carbon monoxide’, ‘heat and light’, ‘electrocution1’, ‘heat illness’, and ‘occupational 
hazard’. 

Which ICD diagnoses had a higher relative risk of emergency department visits during joint heatwave outage events versus single 
hazard heatwave events? The RR for both ED visits and hospitalizations increased by more than 5 percentage points 
during joint heatwave outage events versus single hazard heatwave events for the following ICD diagnoses: ‘heat 
and light’, ‘electrocution1’, and ‘heat illness’. 

Across all ICD diagnoses, the difference in RR of ED visits between joint heatwave outage events and single hazard 
heatwave events ranged between -0.23-3.67. 

The difference in RR of ED visits between joint heatwave outage events and heatwave events increased by less 
than 5 percent for the following ICD diagnoses: ‘cerebral ischemic attacks’, ‘ischemic heart diseases’, ‘heart 
failure’, ‘cerebrovascular diseases’, ‘complication respirator’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney 
disease’, ‘other kidney disorders’, ‘abnormalities heart beat’, ‘substances in blood’, ‘injuries neck’, ‘external 
causes’, ‘accidents all’, ‘accidents transportation’, ‘accidents falls’, ‘socioeconomic housing’, and ‘enabling 
machines devices’. 

The difference in RR of ED visits between joint heatwave outage events and heatwave events increased by 5-10 
percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘other bacterial diseases’, 
‘streptococcal sepsis’, ‘other circulatory system’, and ‘socioeconomic hazard’. 

The difference in RR of ED visits between joint heatwave outage events and heatwave events increased by 10-50 
percent for the following ICD diagnoses: ‘chronic rheumatic heart diseases’, ‘acute kidney failure’, and 
‘electrocution1’. 

The following ICD diagnoses had the largest difference in ED rates between joint hazard and single hazard events.  
The difference in RR of ED visits between joint heatwave outage events and heatwave events increased by more 
than 50 percent for the following ICD diagnoses: ‘heat and light’ and ‘heat illness’. 

Which ICD diagnoses had a higher relative risk of hospital admissions during joint heatwave outage events versus single hazard 
heatwave events? Across all ICD diagnoses, the difference in RR of hospitalizations between joint heatwave outage 
events and single hazard heatwave events ranged between -0.18-4.43. 

The difference in RR of hospitalizations between joint heatwave outage events and heatwave events increased by 
less than 5 percent for the following ICD diagnoses: ‘cerebral ischemic attacks’, ‘ischemic heart diseases’, ‘heart 
failure’, ‘cerebrovascular diseases’, ‘complication respirator’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney 
disease’, ‘other kidney disorders’, ‘abnormalities heart beat’, ‘substances in blood’, ‘injuries neck’, ‘external 
causes’, ‘accidents all’, ‘accidents transportation’, ‘accidents falls’, ‘socioeconomic housing’, and ‘enabling 
machines devices’. 

The difference in RR of hospitalizations between joint heatwave outage events and heatwave events increased by 
5-10 percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘other bacterial diseases’, 
‘streptococcal sepsis’, ‘other circulatory system’, and ‘socioeconomic hazard’. 
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The difference in RR of hospitalizations between joint heatwave outage events and heatwave events increased by 
10-50 percent for the following ICD diagnoses: ‘chronic rheumatic heart diseases’, ‘acute kidney failure’, and 
‘electrocution1’. 

The following ICD diagnoses had the largest difference in hospitalization rates between joint hazard and single 
hazard events.  The difference in RR of hospitalizations between joint heatwave outage events and heatwave events 
increased by more than 50 percent for the following ICD diagnoses: ‘heat and light’ and ‘heat illness’. 

Which ICD diagnoses had a higher relative risk of emergency department visits during joint heatwave outage events versus single 
hazard outage events? The RR for both ED visits and hospitalizations increased by more than 5 percentage points 
during joint heatwave outage events versus single hazard heatwave events for the following ICD diagnoses: 
‘volume depletion’, ‘other disorders fluid electrolyte’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney 
disease’, ‘acute kidney failure’, ‘other diseases urinary system’, ‘cystitis’, ‘substances in blood’, ‘injuries body’, 
‘heat and light’, ‘electrocution1’, ‘electrocution2’, ‘heat illness’, and ‘socioeconomic housing’. 

Across all ICD diagnoses, the difference in RR of ED visits between joint heatwave outage events and single hazard 
outage events ranged between -0.02-10.55.   

The difference in RR of ED visits between joint heatwave outage events and outage events is less than 5 percent 
for the following ICD diagnoses: ‘intestinal infectious diseases’, ‘bacterial foodborne intoxication’, ‘other bacterial 
diseases’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, ‘hypertensive diseases’, ‘cerebrovascular diseases’, 
‘complication respirator’, ‘abnormalities heart beat’, ‘injuries all’, ‘injuries head’, ‘injuries neck’, ‘external 
causes’, ‘accidents all’, and ‘occupational hazard’. 

The difference in RR of ED visits between joint heatwave outage events and outage events is between 5-10 percent 
for the following ICD diagnoses: ‘diabetes mellitus’, ‘ischemic heart diseases’, ‘other forms heart disease’, ‘heart 
failure’, ‘renal tubulo-interstitial diseases’, ‘other diseases urinary system’, ‘cystitis’, ‘medical devices’, and 
‘enabling machines devices’. 

The following ICD diagnoses had the largest difference in ED rates between joint hazard and single hazard events.  
The difference in RR of ED visits between joint heatwave outage events and outage events is between 10-50 
percent for the following ICD diagnoses: ‘streptococcal sepsis’, ‘volume depletion’, ‘other disorders fluid 
electrolyte’, ‘other circulatory system’, ‘chronic kidney disease’, ‘acute kidney failure’, ‘other kidney disorders’, 
‘substances in blood’, ‘injuries body’, ‘carbon monoxide’, ‘electrocution1’, ‘electrocution2’, and ‘socioeconomic 
housing’. 

Which ICD diagnoses had a higher relative risk of hospital admissions during joint heatwave outage events versus single hazard 
outage events? Across all ICD diagnoses, the difference in RR of hospitalizations between joint heatwave outage 
events and outage events ranged between -0.42-12.73. 

The difference in RR of hospitalizations between joint heatwave outage events and outage events is less than 5 
percent for the following ICD diagnoses: ‘intestinal infectious diseases’, ‘bacterial foodborne intoxication’, ‘other 
bacterial diseases’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, ‘hypertensive diseases’, ‘cerebrovascular 
diseases’, ‘complication respirator’, ‘abnormalities heart beat’, ‘injuries all’, ‘injuries head’, ‘injuries neck’, 
‘external causes’, ‘accidents all’, and ‘occupational hazard’. 

The difference in RR of hospitalizations between joint heatwave outage events and outage events is between 5-10 
percent for the following ICD diagnoses: ‘diabetes mellitus’, ‘ischemic heart diseases’, ‘other forms heart disease’, 
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‘heart failure’, ‘renal tubulo-interstitial diseases’, ‘other diseases urinary system’, ‘cystitis’, ‘medical devices’, and 
‘enabling machines devices’. 

The difference in RR of hospitalizations between joint heatwave outage events and outage events is between 10-
50 percent for the following ICD diagnoses: ‘streptococcal sepsis’, ‘volume depletion’, ‘other disorders fluid 
electrolyte’, ‘other circulatory system’, ‘chronic kidney disease’, ‘acute kidney failure’, ‘other kidney disorders’, 
‘substances in blood’, ‘injuries body’, ‘carbon monoxide’, ‘electrocution1’, ‘electrocution2’, and ‘socioeconomic 
housing’. 

The following ICD diagnoses had the largest difference in hospitalization rates between joint hazard and single 
hazard events.  The difference in RR of hospitalizations between joint heatwave outage events and outage events 
is greater than 50 percent for the following ICD diagnoses: ‘heat and light’ and ‘heat illness’. 

Relative risk of compound heatwave wildfire outage events 

Across all ICD diagnoses, the RR of ED visits on compound heatwave wildfire outage events ranged from 0.84-
11.89, and the RR of hospitalizations on compound heatwave wildfire outage events ranged from 0.89-20.78. 

Which ICD diagnoses increased the relative risk of emergency department visits during compound heatwave wildfire outage 
events?  Based on the pooled estimates for compound heatwave wildfire outage events, the RR of ED visits increased 
by less than 5 percent for the following ICD diagnoses: ‘other bacterial diseases’, ‘diabetes mellitus’, ‘heart 
failure’, ‘injuries all’, ‘injuries head’, ‘accidents transportation’, ‘accidents falls’, and ‘occupational hazard’. 

The RR of ED visits on compound heatwave wildfire outage events increased by 5-10 percent for the following 
ICD diagnoses: ‘complication respirator’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘socioeconomic 
housing’, and ‘enabling machines devices’. 

The RR of ED visits on compound heatwave wildfire outage events increased by 10-50 percent for the following 
ICD diagnoses: ‘bacterial foodborne intoxication’, ‘streptococcal sepsis’, ‘volume depletion’, ‘other disorders 
fluid electrolyte’, ‘chronic rheumatic heart diseases’, ‘other circulatory system’, ‘renal tubulo-interstitial 
diseases’, ‘other kidney disorders’, ‘other diseases urinary system’, ‘cystitis’, ‘substances in blood’, ‘injuries 
neck’, ‘injuries body’, ‘electrocution1’, and ‘socioeconomic hazard’. 

The following ICD diagnoses increased the RR of ED visits on compound heatwave wildfire outage events by the 
greatest margin.  The RR of ED visits on compound heatwave wildfire outage events increased by more than 50 
percent for the following ICD diagnoses: ‘acute kidney failure’, ‘heat and light’, and ‘heat illness’. 

Which ICD diagnoses increased the relative risk of hospitalizations during compound heatwave wildfire outage events?  The RR 
of hospitalizations on compound heatwave wildfire outage events increased by less than 5 percent for the following 
ICD diagnoses: ‘intestinal infectious diseases’, ‘diabetes mellitus’, ‘cardiovascular disease’, ‘chronic rheumatic 
heart diseases’, ‘hypertensive diseases’, ‘ischemic heart diseases’, ‘other forms heart disease’, ‘heart failure’, 
‘complication respirator’, ‘other kidney disorders’, ‘abnormalities heart beat’, ‘substances in blood’, ‘injuries all’, 
‘injuries head’, ‘injuries neck’, and ‘accidents falls’. 

The RR of hospitalizations on compound heatwave wildfire outage events increased by 5-10 percent for the 
following ICD diagnoses: ‘other bacterial diseases’, ‘streptococcal sepsis’, ‘cerebral ischemic attacks’, 
‘cerebrovascular diseases’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney disease’, ‘other diseases urinary 
system’, ‘external causes’, and ‘accidents all’. 
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The RR of hospitalizations on compound heatwave wildfire outage events increased by 10-50 percent for the 
following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘volume depletion’, ‘other disorders fluid 
electrolyte’, ‘other circulatory system’, ‘acute kidney failure’, ‘cystitis’, ‘socioeconomic housing’, and ‘enabling 
machines devices’. 

The following ICD diagnoses increased the RR of hospitalizations on compound heatwave wildfire outage events 
by the greatest margin.  The RR of hospitalizations on compound heatwave wildfire outage events increased by 
more than 50 percent for the following ICD diagnoses: ‘acute rheumatic fever’, ‘carbon monoxide’, ‘heat and 
light’, ‘electrocution2’, ‘heat illness’, and ‘occupational hazard’. 

Which ICD diagnoses had a higher relative risk of emergency department visits during compound heatwave wildfire outage events 
versus joint heatwave outage events?  The RR for both ED visits and hospitalizations increased by more than 5 
percentage points during compound heatwave wildfire outage events versus joint heatwave outage events for the 
following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘cystitis’, ‘substances in blood’, ‘heat and light’, and 
‘occupational hazard’. 

Across all ICD diagnoses, the difference in RR of ED visits between compound heatwave wildfire outage events 
and joint heatwave outage events ranged between -0.46-0.53. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint heatwave outage 
events increased by less than 5 percent for the following ICD diagnoses: ‘other disorders fluid electrolyte’, 
‘chronic rheumatic heart diseases’, ‘complication respirator’, ‘other kidney disorders’, ‘injuries all’, ‘injuries 
head’, ‘injuries body’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents transportation’, and 
‘accidents falls’. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint heatwave outage 
events increased by 5-10 percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, ‘acute 
kidney failure’, ‘other diseases urinary system’, ‘injuries neck’, and ‘electrocution1’. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint heatwave outage 
events increased by 10-50 percent for the following ICD diagnoses: ‘cystitis’, ‘substances in blood’, ‘occupational 
hazard’, and ‘socioeconomic hazard’. 

The following ICD diagnoses had the largest difference in ED rates between compound hazard and joint hazard 
events.  The difference in RR of ED visits between compound heatwave wildfire outage events and joint heatwave 
outage events increased by greater than 50 percent for the following ICD diagnoses: ‘heat and light’. 

Which ICD diagnoses had a higher relative risk of hospital admissions during compound heatwave wildfire outage events versus 
joint heatwave outage events?  Across all ICD diagnoses, the difference in RR of hospitalizations between compound 
heatwave wildfire outage events and joint heatwave outage events ranged between -0.81-7.41. 

The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint heatwave 
outage events increased by less than 5 percent for the following ICD diagnoses: ‘other disorders fluid electrolyte’, 
‘chronic rheumatic heart diseases’, ‘complication respirator’, ‘other kidney disorders’, ‘injuries all’, ‘injuries 
head’, ‘injuries body’, ‘medical devices’, ‘external causes’, ‘accidents all’, ‘accidents transportation’, and 
‘accidents falls’. 
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The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint heatwave 
outage events increased by 5-10 percent for the following ICD diagnoses: ‘bacterial foodborne intoxication’, 
‘acute kidney failure’, ‘other diseases urinary system’, ‘injuries neck’, and ‘electrocution1’. 

The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint heatwave 
outage events increased by 10-50 percent for the following ICD diagnoses: ‘cystitis’, ‘substances in blood’, 
‘occupational hazard’, and ‘socioeconomic hazard’. 

The following ICD diagnoses had the largest difference in hospitalization rates between compound hazard and 
joint hazard events.  The difference in RR of hospitalizations between compound heatwave wildfire outage events 
and joint heatwave outage events increased by more than 50 percent for the following ICD diagnoses: ‘heat and 
light’. 

Which ICD diagnoses had a higher relative risk of emergency department visits during compound heatwave wildfire outage events 
versus joint wildfire outage events?  The RR for both ED visits and hospitalizations increased by more than 5 percentage 
points during compound heatwave wildfire outage events versus joint wildfire outage events for the following ICD 
diagnoses: ‘volume depletion’, ‘other disorders fluid electrolyte’, ‘other circulatory system’, ‘renal tubulo-
interstitial diseases’, ‘chronic kidney disease’, ‘acute kidney failure’, ‘other diseases urinary system’, ‘cystitis’, 
‘substances in blood’, ‘injuries body’, ‘heat and light’, ‘electrocution1’, ‘electrocution2’, ‘heat illness’, and 
‘socioeconomic housing’. 

Across all ICD diagnoses, the difference in RR of ED visits between compound heatwave wildfire outage events 
and joint wildfire outage events ranged between -0.02-10.46. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint wildfire outage 
events increased by less than 5 percent for the following ICD diagnoses: ‘intestinal infectious diseases’, ‘bacterial 
foodborne intoxication’, ‘other bacterial diseases’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’,  
‘hypertensive diseases’, ‘cerebrovascular diseases’, ‘complication respirator’, ‘abnormalities heart beat’, ‘injuries 
all’, ‘injuries head’, ‘injuries neck’, ‘external causes’, ‘accidents all’, and ‘occupational hazard’. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint wildfire outage 
events increased by 5-10 percent for the following ICD diagnoses: ‘diabetes mellitus’, ‘ischemic heart diseases’, 
‘other forms heart disease’, ‘heart failure’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney disease’, ‘other 
diseases urinary system’, ‘cystitis’, ‘medical devices’, and ‘enabling machines devices’. 

The difference in RR of ED visits between compound heatwave wildfire outage events and joint wildfire outage 
events increased by 10-50 percent for the following ICD diagnoses: ‘streptococcal sepsis’, ‘volume depletion’, 
‘other disorders fluid electrolyte’, ‘other circulatory system’, ‘acute kidney failure’, ‘other kidney disorders’, 
‘substances in blood’, ‘injuries body’, ‘carbon monoxide’, ‘electrocution1’, ‘electrocution2’, and ‘socioeconomic 
housing’. 

The following ICD diagnoses had the largest difference in ED rates between compound hazard and joint hazard 
events.  The difference in RR of ED visits between compound heatwave wildfire outage events and joint wildfire 
outage events increased by more than 50 percent for the following ICD diagnoses: ‘heat and light’ and ‘heat 
illness’. 

Which ICD diagnoses had a higher relative risk of hospital admissions during compound heatwave wildfire outage events versus 
joint wildfire outage events?  Across all ICD diagnoses, the difference in RR of hospitalizations between compound 
heatwave wildfire outage events and joint wildfire outage events ranged between -0.45-18.52. 
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The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint wildfire 
outage events increased by less than 5 percent for the following ICD diagnoses: ‘intestinal infectious diseases’, 
‘bacterial foodborne intoxication’, ‘other bacterial diseases’, ‘cerebral ischemic attacks’, ‘cardiovascular disease’, 
‘hypertensive diseases’, ‘cerebrovascular diseases’, ‘complication respirator’, ‘abnormalities heart beat’, ‘injuries 
all’, ‘injuries head’, ‘injuries neck’, ‘external causes’, ‘accidents all’, and ‘occupational hazard’. 

The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint wildfire 
outage events increased by 5-10 percent for the following ICD diagnoses: ‘diabetes mellitus’, ‘ischemic heart 
diseases’, ‘other forms heart disease’, ‘heart failure’, ‘renal tubulo-interstitial diseases’, ‘chronic kidney disease’, 
‘other diseases urinary system’, ‘cystitis’, ‘medical devices’, and ‘enabling machines devices’. 

The difference in RR of hospitalizations between compound heatwave wildfire outage events and joint wildfire 
outage events increased by 10-50 percent for the following ICD diagnoses: ‘streptococcal sepsis’, ‘volume 
depletion’, ‘other disorders fluid electrolyte’, ‘other circulatory system’, ‘acute kidney failure’, ‘other kidney 
disorders’, ‘substances in blood’, ‘injuries body’, ‘carbon monoxide’, ‘electrocution1’, ‘electrocution2’, and 
‘socioeconomic housing’. 

The following ICD diagnoses had the largest difference in hospitalization rates between compound hazard and 
joint hazard events.  The difference in RR of hospitalizations between compound heatwave wildfire outage events 
and joint wildfire outage events increased by more than 50 percent for the following ICD diagnoses: ‘heat and 
light’ and ‘heat illness’. 

How does the relative risk of emergency department visits and hospital admissions for heatwave-related ICD diagnoses compare 
between single and multi-hazard events?  For the two main heat-related ICD diagnoses, the RR of ED visits and 
hospitalizations were greater during joint hazard events compared to single hazard events, and greater during 
compound hazard events compared to joint hazard events.  The RR of ED visits for ‘heat and light’ increased by a 
factor of 11.26 during joint heatwave outage events, compared to 7.59 during heatwave events and 1.48 during 
outage events.  Similarly, the RR of ER visit for ‘heat illness’ increased by a factor of 11.99 during joint heatwave 
outage events, compared to 8.34 during heatwave events and 1.44 during outage events. 

Hospitalizations followed a similar pattern.  The RR of hospitalizations for ‘heat and light’ increased by a factor of 
13.32 during joint heatwave outage events, compared to 9.16 during heatwave events and 1.45 during outage 
events.  The RR of hospitalizations for ‘heat illness’ increased by a factor of 14.18 during joint heatwave outage 
events compared to 9.75 during heatwave events and 1.45 during outage events.  Generally, the RR of compound 
heatwave wildfire outage events were either comprable to or higher than joint heatwave outage events.  The RR 
of hospitalizations during compound heatwave wildfire outage events increased by a factor of 20.78 for ‘heat and 
light’ and 19.88 for ‘heat illness’. 

The RR of ED visits for ‘volume depletion’ and ‘other disorders fluid electrolyte’ during joint heatwave outage 
events (1.33 and 1.17 respectively) were comprable to the RR during heatwave events (1.38 and 1.17 
respectively).  Similarly, the RR of hospitalizations for ‘volume depletion’ and ‘other disorders fluid electrolyte’ 
during joint heatwave outage events (1.13 and 1.08 respectively) were comprable to the RR during heatwave 
events (1.15 and 1.06 respectively).  The RR of hospitalizations for ‘volume depletion’ and ‘other disorders fluid 
electrolyte’ during compound heatwave wildfire outage events were also higher than during joint heatwave outage 
events (1.18 and 1.10 respectively). 

The RR for ‘cardiovascular disease’ during joint heatwave outage events compared to heatwave events was slightly 
higher for hospitalizations, and nearly equivalent for ED visits.  The RR of hospitalizations for ‘cardiovascular 
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disease’ increased by a factor of 1.03 during joint heatwave outage events compared to 1.01 during heatwave 
events.  The RR of ED visits for ‘cardiovascular disease’ increased by a factor of 1.04 during joint heatwave outage 
events compared to 1.05 during heatwave events.  Under the umbrella ICD code of ‘cardiovascular disease’, the 
RR between heatwave events and joint heatwave outage events increased the most for ‘cerebrovascular diseases’ 
for ED visits, and ‘acute rheumatic fever’ for hospitalizations. 

The RR of ED visits and hospitalizations for ‘diabetes mellitus’ and ‘chronic kidney disease’ during joint heatwave 
outage events was either similar to or slightly higher than during heatwave events.  The RR of ED visits for ‘acute 
kidney failure’ and ‘other kidney disorders’ were 1-2 percent higher between heatwave events and joint heatwave 
outage events.  The RR of hospitalizations for ‘chronic kidney disease’ and ‘acute kidney failure’ were 1-2 percent 
higher during joint heatwave outage events versus heatwave events, while the RR of hospitalizations for ‘other 
kidney disorders’ was 8 percent higher during joint heatwave outage events versus heatwave events. 

The RR of ED visits and hospitalizations for ‘injuries all’ did not increase during joint heatwave outage events 
compared to heatwave event, the exception being for ‘injuries neck’ which was approximately 2 percent higher 
during joint heatwave outage events.  In comparison, the RR of ED visits and hospitalizations for ‘accidents all’ 
was slightly higher during joint heatwave outage events (1.05 and 1.07) compared to heatwave events (1.03 and 
1.05 respectively).  

How does the relative risk of emergency department visits and hospital admissions for outage-related ICD diagnoses compare 
between single and multi-hazard events?  Results indicating a higher risk for carbon monoxide poisoning during joint 
heatwave outage events versus heatwave events were mixed.  The RR of ED visits for ‘carbon monoxide’ during 
joint heatwave outage events (1.00) was lower compared to heatwave events (1.24), but higher compared to 
outage events (0.81).  The reverse was true for hospitalizations.  The RR of hospitalizations for ‘carbon monoxide’ 
during joint heatwave outage events (1.58) was higher compared to heatwave events (0.79), but lower compared 
to outage events (2.00).  The RR for ‘carbon monoxide’ further increased during compound heatwave wildfire 
outage events for hospitalizations (1.70), but not for ED visits (0.84). 

The RR of ED visits and hospitalizations for ‘enabling machines devices’ and ‘medical devices’ were higher during 
joint heatwave outage events compared to both heatwave and outage events.  The RR of ED visits for ‘enabling 
machines devices’ increased by a factor of 1.11 during joint heatwave outage events, compared to 1.09 during 
heatwave events and 1.02 during outage events.  The RR of ER visit for ‘medical devices’ increased by a factor of 
1.07 during joint heatwave outage events, compared to 1.08 during heatwave events and 0.99 during outage 
events.  Similarly, the RR of hospitalizations for ‘enabling machines devices’ increased by a factor of 1.06 during 
joint heatwave outage events, compared to 1.02 during heatwave events and 1.05 during outage events.  The RR 
of hospitalizations for ‘medical devices’ increased by a factor of 1.04 during joint heatwave outage events 
compared to 1.01 during heatwave events and 1.03 during outage events. 

The RR of ED visits for compound heatwave wildfire outage events compared to joint heatwave outage events 
increased for ‘medical devices’ (1.10) and decreased for ‘enabling machines devices’ (1.07).  The reverse occurred 
for hospitalizations; the RR of hospitalizations for compound heatwave wildfire outage events decreased for 
‘medical devices’ (1.00) and increased for ‘enabling machines devices’ (1.11).   

How does the relative risk of emergency department visits and hospital admissions for social determinant ICD codes compare 
between single and multi-hazard events?  Results showing an increase in the RR of ‘occupational hazard’ between joint 
heatwave outage events and heatwave events were mixed.  The RR of ED visits for ‘occupational hazard’ was 
lower during joint heatwave outage events (0.94) compared to heatwave events (1.01), but higher during 
compound heatwave wildfire outage events (1.04) compared to both heatwave (1.01) and outage events (0.93).  
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In comparison, the RR of hospitalizations for ‘occupational hazard’ during joint heatwave outage events (2.15) 
was higher compared to heatwave events (0.94), but lower compared to outage events (2.30), while the RR 
during compound heatwave wildfire outage events (4.32) was higher during both heatwave and outage events. 

The RR for ‘socioeconomic housing’ was higher during joint heatwave outage events compared to both heatwave 
and outage events, but lower during compound heatwave outage events compared to joint heatwave outage 
events.  The RR of ED visits for ‘socioeconomic housing’ increased by a factor of 1.14 during joint heatwave 
outage events, compared to 1.11 during heatwave events and 1.03 during outage events.  Similarly, the RR of 
hospitalizations for ‘socioeconomic housing’ increased by a factor of 1.10 during joint heatwave outage events, 
compared to 1.05 during heatwave events and 1.05 during outage events.  The RR for ‘socioeconomic housing’ 
between compound heatwave wildfire outage events and joint heatwave outage was also higher for hospitalizations 
(1.12), but lower for ED visits (1.07). 

In summary, patients are at higher risk of heat illness during joint heatwave outage events compared to single 
hazard heatwave or outage events. 
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Table 5.17: Regression results - ED visits by ICD group (May-Oct 2008-2017) 

Poisson fixed 
effects 

[1E] [2E] [3E] [4E] [5E] [6E] [7E] [8E] [9E] [10E] [11E] 

dependent 
variable: 
emergency 
department visits 

Intestinal 
infectious 
diseases 

Bacterial 
foodborne 

intoxication 

Other 
bacterial 
diseases 

Streptococcal 
sepsis 

Diabetes 
mellitus 

Volume 
depletion 

Other 
disorders 

fluid 
electrolyte 

Cerebral 
ischemic 
attacks 

Cardiovascular 
disease 

Acute 
rheumatic 

fever 

Chronic 
rheumatic 

heart diseases 

outage day 0.987 1.038 1.016 1.012 0.994 0.983* 1.002 1.008 0.995 0.980 1.078* 
 (0.018) (0.064) (0.018) (0.025) (0.006) (0.009) (0.008) (0.026) (0.008) (0.228) (0.043) 
L1.outage day 0.981 1.034 1.057*** 1.059*** 0.992 0.977** 0.997 1.020 0.996 0.913 1.131*** 
 (0.013) (0.059) (0.020) (0.023) (0.006) (0.011) (0.008) (0.022) (0.008) (0.155) (0.032) 
heatwave day 0.993 1.027 1.012 1.048*** 1.024*** 1.103*** 1.052*** 1.019 1.019*** 0.979 0.977 
  (95th percentile) (0.012) (0.035) (0.013) (0.017) (0.006) (0.007) (0.006) (0.013) (0.006) (0.109) (0.025) 
L1.heatwave day 1.002 1.028 1.019** 1.040*** 1.011*** 1.105*** 1.040*** 0.997 1.007** 0.987 1.018 
   (0.006) (0.022) (0.009) (0.012) (0.003) (0.006) (0.004) (0.009) (0.003) (0.066) (0.016) 
L2.heatwave day 1.007 0.982 0.990 1.023 1.026*** 1.134*** 1.071*** 1.001 1.022*** 1.020 0.994 
   (0.012) (0.031) (0.013) (0.016) (0.006) (0.007) (0.004) (0.016) (0.006) (0.104) (0.026) 
wildfire day 0.987 1.072 1.049 1.067 0.997 0.997 1.013 0.917** 0.981** 0.474** 1.027 
   (0.018) (0.110) (0.038) (0.043) (0.009) (0.015) (0.015) (0.038) (0.009) (0.175) (0.058) 
L1.wildfire day 0.988 0.973 0.969 0.990 0.994 1.004 1.011 0.974 0.984** 1.565*** 0.989 
   (0.021) (0.064) (0.020) (0.026) (0.007) (0.009) (0.011) (0.025) (0.006) (0.268) (0.069) 
L2.wildfire day 0.993 1.009 0.940** 0.938 0.976*** 0.979 1.015 1.070** 0.973*** 1.302 0.985 
   (0.027) (0.079) (0.027) (0.038) (0.007) (0.024) (0.015) (0.037) (0.008) (0.375) (0.068) 
Observations  328,925   325,089   328,743   328,743   328,925   328,925   328,925   328,743   328,925   241,977   314,944  
AIC  371,846   84,366   231,196   175,208   1,456,346   893,583   802,522   256,258   2,006,454   8,090   96,857  
BIC  372,050   84,569   231,399   175,411   1,456,550   893,786   802,725   256,461   2,006,657   8,287   97,060  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[12E] [13E] [14E] [15E] [16E] [17E] [18E] [19E] [20E] [21E] [22E] 

dependent 
variable: 
emergency 
department visits 

Hypertensive 
diseases 

Ischemic 
heart diseases 

Other forms  
heart disease 

Heart failure Cerebrovascular 
diseases 

Other 
circulatory 

system 

Complication 
respirator 

Renal tubulo-
interstitial 
diseases 

Chronic 
kidney 
disease 

Acute kidney 
failure 

Other 
kidney 

disorders 
outage day 0.994 1.000 0.998 1.001 1.012 1.010 0.991 1.008 1.005 1.043* 1.016 
 (0.009) (0.010) (0.011) (0.018) (0.016) (0.015) (0.217) (0.008) (0.013) (0.023) (0.014) 
L1.outage day 0.995 1.005 0.999 1.007 1.029** 1.044*** 1.040 1.010 0.998 1.033** 1.003 
 (0.009) (0.011) (0.009) (0.015) (0.014) (0.015) (0.168) (0.008) (0.010) (0.017) (0.012) 
heatwave day 1.018*** 1.022** 1.024*** 1.028*** 1.023** 1.067*** 0.976 1.028*** 1.037*** 1.090*** 1.055*** 
  (95th percentile) (0.007) (0.009) (0.008) (0.011) (0.010) (0.009) (0.140) (0.007) (0.008) (0.009) (0.008) 
L1.heatwave day 1.006* 1.012** 1.011*** 1.009* 1.008* 1.047*** 0.975 1.018*** 1.022*** 1.076*** 1.043*** 
   (0.004) (0.005) (0.004) (0.005) (0.005) (0.007) (0.085) (0.003) (0.005) (0.007) (0.007) 
L2.heatwave day 1.021*** 1.025*** 1.026*** 1.028*** 1.011 1.069*** 1.064 1.045*** 1.042*** 1.135*** 1.060*** 
   (0.007) (0.009) (0.008) (0.010) (0.009) (0.009) (0.112) (0.006) (0.008) (0.010) (0.009) 
wildfire day 0.982* 0.962* 0.989 0.998 0.971 0.993 0.971 1.005 0.953** 1.047 1.025 
   (0.009) (0.019) (0.015) (0.023) (0.028) (0.024) (0.337) (0.017) (0.022) (0.032) (0.019) 
L1.wildfire day 0.984** 0.972** 0.988 0.999 0.969* 1.014 1.182 0.981* 0.978 1.041 1.020* 
   (0.007) (0.013) (0.011) (0.013) (0.016) (0.013) (0.235) (0.011) (0.015) (0.026) (0.012) 
L2.wildfire day 0.974*** 0.953*** 0.962*** 0.953*** 0.946** 0.968 0.904 1.010 0.966** 0.969 0.963* 
   (0.008) (0.017) (0.013) (0.010) (0.021) (0.023) (0.375) (0.017) (0.015) (0.023) (0.019) 
Observations  328,925   328,925   328,925   328,843   328,925   328,925   236,953   328,925   328,925   328,661   328,925  
AIC 995,537  995,538   1,156,855   784,392   505,223   359,122   6,803   627,457   841,953   260,766   482,068  
BIC 995,740  995,741   1,157,059   784,595   505,426   359,325   7,000   627,660   842,156   260,969   482,271  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[23E] [24E] [25E] [26E] [27E] [28E] [29E] [30E] [31E] [32E] [33E] 

dependent 
variable: 
emergency 
department visits 

Other 
diseases 
urinary 
system 

Cystitis 
Abnormalities 

heart beat 
Substances in 

blood 
Injuries all Injuries head Injuries neck Injuries body Carbon 

monoxide 
Heat and 

light 
Electrocution

1 

outage day 1.000 0.976 1.010 0.995 0.994** 0.992 1.009 0.945* 0.850 1.194** 1.093 
 (0.006) (0.015) (0.009) (0.035) (0.003) (0.007) (0.009) (0.030) (0.119) (0.093) (0.060) 
L1.outage day 0.999 0.982 1.000 1.027 0.988*** 0.991 1.010* 0.964 0.956 1.242*** 1.087 
 (0.006) (0.019) (0.012) (0.042) (0.003) (0.006) (0.006) (0.035) (0.096) (0.067) (0.079) 
heatwave day 1.027*** 1.024** 1.009 1.057*** 1.006* 1.005 1.001 1.056*** 1.221** 1.945*** 1.100*** 
  (95th percentile) (0.003) (0.010) (0.007) (0.022) (0.003) (0.003) (0.005) (0.010) (0.105) (0.039) (0.039) 
L1.heatwave day 1.018*** 1.008 1.003 1.034 1.005*** 1.005** 0.999 1.060*** 1.051 1.930*** 1.039 
   (0.002) (0.006) (0.004) (0.021) (0.002) (0.002) (0.003) (0.007) (0.058) (0.038) (0.027) 
L2.heatwave day 1.028*** 1.021** 0.998 1.031 1.015*** 1.009** 1.012** 1.116*** 0.963 2.023*** 1.044 
   (0.003) (0.010) (0.006) (0.023) (0.003) (0.004) (0.005) (0.010) (0.077) (0.048) (0.039) 
wildfire day 1.015** 1.039 1.006 1.102** 1.014*** 1.008* 1.028** 0.972 1.062 0.980 1.101 
   (0.006) (0.060) (0.018) (0.047) (0.003) (0.004) (0.015) (0.022) (0.185) (0.050) (0.125) 
L1.wildfire day 1.014** 1.027 0.996 1.052 1.006* 0.997 1.027* 1.021 0.945 1.039 0.973 
   (0.006) (0.035) (0.009) (0.039) (0.003) (0.004) (0.016) (0.023) (0.146) (0.043) (0.073) 
L2.wildfire day 1.021** 1.078*** 0.961*** 1.095 1.012 1.010 1.017 1.011 0.834 1.028 0.970 
   (0.010) (0.028) (0.015) (0.061) (0.008) (0.007) (0.012) (0.026) (0.146) (0.088) (0.081) 
Observations  328,925   328,925   328,925   324,194   328,925   328,925   328,925   328,661   302,699   328,661   322,035  
AIC 1,169,914  462,518   692,889   68,495   1,870,824   1,326,774   789,698   356,842   19,604   194,385   44,462  
BIC 1,170,117  462,721   693,093   68,699   1,871,027   1,326,977   789,902   357,045   19,806   194,589   44,665  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[34E] [35E] [36E] [37E] [38E] [39E] [40E] [41E] [42E] [43E] [44E] 

dependent variable: 
emergency 
department visits 

Medical 
devices 

External 
causes 

Accidents all Accidents 
transportation 

Accidents 
falls 

Electrocution
2 Heat illness Occupational 

hazard 
Socioeconomic 

housing 
Socioeconomic 

hazard 

Enabling 
machine 
devices 

outage day 1.009 1.010 1.012 1.019 1.011 0.934 1.175* 0.972 1.013 1.051 1.013 
 (0.019) (0.017) (0.017) (0.015) (0.020) (0.041) (0.101) (0.025) (0.010) (0.038) (0.014) 
L1.outage day 0.985 1.009 1.009 1.018 1.008 0.995 1.223*** 0.958 1.019* 1.037 1.010 
 (0.037) (0.018) (0.019) (0.015) (0.023) (0.039) (0.065) (0.032) (0.012) (0.062) (0.011) 
heatwave day 1.024** 1.008** 1.007* 0.997 0.991** 1.094*** 2.013*** 1.015 1.035*** 0.974 1.029*** 
  (95th percentile) (0.012) (0.004) (0.004) (0.005) (0.004) (0.026) (0.049) (0.026) (0.012) (0.021) (0.007) 
L1.heatwave day 1.019 1.010*** 1.009*** 0.995 0.994* 1.112*** 2.006*** 0.980 1.018* 0.992 1.023*** 
   (0.013) (0.002) (0.002) (0.003) (0.003) (0.020) (0.044) (0.014) (0.009) (0.015) (0.005) 
L2.heatwave day 1.030** 1.014*** 1.015*** 0.995 0.994 1.198*** 2.066*** 1.011 1.050*** 1.016 1.034*** 
   (0.014) (0.004) (0.004) (0.007) (0.005) (0.026) (0.061) (0.018) (0.014) (0.021) (0.007) 
wildfire day 0.951* 1.010* 1.011 1.022** 1.003 0.907 0.930 1.019 0.950*** 1.068 0.945*** 
   (0.027) (0.006) (0.007) (0.011) (0.010) (0.064) (0.076) (0.049) (0.017) (0.048) (0.020) 
L1.wildfire day 1.014 1.001 1.002 0.999 1.000 0.860*** 1.035 1.018 0.998 1.028 1.005 
   (0.027) (0.006) (0.007) (0.009) (0.008) (0.035) (0.073) (0.041) (0.021) (0.051) (0.015) 
L2.wildfire day 1.063 1.006 1.006 0.997 1.004 0.847* 1.030 1.072 0.984 1.044 1.012 
   (0.040) (0.013) (0.015) (0.011) (0.019) (0.073) (0.084) (0.080) (0.022) (0.072) (0.018) 
Observations  328,925   328,925   328,925   328,925   328,925   328,661   328,479   325,000   327,833   328,379   327,833  
AIC 193,357  2,653,604   2,364,897   1,135,540   1,481,399   118,992   150,987   120,019   405,104   163,274   531,112  
BIC 193,560  2,653,807   2,365,100   1,135,743   1,481,602   119,195   151,191   120,222   405,307   163,477   531,316  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-26 in Appendix C for pooled estimates table 
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Table 5.18: Regression results - hospitalizations by ICD group (May-Oct 2008-2017) 

Poisson fixed 
effects 

[1H] [2H] [3H] [4H] [5H] [6H] [7H] [8H] [9H] [10H] [11H] 

dependent 
variable: hospital 
admissions 

Intestinal 
infectious 
diseases 

Bacterial 
foodborne 

intoxication 

Other 
bacterial 
diseases 

Streptococcal 
sepsis 

Diabetes 
mellitus 

Volume 
depletion 

Other 
disorders 

fluid 
electrolyte 

Cerebral 
ischemic 
attacks 

Cardiovascular 
disease 

Acute 
rheumatic 

fever 

Chronic 
rheumatic 

heart diseases 

outage day 0.988 0.989 1.007 1.006 1.004 0.989* 1.008 1.011 1.010* 1.129 1.015 
 (0.014) (0.108) (0.005) (0.006) (0.006) (0.006) (0.006) (0.024) (0.006) (0.131) (0.020) 
L1.outage day 0.989 0.977 1.009* 1.009* 1.010* 0.997 1.010*** 0.991 1.012*** 1.195* 1.027** 
 (0.011) (0.103) (0.005) (0.005) (0.005) (0.006) (0.003) (0.019) (0.004) (0.117) (0.013) 
heatwave day 1.005 1.007 1.012** 1.013*** 1.006* 1.034*** 1.019*** 1.000 1.005 1.093 0.996 
  (95th percentile) (0.006) (0.051) (0.005) (0.005) (0.003) (0.006) (0.004) (0.011) (0.004) (0.080) (0.009) 
L1.heatwave day 1.001 1.062** 1.010*** 1.011*** 1.005*** 1.041*** 1.014*** 1.002 1.001 1.002 1.001 
   (0.004) (0.032) (0.003) (0.003) (0.001) (0.003) (0.002) (0.007) (0.001) (0.059) (0.004) 
L2.heatwave day 1.018*** 1.050 1.017*** 1.017*** 1.010*** 1.064*** 1.028*** 1.000 1.003 0.926 0.995 
   (0.006) (0.050) (0.005) (0.005) (0.003) (0.006) (0.004) (0.012) (0.003) (0.060) (0.007) 
wildfire day 0.984 0.851 0.990 0.990 0.995 1.010 1.004 1.054*** 0.994 1.137 0.987 
   (0.019) (0.113) (0.007) (0.007) (0.004) (0.012) (0.008) (0.017) (0.004) (0.335) (0.018) 
L1.wildfire day 1.014 1.121* 1.004 1.005 1.010* 1.019** 1.014** 1.007 1.007** 0.918 1.026 
   (0.015) (0.077) (0.004) (0.004) (0.005) (0.008) (0.006) (0.024) (0.004) (0.171) (0.020) 
L2.wildfire day 1.021 1.235 1.003 1.005 0.998 1.018 1.007 1.032 1.002 1.341 1.001 
   (0.015) (0.181) (0.008) (0.008) (0.006) (0.012) (0.008) (0.020) (0.005) (0.400) (0.028) 
Observations  351,973   307,500   353,076   351,293   357,987   357,726   354,535   340,523   358,351   249,138   346,223  
AIC  459,033   29,389   854,247   848,255   1,274,797   894,652   1,178,225   279,140   1,666,638   11,700   374,074  
BIC  459,238   29,591   854,452   848,459   1,275,002   894,857   1,178,430   279,344   1,666,843   11,898   374,278  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[12H] [13H] [14H] [15H] [16H] [17H] [18H] [19H] [20H] [21H] [22H] 

dependent 
variable: hospital 
admissions 

Hypertensive 
diseases 

Ischemic 
heart diseases 

Other forms 
heart disease 

Heart failure Cerebrovascular 
diseases 

Other 
circulatory 

system 

Complication 
respirator 

Renal tubulo-
interstitial 
diseases 

Chronic 
kidney 
disease 

Acute kidney 
failure 

Other kidney 
disorders 

outage day 1.008 1.004 1.007 1.007 1.014*** 1.013 0.999 1.004 1.011 1.005 1.023 
 (0.006) (0.007) (0.006) (0.009) (0.004) (0.015) (0.022) (0.007) (0.007) (0.009) (0.015) 
L1.outage day 1.011** 1.009* 1.010** 1.013 1.011 1.017* 1.036 1.009 1.011 1.001 1.019* 
 (0.004) (0.005) (0.005) (0.008) (0.007) (0.010) (0.024) (0.006) (0.007) (0.009) (0.011) 
heatwave day 1.004 0.999 1.003 0.996 1.001 1.020*** 1.007 1.020*** 1.014*** 1.024*** 1.017*** 
  (95th percentile) (0.004) (0.005) (0.004) (0.004) (0.005) (0.006) (0.016) (0.005) (0.004) (0.005) (0.005) 
L1.heatwave day 1.001 1.002 1.000 0.996** 1.004* 1.011*** 1.015 1.008** 1.017*** 1.030*** 1.012*** 
   (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.010) (0.004) (0.002) (0.002) (0.003) 
L2.heatwave day 1.003 0.996 0.996 0.989** 1.009** 1.016*** 1.007 1.030*** 1.023*** 1.047*** 1.008 
   (0.003) (0.004) (0.004) (0.004) (0.004) (0.006) (0.018) (0.006) (0.003) (0.004) (0.005) 
wildfire day 0.995 0.990 0.994 0.995 1.004 1.011 0.931** 0.994 0.999 0.994 0.982 
   (0.005) (0.007) (0.006) (0.011) (0.013) (0.010) (0.030) (0.011) (0.007) (0.008) (0.021) 
L1.wildfire day 1.010*** 1.006 1.003 1.006 1.015** 1.033*** 0.980 1.005 1.009** 1.007 0.997 
   (0.004) (0.005) (0.004) (0.005) (0.007) (0.010) (0.042) (0.008) (0.004) (0.004) (0.016) 
L2.wildfire day 1.006 0.995 1.005 1.004 1.009 1.018* 1.072 0.989 1.001 1.004 0.989 
   (0.004) (0.006) (0.007) (0.009) (0.011) (0.011) (0.053) (0.017) (0.005) (0.008) (0.011) 
Observations  358,351  356,204   357,987   354,535   357,987   355,943   328,493   357,726   357,987   352,385   355,579  
AIC 1,578,536  1,143,128   1,290,431   1,039,070   788,554   673,385   118,963   567,812   1,162,357   929,389   567,287  
BIC 1,578,741  1,143,333   1,290,636   1,039,274   788,759   673,589   119,166   568,017   1,162,562   929,594   567,492  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[23H] [24H] [25H] [26H] [27H] [28H] [29H] [30H] [31H] [32H] [33H] 

dependent 
variable: hospital 
admissions 

Other 
diseases 
urinary 
system 

Cystitis 
Abnormalities 

heart beat 
Substances in 

blood 
Injuries all Injuries head Injuries neck Injuries body Carbon 

monoxide 
Heat and light Electrocution1 

outage day 1.006 0.964** 1.026** 0.926*** 0.999 0.999 0.998 0.917 1.533*** 1.236*** 0.905 
 (0.008) (0.014) (0.011) (0.010) (0.007) (0.007) (0.014) (0.050) (0.201) (0.101) (0.261) 
L1.outage day 1.011** 0.997 1.007 0.939*** 0.995 0.998 1.013 0.927 1.305** 1.176** 1.186 
 (0.005) (0.015) (0.016) (0.017) (0.007) (0.009) (0.017) (0.062) (0.172) (0.083) (0.253) 
heatwave day 1.017*** 1.031** 1.009 1.014 1.012*** 1.023*** 0.999 1.018 1.076 1.842*** 1.148 
  (95th percentile) (0.004) (0.013) (0.012) (0.009) (0.004) (0.006) (0.011) (0.021) (0.124) (0.066) (0.154) 
L1.heatwave day 1.011*** 1.010 1.009 1.021** 1.005** 1.010*** 1.018** 1.045** 0.711*** 1.943*** 1.049 
   (0.002) (0.009) (0.007) (0.010) (0.002) (0.004) (0.007) (0.022) (0.071) (0.053) (0.146) 
L2.heatwave day 1.026*** 1.022* 1.010 1.042*** 1.001 1.002 1.026*** 1.095*** 1.035 2.560*** 1.362** 
   (0.003) (0.012) (0.007) (0.011) (0.004) (0.005) (0.010) (0.023) (0.112) (0.080) (0.175) 
wildfire day 1.004 0.974 0.991 0.988 0.992 0.987 1.042** 0.925 2.124** 1.187* 0.814 
   (0.011) (0.039) (0.014) (0.023) (0.009) (0.014) (0.019) (0.065) (0.688) (0.119) (0.221) 
L1.wildfire day 1.015*** 1.074*** 1.015 1.036 1.006 1.005 0.997 1.056 1.310* 1.041 0.863 
   (0.004) (0.027) (0.010) (0.029) (0.011) (0.014) (0.027) (0.070) (0.186) (0.061) (0.334) 
L2.wildfire day 1.004 1.030 0.970* 1.075*** 0.996 0.988 0.930*** 1.010 0.386** 1.263*** 0.772 
   (0.005) (0.026) (0.018) (0.028) (0.009) (0.011) (0.025) (0.060) (0.170) (0.096) (0.275) 
Observations  358,351  348,191   352,044   342,736   356,568   354,370   350,588   338,827   189,016   325,591   156,409  
AIC 1,017,211  212,103   443,357   232,201   881,609   525,476   239,235   71,169   6,011   43,380   3,612  
BIC 1,017,416  212,307   443,562   232,406   881,814   525,681   239,439   71,372   6,203   43,584   3,801  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1       
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(continued)            
Poisson fixed 
effects 

[34H] [35H] [36H] [37H] [38H] [39H] [40H] [41H] [42H] [43H] [44H] 

dependent 
variable: hospital 
admissions 

Medical 
devices 

External 
causes 

Accidents all Accidents 
transportation 

Accidents 
falls 

Electrocution2 Heat illness Occupational 
hazard 

Socioeconomic 
housing 

Socioeconomic 
hazard 

Enabling 
machine 
devices 

outage day 1.023** 1.023* 1.014 0.985 1.017 1.006 1.207 1.280 1.020 1.038 1.022** 
 (0.009) (0.013) (0.011) (0.012) (0.013) (0.103) (0.144) (0.311) (0.015) (0.060) (0.009) 
L1.outage day 1.008 1.024* 1.008 0.962*** 1.010 0.991 1.205* 1.793** 1.025*** 0.998 1.023*** 
 (0.012) (0.015) (0.015) (0.013) (0.017) (0.114) (0.127) (0.512) (0.009) (0.074) (0.008) 
heatwave day 1.002 1.010* 1.014*** 1.015* 0.999 1.044 1.834*** 0.889 1.018 0.976 1.002 
  (95th percentile) (0.011) (0.006) (0.005) (0.009) (0.006) (0.035) (0.081) (0.101) (0.012) (0.027) (0.005) 
L1.heatwave day 1.000 1.013*** 1.015*** 1.016** 0.999 1.022 1.982*** 1.007 1.014*** 0.998 1.007** 
   (0.005) (0.002) (0.002) (0.006) (0.003) (0.038) (0.064) (0.082) (0.005) (0.019) (0.003) 
L2.heatwave day 1.008 1.018*** 1.018*** 1.013 0.996 1.084 2.682*** 1.048 1.019* 1.038 1.007 
   (0.010) (0.005) (0.004) (0.010) (0.005) (0.054) (0.105) (0.091) (0.011) (0.031) (0.005) 
wildfire day 1.006 0.975*** 0.984 0.986 0.986 1.093 1.071 1.525*** 1.005 1.000 1.018 
   (0.016) (0.006) (0.010) (0.014) (0.013) (0.115) (0.137) (0.235) (0.032) (0.093) (0.017) 
L1.wildfire day 0.983 1.000 1.014 1.010 1.012 1.247*** 1.002 1.215 1.010 0.940 1.016* 
   (0.016) (0.006) (0.009) (0.016) (0.009) (0.101) (0.056) (0.195) (0.016) (0.058) (0.009) 
L2.wildfire day 0.968* 0.993 0.998 0.987 1.000 0.992 1.307** 1.083 1.003 0.900 1.006 
   (0.016) (0.006) (0.008) (0.029) (0.010) (0.109) (0.144) (0.183) (0.021) (0.081) (0.010) 
Observations  337,383  357,726   355,943   353,818   355,943   311,656   314,880   203,084   350,422   339,168   355,576  
AIC 324,944  1,208,260   823,078   333,214   665,216   25,438   32,915   6,178   363,515   84,871   710,629  
BIC 325,148  1,208,465   823,283   333,418   665,421   25,640   33,117   6,372   363,720   85,075   710,834  
year dummy yes yes yes yes yes yes yes yes yes yes yes 
holiday dummy yes yes yes yes yes yes yes yes yes yes yes 
weekend dummy yes yes yes yes yes yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 
See Table A-27 in Appendix C for pooled estimates table 
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5.7. Results Summary 

This chapter addressed this paper’s second main research question: 

Research Question 2: What is the relative risk of emergency department visits and hospital admissions during 
joint heatwave power outage events in California? 

RQ 2.1:   What is the relative risk of emergency department visits and hospital admissions from joint hazard 
outage events by race, age, and ICD diagnosis group? 

RQ 2.2:   How does outage duration and customers out impact the relative risk of emergency department 
visits and hospital admissions? 

The following trend-related hypotheses were proposed: 

Emergency department visits and hospital admissions are higher on joint hazard days compared to single hazard days. 

This analysis found some evidence to suggest a greater health risk on joint hazard versus single hazard days, and 
multi-hazard versus joint hazard days.  Pooled estimates found a higher patient risk on joint hazard versus single 
hazard events.  However, this result was not found in all models. 

Patient counts were higher on joint hazard compared to single hazard days.  ED visits on joint heatwave outage 
days increased 235 and 20 percent respectively compared to single hazard heatwave and outage days.  
Hospitalizations on joint heatwave outage days increased 294 and 12 percent respectively compared to single 
hazard heatwave and outage days.  Patient counts were higher on multi-hazard versus joint hazard days.  ED visits 
on compound heatwave wildfire outage days increased 80 and 244 percent respectively compared to joint 
heatwave outage and joint wildfire outage days.  Hospitalizations on compound heatwave wildfire outage days 
increased 82 and 247 percent respectively compared to joint heatwave outage and joint wildfire outage days. 

The RR of ED visits and hospitalizations were higher during joint hazard compared to single hazard events, and 
multi-hazard compared to joint hazard events.  However, the difference in effect size was small; 95 percent 
confidence interval estimates for multi, joint, and single hazard days often overlapped.  The RR of ED visits ranged 
from 0-5 percent for single hazard events and 2-8 percent for joint hazard events.  The RR of hospitalizations 
ranged from 0-2 percent for single hazard events and 0-3 percent for joint hazard events. 

The RR of ED visits during joint heatwave outage events increased by a factor of 1.08, compared to 1.05 for 
outage events and 1.02 for heatwave events; the RR of hospitalizations during joint heatwave outage events 
increased by a factor of 1.024, compared to 1.003 for outage events and 1.021 for heatwave events.  The RR of 
ED visits during joint wildfire outage events increased by a factor of 1.06, compared to 1.05 for outage events and 
1.00 for wildfire events.  The RR of hospitalizations during joint wildfire outage events increased by a factor of 
1.02, compared to 1.00 for outage events and 1.01 for wildfire events.  The RR of ED visits during compound 
heatwave wildfire outage events increased by a factor of 1.08.  The RR of hospitalizations during compound 
heatwave wildfire outage events increased by a factor of 1.04. 

Overall, results showed a higher risk of ED visits from joint heatwave outage events compared to single hazard 
heatwave events, but a nominal change in risk from compound heatwave wildfire outage events compared to joint 
heatwave outage events.  In comparison, results showed a higher risk of hospitalizations from compound heatwave 
wildfire outage events compared to joint heatwave outage events, but a nominal change in risk from joint heatwave 
outage events compared to single hazard heatwave events. 
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Emergency department visits and hospital admissions increase with higher outage customer days. 

This analysis found that ED and hospitalization counts continued to rise with more intense heatwave days, while 
outage customer days plateaued and then decreased at the 98th percentile heatwave mark.  Regression analysis 
results found that outage customer hours had a nominal effect on patient counts.  This result is consistent with 
patterns showing a weak positive correlation between outage customer hours and patient counts. 

In comparison, the RR of ED visits was higher for outage events compared to heatwave events, while the RR of 
hospitalizations was higher for heatwave events compared to outage events.  Outage events increased ED rates but 
had no effect on hospitalization rates.  Heatwave events increased both ED and hospitalization rates. 

Heat-related vulnerability correlates more to temperature than outage duration and customers without power.  
This may indicate the pathway from power outage to heat-related illness is less direct and more nuanced.  
Significant confounders unaccounted for in the model may be individual differences in adaptation capacity.  For 
example, individuals may have a more robust response to outage incidents compared to higher temperatures. 

Emergency department visits and hospital admissions are higher for less acclimated climate zones. 

This analysis found that patient risk on heatwave days by climate zone is not commensurate to heatwave frequency.  
CZs with the highest RR of ED visits and hospitalizations rank in between CZs with the lowest and highest number 
of heatwave days.  Patient risk increases as zones accumulate more heatwave days, but zones with the highest 
heatwave counts see a decrease or flattening in risk.  In contrast, replacing heatwave counts with cooling degree 
days suggests a more binomial relationship. 

Zones at the highest risk on heatwave and joint heatwave outage days are located in the Northern Interior (CZ 
16), Central Coast (CZ 3), east of the Northern and Southern Coast (CZ 2, 9), Northern Central Valley (11), 
Southern Central Valley (CZ 13), and in the Southland (CZ 10, 15).  CZ 16 (reference city: Bishop) had the 
highest RR of all zones for both ED visits and hospitalizations on heatwave days (14 percent and 25 percent increase 
respectively). 

Overall, results suggest differences in regional adaptation to heatwave risk.  Some climate zones are at higher risk 
of ED visits and hospitalizations during heatwave events. 

Emergency department visits and hospital admissions are higher for non-White race/ethnicity groups on hazard days. 

This analysis found inconclusive evidence to suggest a higher patient risk for non-White race/ethnicities on 
heatwave and outage days. 

Hispanic individuals had the highest ED counts of all groups on hazard days, while White individuals had the highest 
hospitalization counts on hazard days.  Black individuals had the highest percent increase in ED visits and 
hospitalizations of all groups on hazard days, while Hispanic individuals had the second highest percent increase in 
ED visits and hospitalizations on heatwave and outage days. 

Black individuals saw a 395 percent increase in ED visits and 455 percent increase in hospitalizations on heatwave 
days, and a 137 percent increase in ED visits and 180 percent increase in hospitalizations on outage days.  Hispanic 
individuals saw a 331 percent increase in ED visits and 405 percent increase in hospitalizations on heatwave days, 
and a 128 percent increase in ED visits and 170 percent increase in hospitalizations on outage days.  In comparison, 
White individuals saw a 241 percent increase in ED visits and 320 percent increase in hospitalizations on heatwave 
days, and a 72 percent increase in ED visits and 97 percent increase in hospitalizations on outage days.  The percent 
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change in patient counts suggest that non-White groups may be at higher risk of negative health outcomes during 
hazard events.   

‘Black’ hospitalization rates were 1-6 percentage points higher than ‘Whites’ during outage, joint heatwave 
outage, joint wildfire outage, and compound heatwave wildfire outage events, while lower than ‘Whites’ during 
heatwave, wildfire, and compound heatwave wildfire events.  ‘Hispanic’ hospitalization rates were 0-3 percentage 
points higher than ‘Whites’ during single hazard outage, heatwave, and wildfire events, and 1-5 percentage points 
higher than ‘Whites’ during compound heatwave wildfire, joint heatwave outage, joint wildfire outage, and 
compound heatwave wildfire outage events.  ‘Asian’ and ‘Native American’ hospitalization rates were lower than 
‘Whites’ during hazard events.   

‘Asian’ ED rates were 3-5 percentage points higher than ‘Whites’ during single hazard outage and wildfire events, 
and 1-7 percentage points higher than ‘Whites’ during compound heatwave wildfire, joint heatwave outage, joint 
wildfire outage, and compound heatwave wildfire outage events.  ‘Black’ ED rates were 6 and 4 percentage points 
higher than ‘Whites’ during outage and joint heatwave outage events respectively.  ‘Native American’ ED rates 
were 3 and 1 percentage point higher than ‘Whites’ during outage and joint heatwave outage events respectively.  
‘Hispanic’ ED rates were lower than ‘Whites’ during hazard events. 

Overall, results indicating a higher patient risk during hazard events for non-White groups were mixed.  The RR 
of hospitalizations for Black and Hispanic individuals was higher than White individuals under some hazard 
scenarios, yet the increase was well within each group’s 95 percent confidence interval.  A higher RR of ED visits 
during hazard events for Black and Hispanic individuals compared to White individuals was not found.  Despite 
Black and Hispanic individuals making up a higher percentage of patient counts relative to the percentage of Black 
and Hispanic populations in California, a possible explanation for the lower effect size is the underutilization of 
health services on hazard days. 

Emergency department visits and hospital admissions are higher for the youngest (0-4) and oldest (65+) age groups on hazard 
days. 

This analysis found inconclusive evidence to suggest a higher patient risk for the 0-4 age group on heatwave and 
outage days.  A higher patient risk for the 65+ age group during hazard events was not found.   

The 0-4 age group had the highest percent increase in ED visits of all groups on heatwave days.  The 65+ age 
group had the highest percent increase in ED visits of all groups on wildfire days.  In comparison, the 35-64 age 
group had the highest percent increase of all groups for most single and multi-hazard events.  The 35-64 age group 
had the highest percent increase in ED visits on outage and joint heatwave outage days, and the highest percent 
increase in hospitalizations on heatwave, wildfire, outage, and joint heatwave outage days.   

ED rates varied more than hospitalization rates among age groups.  The RR of ED visits across age groups ranged 
by 1-4 percent for single hazard events and 3-7 percent for multi-hazard events.  The RR of hospitalizations across 
age groups ranged by 1-3 percent for single hazard events and 2-4 percent for multi-hazard events.   

The 0-4 age group had the highest RR of ED visits of all groups during wildfire (0.6 percent lower), compound 
heatwave wildfire (2.0 percent lower), joint wildfire outage (1.8 percent lower), and compound heatwave 
wildfire outage (1.0 percent higher) events.  The 0-4 age group also had the highest RR of hospitalizations during 
outage (2.4 percent higher), wildfire (1.2 percent higher), compound heatwave wildfire (4.5 percent higher), 
joint heatwave outage (5.7 percent higher), joint wildfire outage (3.6 percent higher), and compound heatwave 
wildfire outage events (7.0 percent higher). 
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The 65+ age group had the lowest RR of ED visits of all groups during outage (3.2 percent lower), heatwave (2.4 
percent higher), wildfire (4.9 percent lower), compound heatwave wildfire (2.6 percent lower), joint heatwave 
outage (0.8 percent lower), joint wildfire outage 7.9 percent lower), and compound heatwave wildfire outage 
events (5.7 percent lower).  The 65+ age group also had the lowest RR of hospitalizations during heatwave (1.9 
percent higher) and joint heatwave outage (3.9 percent higher) events. 

Overall, results indicating a higher patient risk during hazard events for the 0-4 age group were mixed.  Even in 
hazard scenarios where the 0-4 age group had the highest RR, the difference was well within other group’s 95 
percent confidence interval.  While this analysis focused on patient counts in ED and hospitals, a similar analysis 
focused on mortality, both inside and outside the medical setting, may better account for heatwave risk among 
elderly populations. 

Emergency department visits and hospital admissions for heat illness, cardiovascular disease, and kidney disease are higher on 
joint heatwave outage days than on heatwave days. 

This analysis found a higher patient risk for heat illness, cardiovascular disease, and kidney disease during joint 
heatwave outage events compared to single hazard heatwave events.  However, for cardiovascular and kidney 
disease the difference is nominal.   

‘Heat illness’ had a higher RR of ED visits and hospitalizations during joint heatwave outage events versus single 
hazard heatwave events, and during multi-hazard heatwave events versus joint heatwave events.  The RR of ED 
visits for ‘heat illness’ increased by a factor of 12.0 during joint heatwave outage events, compared to 8.3 during 
heatwave events and 1.4 during outage events.  The RR of hospitalizations for ‘heat illness’ increased by a factor 
of 14.2 during joint heatwave outage events, compared to 9.8 during heatwave events and 1.5 during outage 
events. 

‘Cardiovascular disease’ increased patient rates by less than five percent during both heatwave and joint heatwave 
outage events.  Patient rates on joint and single hazard events for ‘cardiovascular disease’ were within 1-2 
percentage points of one another.  An exception was ‘acute rheumatic fever’, which increased hospitalization rates 
by a factor of 1.01 during heatwave events and 1.37 during joint heatwave outage events. 

‘Kidney disease’ had a larger effect size on ED and hospitalization rates.  Patient rates on joint and single hazard 
events for ‘kidney disease’ were within 3-4 percentage points of one another.  An exception was ‘acute kidney 
failure’, which increased ED rates by a factor of 1.33 during heatwave events and 1.43 during joint heatwave 
outage events. 

Overall, results show an elevated risk for heat illness during joint heatwave outage events compared to single 
hazard heatwave and outage events.  Results showing a higher patient risk for cardiovascular and kidney disease 
during joint versus single hazard events were mixed.  While some ICD codes showed an increase in patient risk 
during multi-hazard events, other results had small effect sizes with overlapping 95 percent confidence intervals. 

Emergency department visits and hospital admissions for carbon monoxide poisoning and electricity-dependent medical device 
issues are higher on joint heatwave outage days than on outage days. 

This analysis found a higher patient risk for electricity-dependent medical device failures during joint hazard versus 
single hazard events.  Patient rates for ‘enabling machines devices’ and ‘medical devices’ were higher during joint 
heatwave outage events compared to both single hazard heatwave and outage events.  The RR of ED visits for 
‘enabling machines devices’ increased by a factor of 1.11 during joint heatwave outage events, compared to 1.09 
during heatwave events and 1.02 during outage events.  Similarly, the RR of hospitalizations for ‘enabling 
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machines devices’ increased by a factor of 1.06 during joint heatwave outage events, compared to 1.02 during 
heatwave events and 1.05 during outage events. 

Overall, results showing a higher patient risk for carbon monoxide poisoning during joint hazard versus single 
hazard outage events were mixed.  ED rates for ‘carbon monoxide’ during joint heatwave outage events was 
similar to rates during non-hazard events and lower than rates during heatwave events.  In comparison the RR of 
hospitalizations for ‘carbon monoxide’ during joint heatwave outage events increased by a factor of 1.58 compared 
to 1.24 during heatwave events. 

Emergency department visits and hospital admissions for patients with socioeconomic challenges are higher on joint heatwave 
outage days than on heatwave and outage days. 

This analysis found a higher rate of patients with socioeconomic housing challenges during joint hazard versus 
single hazard events.  ED rates for ‘socioeconomic housing’ increased by a factor of 1.14 during joint heatwave 
outage events, compared to 1.03 during outage events and 1.11 during heatwave events.  Similarly, hospitalization 
rates for ‘socioeconomic housing’ increased by a factor of 1.10 during joint heatwave outage events, compared to 
1.05 on both outage and heatwave events. 

ED rates for ‘socioeconomic hazards’ and hospitalization rates for ‘occupational hazards’ were higher on joint 
hazard versus single hazard events.  However, higher patient rates were not consistently found across all models. 

Table 5.19 summarizes coefficient results from Chapter 5 for populations of interest.  (To compare this paper’s 
results with other study’s RR estimates, see Table A-10 in Appendix B).  Multi-hazard threats inherently result in 
unequal outcomes.  Joint heatwave outage events exacerbate the problem by targeting individuals’ underlying 
challenges and adaptive capacity.  The heterogeneity of vulnerable populations require diverse tactics to meet 
varying needs.  The final chapter discusses policy measures that address vulnerabilities both across the electric 
supply chain and for different populations. 

Table 5.19: Regression results - summary by populations of interest (May-Oct 2008-2017) 

 Outage* Heatwave Joint 
heatwave 

outage 

Outage Heatwave Joint 
heatwave 

outage 
 emergency department visits hospital admissions 
Black 1.049 1.020 1.069 1.105 1.012 1.118 
Hispanic 0.991 1.023 1.014 1.077 1.036 1.116 
Age 0-4 0.988 1.028 1.016 1.024 1.032 1.057 
Age 65+ 0.968 1.024 0.992 1.019 1.019 1.039 
Heat and light 1.483 7.594 11.262 1.454 9.162 13.318 
Heat illness 1.437 8.343 11.989 1.454 9.749 14.179 
Socioeconomic housing 1.032 1.106 1.142  1.046 1.052 1.100 
Enabling machines devices 1.023 1.088 1.114 1.046 1.016 1.062 
Climate zone 2 1.048 1.068 1.315 0.950 1.050 1.333 
Climate zone 10 1.108 1.046 1.165 1.152 1.101 1.208 
Climate zone 11 0.926 1.044 1.084 1.225 0.905 1.401 
Climate zone 15 1.288 1.049 1.210 1.677 1.104 1.519 
Climate zone 16 1.231 1.136 1.222 0.921 1.246 0.664 
Table notes: Poisson fixed effects model [Equation 3]: pooled race/ethnicity coefficients from Table A-24; pooled 
age coefficients from Table A-25; pooled ICD diagnosis coefficients from Table A-26 (ED visits) and Table A-27 
(hospitalizations); climate zone coefficients from Table A-14 [3E] and Table A-15 [3H]. 
*Race, age, and ICD diagnosis coefficients are for hazard events, climate zones coefficients are for hazard days 
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6. Policy Implications 

The central theme of this research has been on compound hazard outage events.  This research found that (1) 
summer outages occur more frequently on heatwave than non-heatwave days; (2) joint heatwave outage events 
have greater health consequences than heatwave events alone; and (3) some populations may be more vulnerable 
than others during joint heatwave outage events. 

Joint heatwave outage events are a unique compound hazard since the most immediate solution - air conditioning 
- increases the likelihood of the problem itself.  Addressing this issue requires strategies on both the grid resiliency 
and heat mitigation side. 

An evaluation of each energy efficiency measure, smart grid technology, low-income energy assistance program, 
and flexible load investment pertinent to heatwave and outage adaptation and mitigation is beyond the scope of 
this research.  However, this chapter emphasizes three overarching points.  First, managing joint heatwave outage 
events should be viewed as a multi-hazard problem requiring holistic integrated solutions.  Second, joint heatwave 
outage events in California are not statistical outliers - investments toward grid resilience and preparedness for 
these scenarios should be commensurate to the cost of future threats.  Third, quality outage data should be 
collected and available on par with other hazard and weather data. 

Section 6.1 provides an overview of stakeholders involved in managing joint heatwave outage events.  Section 6.2 
focuses on energy supply and demand strategies.  Section 6.3 focuses on community-side strategies.  Section 6.4 
provides an overview of the timeline of joint heatwave outage events and strategy implementation.  Section 6.5 
discusses measures relevant to populations most vulnerable to joint heatwave outage events.  Finally, Section 6.6 
outlines an agenda for future research. 

6.1. Building a Global Heat Governance 

Joint heatwave outage events are both a grid resilience and an urban planning problem.  The complexity and 
multidimensionality of joint heatwave outage events permeates multiple sectors; mitigation strategies connect 
various interests and players with overlapping objectives.  The power sector remains core to managing grid 
vulnerability and outages during heatwave events.  Yet subsequent discourse has emerged from emergency 
management, public health, and community partners regarding how to manage the fallout of customer 
interruptions during a heatwave or Public Safety Power Shutoff (PSPS) event. 

The span of different objectives can coalesce coalitions around issues such as renewable energy, electric power 
generation, disruptive technologies, climate change, urban planning, critical infrastructure, and public health.  
Seen through a conventional risk management lens, extreme heat is an environmental hazard with public health 
and economic implications.  Over 50 governmental agencies alone are listed in California’s extreme heatwave 
plan (California Natural Resources Agency, 2022).  As part of the national disaster agenda, joint heatwave outage 
events bridge both environmental security and critical infrastructure threats.  More broadly, hazard mitigation 
falls under the umbrella of climate adaptation strategies that involve a myriad of technical and regulatory 
stakeholders.  First responders and public health officials concentrate on acute health risks during heatwave days, 
whereas emergency and hazard planners focus on long-term strategies that mitigate urban heat and protect 
electricity infrastructure. 

As illustrated in Figure 6.1, heatwave and outage-related objectives and policies have four main stakeholder 
groups: (1) electric service providers and regulatory groups; (2) urban planning and community service interests; 
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(3) emergency responders, disaster preparedness, and national security interests; and (4) public health groups and 
services. 

Figure 6.1: Joint hazard outage event themes, issues, and interests by stakeholder group 

 

Electric service providers and regulatory groups include the California Independent System Operator (CAISO), 
California Public Utilities Commission (CPUC), California Energy Commission (CEC), investor-owned utilities 
(IOU), and publicly owned utilities (POU).  The big three California IOUs are Pacific Gas and Electric (PG&E), 
Southern California Edison (SCE), and San Diego Gas and Electric (SDG&E).  The largest California POUs include 
the Los Angeles Department of Water and Power (LADWP), Sacramento Municipal Utility District (SMUD), 
and Turlock Irrigation District Water and Power.  Eight electric balancing agencies - who are responsible for 
maintaining electricity balance within a transmission region - operate in California, of which CAISO is the largest. 

Urban planning and community service interests include the local and regional planning governments, California 
Community Services and Development (CSD) who administer energy assistance programs, and local private and 
non-profit service groups.  For example, while CSD oversees the federal Low Income Home Energy Assistance 
Program (LIHEAP) in California, more than 30 local agencies and community partners administer the program.  

Emergency responders, disaster preparedness, and national security interests include the California Governor's 
Office of Emergency Services (Cal OES), Federal Emergency Management Agency (FEMA), National Weather 
Service (NWS), local and regional first responders, and emergency communication media partners. 
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Public health groups and services include the California Department of Public Health (CDPH), California Health 
and Human Services (Cal HHS), and local public health and medical service providers. 

The interconnectedness of joint heatwave outage events allows for multisector assets and strategies to be leveraged 
system wide.  Managing this multi-linked problem will require multiple interventions across a shared leadership.  
A “whole community approach” requires cooperative mitigation across federal and local governments, private 
organizations, community outreach, and first responders (Federal Emergency Management Agency, 2011).  
Broader scenario planning means integrating alternative contingency plans and engaging stakeholders best suited 
to manage different levers. 

Unlike wildfires or hurricanes, no single governance is charged with managing heatwave events (Keith et al., 
2021).  As the cast of characters involved in climate resilience becomes more expansive, local governments, state 
agencies, nonprofits, private organizations, and researchers are working to develop and implement technical 
solutions and social support systems that address extreme hazard events.  Understanding which systems govern 
the interplay between heat exposure and grid resilience can help shape common objectives and guide shared 
leadership.   A joint heatwave outage framework can provide a communal groundwork to visualize these complex 
interactions for further stakeholder collaboration and coordination (see Figure A-1 in Appendix A). 

Although an expanded collaboration of stakeholders creates the opportunity for shared learning and best practices, 
decentralized expertise creates the challenge of connecting unconventional players to the disaster space.  Many 
short-term interventions during heatwave and outage events involve non-technical stakeholders (e.g., community 
partners that operate cooling centers or check on electricity-dependent individuals).  Furthermore, organizations 
positioned to play a significant role during heatwave disaster events are often tied to broader societal aims.  Now, 
these groups must grapple with how to realign their resources to include catastrophic event management with 
already limited budgets. 

6.2. Investing in Grid Reliability to Prepare for Weather Hazard Events 

6.2.1. Outage valuation during heatwave events 

The climate crisis affects the entire electric power supply chain.  Current infrastructure investments lag behind an 
aging grid.  Power plants, generators, and electric power lines are not designed to withstand current hazard 
scenarios, much less future climate catastrophes. Nevertheless, California cannot weatherize all system assets and 
plan for all possible hazard contingencies.  Society cannot and should not prevent outages at any cost; infinite 
reserve capacities and power line redundancies are prohibitively expensive.  Finding this balance between 
renewable sources, affordable electricity, system reliability, and social justice bears consequences for health and 
economic wellbeing. 

When electric service providers decide how much to invest in weathering unplanned hazard events, the value of 
lost load factors prominently in determining the acceptable customer tradeoff between excess capacity and outage 
rates.  The value of resilience, or the avoided cost of interrupted electricity supply, becomes incorporated into 
value-based reliability planning.  Electric service providers face tough tradeoffs between preemptively shutting 
down lines or risking a wildfire, switching off air conditioning on a sweltering hot day or risking further outages.  
While electric service providers must make these blunt compromises, decisions should be made with full 
consideration of each hazard cost.  Air conditioning can be a matter of life and death when temperatures soar.  
Ignoring that outcome in reliability valuations significantly underestimates the cost of an outage.  The results of 
my analysis suggest that utilities currently undervalue outage costs during extreme hazard events, in turn 
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underestimating the value of resiliency during such scenarios and the grid investment required to manage such 
occurrences. 

Since consumer preferences during extreme weather events may not be consistent with current outage valuation, 
there is a case to be made for proportionate increases in grid investment and higher consumer costs.  Infrastructure 
updates come with a high price tag, and electric service providers typically pass infrastructure investments down 
to customers.  Yet the utilities’ efficient level of investment presumes that their incentives align with delivering 
reliable power rather than avoiding hazard liability.  Inverse condemnation allows property holders to recover 
losses from wildfires sparked by utilities, but consumers have no analogous recovery mechanism for illness or 
damages incurred from power loss during heatwaves.  So, although utilities currently have the incentive to avoid 
wildfire liabilities, they have less incentive to consider damages from load shedding during heatwaves.  As a result, 
from the utility provider’s perspective, the cheapest option remains turning off the power during such scenarios.  
Determining the optimal investment level and cost to the consumer requires full consideration of all outage hazard 
costs. 

6.2.2. Supply and demand strategies 

Grid stability requires maintaining the balance between energy supply and demand.  Any lever that alters the 
timing of capacity and load can potentially disrupt the grid.  At the same time, additional capacity and flexible load 
can be employed to stabilize and rebalance the grid.   

Improve weather and demand forecasts for extreme heat events 

Outdated utility planning and forecasts are based on historical electricity use and hazard scenarios.  Power grid 
lines and equipment are designed to operate at average temperatures and weather scenarios.  These plans and 
designs need to evolve to account for climate-induced variability. 

CAISO is subject to North American Electric Reliability Corporation (NERC) and Western Electricity 
Coordinating Council (WECC) reliability standards that require it to maintain sufficient resources to respond to 
abnormal conditions (Western Electricity Coordinating Council, 2021).  CAISO IOUs and POUs are required by 
law to maintain adequate resources and operating reserves to meet peak demand.  According to the CAISO Root 
Cause Analysis report for the August 2020 blackout, one of the primary causes of the outage was the inability of 
current resource planning to fully address extreme heat events (California Independent System Operator, 2021).  
Another primary cause was the lack of resources to meet early evening hours when solar generation ramps down 
and consumer demand rises (California Independent System Operator, 2021).  According to the report, the day-
ahead forecasting error was the result of inaccurate weather information.  Some balancing agencies had forecasting 
discrepancies 2-4ºF lower than actual temperatures, while other agencies had discrepancies as much as 9ºF lower 
than actual temperatures (California Independent System Operator, 2021). 

Demand forecasting tools must adjust future loads to account for heatwave intensity and duration, not only for 
the state but also for region-wide heatwaves that may limit neighboring state’s capacities (California Independent 
System Operator, 2021).  Generation resource planning in the summer should ensure safeguards to withstand 
worst-case extreme heat and wildfire scenarios.  CAISO needs to invest in advanced meteorological tools to better 
monitor high temperatures and wildfire conditions, and to ensure more accurate information, forecasts, and 
electricity deployment. 
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Focus on smarter deployment and invest in renewable energy storage 

Many of CPUC’s efforts to prevent a recurrence of the 2020 summer outages have focused on procuring additional 
capacity and revising demand response programs (D.21-02-028 and D.21-03-056).  CPUC’s Integrated Resource 
Plan requires load serving entities to procure 11,500 MWs (R.20-05-003) to meet capacity needs after 2022 
(California Public Utilities Commission, 2021).  These directives arrived against the backdrop of California’s 
transition to a cleaner fuel portfolio.  Diablo Canyon units 1 and 2 (2,256 MW) are scheduled to close in 2024 
and 2025 respectively.  Once-through cooling (OTC) generators (3,758 MW) were scheduled to be retired in 
2020, but the California State Water Resources Control Board extended the OTC retirement deadline by three 
years to secure enough summer capacity (Hilton and Lund, 2021). 

We should be wary of any solution that focuses mainly on securing enough generation capacity to prevent joint 
heatwave outage events.  A better long-term strategy would be a smarter deployment of capacity.  A diverse 
energy portfolio can assist electric service providers in coping with extreme hazard events.  The problem is not 
that California cannot produce enough power during a heatwave.  The problem is the inability to store and use 
that power when the sun sets and demand peaks.  Batteries that harness renewable energy are still relatively 
expensive and limited.  For utilities to meet regulatory and operational requirements, as well as California’s 
climate goals of 100 percent carbon-free generation by 2045, investments in long duration renewable energy 
storage will be required. 

Expand flexible load programs 

After the August 14-15, 2020 rotating outages, CAISO projected an even higher shortfall for August 17-19.  Yet 
ultimately no outages were instituted during that period due to severe consumer conservation and mitigation 
efforts.  Voluntary conservation, demand response, and flexible demand measures, wherein consumers 
automatically or manually shift load, remain powerful tools that have immediate effects.  Measures that shift peak 
load during a heatwave are critical mechanisms that are available right now and that can allow stakeholders time 
to decarbonize and upgrade the grid.  For example, both SCE and PG&E have voluntary demand response air 
conditioning programs that automatically adjust air conditioning use on hot days.  Campaigns to promote demand 
response programs and increase consumer participation should be ongoing.  

Invest in grid infrastructure 

The transition to a more resilient electric power system better able to manage climate threats requires upgrading 
old infrastructure, modernizing to a smart grid, and investing in microgrid communities.  Physical hardening 
replaces old infrastructure with more resilient upgrades, including moving power lines underground or swapping 
wooden electric poles with wind-resistant steel counterparts.  In addition to hardening and infrastructure repairs, 
protecting equipment in wildfire-prone areas will require vegetation management, transmission and distribution 
inspections, high-definition cameras and sensors to monitor local conditions, and fuel breaks along evacuation 
routes. 

Microgrids are self-sufficient power islands that can generate their own power, draw from rooftop solar panels 
and wind turbines, and connect to and isolate from the regional grid.  If the larger grid collapses during a heatwave-
induced power failure, microgrids can separate themselves and continue to operate.  Smart grid technologies 
include smart meters and sensors that allow two-way electricity flow between generators and consumers, and 
real-time information for electricity management.  Smart grid data allows grid operators and customers to better 
monitor demand fluctuations, share electric power, and respond to outages in real-time. 
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Finally, the effectiveness of different resiliency measures will depend on the type of outage event.  
Undergrounding transmission lines may reduce PSPS but do little in preventing outages resulting from generation 
shortfalls.  Vice versa, demand response programs can help with generation shortfalls but are less effective in 
addressing PSPS events. 

6.3. Cooling Cities without Electric Power 

Consumers need to realign their expectations with a future where electricity may be less reliable.  Joint heatwave 
outage events can be divided into two stages: pre and post outage.  When electric power is available during a 
heatwave, policies should aim to reduce heat exposure and shave peak load.  Afterwards, when no electric power 
is available during a heatwave, policies should aim to reduce heat exposure and restore power.  Urban planners 
need to develop building codes and design city landscapes with these scenarios in mind.   

6.3.1. Passive versus active cooling measures 

Air conditioning is an active measure that relies on electric power.  On the other hand, energy efficiency strategies 
that reduce energy use and insulate building temperatures are passive measures that work with or without electric 
power.  Examples of passive measures include smart thermostats, awnings or tree shade, natural ventilation 
corridors, cool pavements, and green spaces.  Passive cooling measures must be tailored to specific neighborhoods, 
buildings, and roads.  For example, trees may compete with overhead distribution lines.  Green roofs and 
vegetation may be more appropriate than cool roofs and pavement in some areas compared to others.  Table 6.1 
compares heat mitigation measures in active and passive energy scenarios. 

6.3.2. Commitment to energy efficiency and emissions reduction 

Even with significant cuts to carbon emissions in California, the world is still on course for a temperature rise of 
2.7°C by 2100 (UNFCCC Secretariat, 2021).  Growing air conditioning demand in areas with hotter summers 
conflicts with California’s carbon reduction targets.  Measures that curtail active cooling duration or limit cooling 
temperatures must be balanced with potential health risks. 

Aligning climate goals with health needs will entail a greater commitment to less energy-intensive technologies 
that reduce heat exposure.  Policymakers should emphasize passive cooling options that reduce long-term demand.  
Active cooling investments should prioritize the most efficient and cost-effective technologies.  One such 
investment are heat pumps which will be incorporated into the California building code starting in 2023. 
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Table 6.1: Consumer-side heatwave and outage adaptation measures 

Table notes: Consumer-side measures impact on heat exposure and energy demand during (1) heatwave events with electric power, and (2) 
heatwave events with no electric power.  Passive cooling strategies decrease heat exposure (green) during (1) and (2).  Active cooling strategies 
decrease heat exposure (green) during (1), but have no impact on heat exposure (yellow) during (2).  Cooling strategeis that increase heat 
exposure or energy demand are in red. 

 (1) Heatwave and power (2) Heatwave and outage 

 heat exposure energy demand heat exposure energy demand 

Energy efficiency - - - 0 

Energy efficient, Energy Star appliances and lighting - - 0 0 

Heat pumps - - 0 0 

Insulation, natural ventilation, window films, ceiling 
insets 

- - - 0 

Cool roofs and pavements - - - 0 

CA Building Energy Efficiency Standards - - - 0 

CA Green Building Standards - - - 0 

Energy efficiency programs for existing buildings - - - 0 

Zero Net Energy (ZNE) Buildings - - - 0 

Weatherization Assistance Program (WAP) - - - 0 

Low-Income Weatherization Program (LIWP) - - - 0 

Subsidized cooling technology - + 0 0 

Backup generator rebates - + - 0 

Air conditioning rebates for elderly/disadvantaged 
communities 

- + 0 0 

Discounted/free backup generators for electricity-
dependent customers 

- + 0 0 

Distributed solar - - 0 0 

Low-income solar programs - - 0 0 

Off-grid distributed solar - - - - 

Battery energy storage system - - - - 

Solar on Multifamily Affordable Housing (SOMAH) - - - - 

Single-family Solar Homes (DAC-SASH) - - - - 

Multifamily Affordable Solar Housing (MASH) - - - - 

Urban environment - - - 0 

Cool roofs and pavements - - - 0 

Green roofs, parks, tree canopies, riparian zones - - - 0 

Load shifting 0 - 0 0 

Dynamic pricing 0 - 0 0 
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(continued)  (1) Heatwave and power (2) Heatwave and outage 

 heat exposure energy demand heat exposure energy demand 

Smart home technologies, net metering 0 - 0 0 

Voluntary conservation + - + 0 

Utility and third-party demand response programs + - + 0 

Demand response air conditioning programs + - + 0 

Rotating outages + - + 0 

Public Safety Power Shutoff + - + - 

Rate assistance/utility payment programs - + 0 0 

Low Income Home Energy Assistance Program (LIHEAP) - + 0 0 

California Alternative Rates for Energy (CARE) - + 0 0 

Family Electric Rate Assistance Program (FERA) - + 0 0 

Energy Crisis Intervention Program (ECIP) - + 0 0 

Medical baseline assistance program - + 0 0 

Eviction mortarium during hazard events - + - 0 

Disconnection protections during hazard events - + 0 0 

Emergency alerts - 0 - 0 

Heat Alerts, Red Flag Day Watches and Warnings - 0 - 0 

Flex Alerts + - + 0 

Community programs - 0 - 0 

Cooling center/resiliency hubs - + 0 0 

Free community pool access - 0 - 0 

Free public transportation to cooling centers - 0 0 0 

Buddy program/wellness checks for electricity-
dependent/elderly/isolated individuals 

- 0 - 0 

Free emergency kits - 0 - 0 

Behavioral change - 0 - 0 

Activity reduction, hydration, replenish electrolytes - 0 - 0 

Relocate to cooler building/neighbor/motel - + 0 0 

Relocate to beach/lake/park - 0 - 0 

Sources: Reducing Urban Heat Islands: Compendium of Strategies (U.S. Environmental Protection Agency, 2013); Preparing California for Extreme Heat: 
Guidance and Recommendations (California Department of Public Health, 2013); Protecting Californians From Extreme Heat: A State Action Plan to Build 
Community Resilience (California Natural Resources Agency, 2022); Contingency Plan for Excessive Heat Emergencies (California Governor’s Office of 
Emergency Services, 2014); California Energy Efficiency Strategic Plan (California Public Utilities Commission, 2011); Electric Power Disruption, Toolkit for 
Local Government (California Governor’s Office of Emergency Services, 2020b); State of California Hazard Mitigation Plan (California Governor’s Office of 
Emergency Services, 2018); Safeguarding California Plan: 2018 Update (California Natural Resources Agency, 2018); California Adaptation Planning Guide 
(California Governor’s Office of Emergency Services, 2020a); Demand Response and Energy Efficiency Roadmap: Maximizing Resources (California 
Independent System Operator, 2013); Coordination of Energy Efficiency and Demand Response: A Resource of the National Action Plan for Energy Efficiency 
(Goldman and Reid, 2010). 
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6.4. Planning for Next Summer’s Heatwave 

Grid hardening and city infrastructure upgrades require major investments on a timescale outpaced by climate 
change.  As the grid and urban environment slowly transform over the coming decades, electric service providers 
and decision makers need to consider short-term plans to survive the possibility of next summer’s climate disaster. 

6.4.1. Long-term investment versus immediate strategies 

Measures such as overhauling energy-inefficient buildings, undergrounding hazard-prone transmission lines, or 
flanking roads with bevies of trees, all take years to implement.  In the long run, a future electric power grid may 
have greater operational flexibility and distributed resources to better manage capacity during heatwave events.  
Yet once the timeframe moves from disaster planning to a real-time joint heatwave outage event, fewer mitigation 
levers become available.  In the short term, outage prevention on a hot day during peak load comes down to 
consumer conservation and load shedding.  Although green roofs and energy efficiency measures can curb long-
term consumer demand, their short-term value is already integrated into a utility’s forecasted load.  In other 
words, these options are ineffective at shaving peak load during an ongoing heatwave event. 

Similarly, in the long run, urban planners can update building codes and rezone residential housing as part of a 
disaster preparedness plan.  Whereas in the short-term, options during a joint heatwave outage event are more 
limited to individual behavioral change and deployment of current emergency and community resources.  

As shown in Figure 6.2, mitigation levers can be considered on an immediate, seasonal, annual, and long-term 
timescale.  Managing heatwave, wildfire, and outage threats will come in cycles of repeated investments and 
stakeholder learning. 

6.4.2. Coordinated emergency communication among stakeholders 

For a problem that cannot be isolated to a single sector, joint heatwave outage events require strategic 
collaboration and shared leadership to connect cities to regional and state resources.  Coordinated, timely, and 
widely distributed emergency communication is key to avoiding confusion and in reducing heatwave and outage 
risk. 

Joint heatwave outage disasters are no longer ‘grey swan’ events.  The California Governor’s Office of Emergency 
Services and coordinating partners should ensure that adequate information is communicated regarding the risk 
for hazard and joint hazard events.  This information should convey what steps consumers can take to reduce load 
and prepare for outage events.  Utility and weather service providers, in tandem with emergency alerts, should 
provide advance information of interruptions during heatwave and Red Flag Days.  Clear and timely information 
gives residents and businesses the leeway to prepare and lessens the blunt shock sudden outages can bring.  Open 
and transparent information on outage duration and restoration priorities can help reduce consumer uncertainty 
and increase cooperation.
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Figure 6.2: Joint heatwave power outage event timeline 

Figure notes: This schematic timeline of a joint heatwave outage event illustrates the threat of compound summer hazards. (a) In the lead up to a power outage, summer heatwaves and wildfire threats cycle against 
the backdrop of a long-standing drought.  The first fire season occurs in early summer, and the second fire season (the Santa Ana season) begins in autumn.  As temperatures spike, cooling demand nears grid 
capacity, leading to an outage event.  Over the course of this timescale, (b) summarizes potential interventions implemented by sector. 

 

(a) Summer climate threats over time

(b) Mitigation strategies and policy implementation over time

long-term investment and annual investment and planning short-term implementation: load shifting and services
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vegetation maintenance medical services
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peak load  periods

emergency operations, community, and medical services Flex Alerts
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6.5. Assisting Vulnerable Populations 

Joint heatwave outage events are, at best, a minor inconvenience to some individuals.  While for others, such 
events can bear grave consequences.  Individual vulnerability during joint heatwave outage events is based on the 
likelihood the individual may overheat (heat exposure), the degree of harm to the individual (heat sensitivity), and 
the individual’s ability to mitigate and respond to the heat and outage threat (adaptive capacity) (Field et al., 2012). 

Based on these descriptions for heat exposure, heat sensitivity, and adaptive capacity, different vulnerable groups 
will fall into each category.  Populations with underlying health conditions, the elderly, and communities less 
acclimated to heat are more sensitive to high temperatures.  Medical baseline or electricity-dependent individuals 
with electric-powered medical devices are particularly sensitive to a lack of power.  Low-income, socially isolated, 
and minority populations often have fewer resources and less adaptive capacity to respond to hazard threats. 

In the last category (adaptive capacity), two different groups should be noted: (1) individuals with personal access 
to active cooling during a heatwave but who cannot afford to use it to the degree required to stay cool, and (2) 
individuals without personal access to active cooling or residential shelter.  Measures targeted towards vulnerable 
populations will depend on the different challenges facing these two groups. 

6.5.1. Retrospective thinking of challenges and barriers 

This research showed mixed results showing whether any race/ethnicity group was at higher risk during joint 
heatwave outage events.  Future research may show a higher mortality risk for communities of color during hazard 
events.  A higher mortality risk would raise the question whether additional barriers exist for certain populations 
in accessing medical care during joint heatwave outage events. 

Lack of medical care is only one of the barriers confronting vulnerable populations during joint heatwave outage 
scenarios.  A pre-mortem retrospective framework can help illustrate how heat-related mortality and morbidity 
outcomes transpire and which factors upstream may play a role in these outcomes.  The key factors in avoiding 
harm during heatwave events in California are the adaptive capacity to find cooling and securing electric power to 
maintain it.  As shown in Figure 6.3, heat exposure depends on adequate cooling, disaster preparedness resources, 
the surrounding built environment, and behavioral change. 

What factors prevent individuals from reducing their heat exposure?  Working backwards in Figure 6.3, adequate 
cooling during joint heatwave outage events can come from individual or community resources.  But prior to that, 
actions to garner resources require awareness that heatwaves can cause serious health implications, as well as the 
wherewithal to find resources.  As shown in the yellow boxes in Figure 6.3, one barrier may be the lack of 
transportation to get to alternative cooling locations.  Further upstream, another barrier may be the lack of 
information on alternative cooling resources.  Or, even when transportation and information on cooling centers 
is available, a reluctance to leave home during a heatwave may be another barrier. 

Identifying likely barriers gives policymakers the opportunity to address these challenges.  For example, a lack of 
awareness of cooling resources can lead to increased efforts to publicize cooling center information.  Impediments 
to accessing cooling centers may be addressed by reducing cooling center proximity or by providing transportation 
resources to get there.
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Figure 6.3: Identifying challenges for vulnerable populations during joint heatwave outage events 

Figure notes: The green hexagon is the desired end state of mitigated heat-related mortality/morbidity.  Yellow boxes are potential barriers to actions and events that lead to the desired end state. 
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6.5.2. Identify and factor in vulnerable populations during operational planning 

More heatwave and outage events underscore the need to identify individuals most endangered by joint hazard 
outage events.  Electric service providers should work with local community partners to identify vulnerable 
populations in their service area.  Identifying vulnerable populations and pinpointing where they reside can help 
inform decision makers, regulators, and grid operators as to where power lines should be hardened, where 
resiliency corridors should be located, and who may require immediate assistance during outage events.  Electric 
service providers should factor in vulnerable pockets into operational planning for rotating outages and PSPS.  
Similar to ranking critical infrastructure priorities, electric service providers should prioritize disaster repairs in 
areas with the highest densities of persons immediately endangered by high temperatures and outages (Dvorkin, 
2021). 

6.5.3. Set equity targets for customer interruptions 

The majority of literature on energy and climate change solutions is dominated by technology portfolio (Pacala 
and Socolow, 2004) and market-based efficiency studies (Pizer, 1997).  Similarly, the discourse on grid resiliency 
and natural disaster adaptation planning has largely focused on engineering and technical-based solutions.  Less 
discussion has examined choosing policy portfolios through a social justice lens. 

One step in that direction would be enacting equity metrics for heatwave and outage measures similar to those 
applied to COVID-19.  Traditionally, planned outages occur in order of efficiency, without consideration for 
equity and different population needs.  Equity metrics can track temperature and outage rates for less affluent 
neighborhoods or communities of color.  Setting targets can drive weatherization subsidies and transmission 
repairs to the neediest locations. 

Equity metrics with targeted investments can help correct endemic disparities.  However, before applying equity 
metrics to drive resource allocation to vulnerable areas, data collection in these areas is first required.  A starting 
point would be increasing the number of grid sensors, weather stations, and smart meters in low-income 
neighborhoods.   

6.5.4. Improve community support, resiliency hubs, and heat education 

Behavioral change during heatwaves is predicated first on an awareness of the potential cost of the threat.  
Individuals often perceive heatwaves as a normal part of summer, and the consequences of heatwaves are often 
underestimated (Lagadec, 2004).  Increased heatwave education with widespread hazard communication reduces 
social attenuation on heatwave risk (Kasperson and Kasperson, 1996).     

The California Governor’s Office of Emergency Services, in conjunction with local community partners, should 
communicate both the importance of heatwave mitigation, as well as where to find resources to prepare for hazard 
scenarios.  Education on heat risk and protective measures available can be particularly valuable for outdoor 
workers and individuals caring for the elderly (O’Sullivan and Chisholm, 2020).  Communities should have well 
publicized and accessible cooling centers and resiliency hubs for individuals who lack cooling.  In addition, buddy 
systems and wellness check programs can improve care for isolated and elderly persons during a crisis. 

6.5.5. Subsidize emergency bill assistance and low-income weatherization programs 

For individuals already struggling to cover their electricity bills, a heatwave can impose a cruel choice: stay cool 
or stay solvent.  California bill assistance programs such as the California Alternate Rates for Energy (CARE) and 
Family Electric Rate Assistance (FERA) programs are designed to reduce household energy costs through 
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subsidized rates.  On the federal level, one component of the Low Income Home Energy Assistance Program 
(LIHEAP) provides utility bill assistance for emergency cooling during severe weather events (California Health 
and Human Services Agency, 2021). 

California electricity disconnection protections - which currently pertain only to medical conditions - should be 
expanded to include extreme heat events (LIHEAP Clearinghouse, 2020).  Similarly, a permanent statewide 
eviction mortarium during hazard scenarios should be enacted. 

Weatherization programs geared towards disadvantaged communities include Technology and Equipment for 
Clean Heating (TECH) and Building Initiative for Low Emissions Development (BUILD).  TECH and BUILD 
programs should focus on getting efficient cooling technologies, such as heat pumps, into low-income family 
homes that have either no active cooling or older HVAC systems.  Targeted solar projects with local battery 
storage should consider areas with higher percentages of electricity-dependent persons or disadvantaged 
neighborhoods with historically higher outage rates. 

Similar to grid and urban infrastructure investments, energy assistance funds should be commensurate with the 
cost of joint heatwave outage events and scaled to address future climate threats.  Furthermore, it is imperative 
that the CPUC, Cal HHS, and local community partners work to ensure that disadvantaged communities are 
aware of the subsidies and protections afforded to them. 

Finally, when vulnerable populations and natural disasters are discussed by climate change and community 
stakeholders, the broader conversation regarding California’s housing crisis and zoning laws cannot be ignored.  
Systemic issues of homelessness and energy poverty need to be addressed.  Disaster resources and mitigation 
subsidies can temporarily reprieve social stressors, but long-term affordable housing, greater utility assistance, and 
reformed homelessness policies are needed to address the vulnerabilities for California’s most at-risk populations. 

6.6. Future Research 

6.6.1. Improved electric power outage data 

Data-based evaluations on outages, hazards, and health outcomes require comprehensive and consistent outage 
data.  This research demonstrates the need for quality outage data.  Regulators require electric service providers 
to report only aggregate statistics of outage duration and customers affected, whereas hour-to-hour outage 
tracking with geospatial vectors would be more ideal for the analyses conducted in this paper. 

The HOD8-17 represented outage data as monolithic events in the city.  In reality, outage events vary in location, 
duration, and customers without power throughout the episode.  An outage event in a city may actually comprise 
of multiple overlapping outage incidences located in different neighborhoods that change block to block over time.  
Outage data should reflect this variation.  Outage data in the HOD18-20 reflect some of those features, including 
outage duration and number of customers without power.  Outage data in the HOD18-20 can be improved by 
(1) adding geometric polygon vectors to observations over time, (2) scaling data to a more localized and granular 
neighborhood tract and ZIP code level, and (3) sorting customers without power by residential, commercial, and 
industrial users. 

Customer interruption data should overlay socioeconomic features such as household income, housing 
characteristics, race/ethnicity, age, percent of electricity-dependent persons, etc.  This combined dataset can 
better identify locations most vulnerable to joint heatwave outage risk and help prioritize customer repairs and 
investments.  One example of this type of dataset is the Power Outage Dashboard of Consolidated Edison in New 
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York.5  This publicly-available site calculates an outage severity ranking based on sociodemographic features 
(Dvorkin et al., 2022). 

Since most customer interruptions are related to failures in the “last mile” of the distribution network, scaling data 
collected from smart meters and grid sensors can provide a better picture of where outages occur on a block-by-
block neighborhood basis.  Data collection and analytics should use an overrepresented sample of vulnerable 
households to help target weatherization funds and community assistance efforts. 

Finally, a full picture of grid health requires geospatial data for generation, transmission, and distribution outages, 
as well as residential, commercial, and industrial customer interruptions.  Planned and unplanned outages for all 
system components should link equipment failures to customer interruption data. 

6.6.2. Grid valuation, energy poverty measures, and hazard studies 

The findings presented in this paper outline the contours of a new research agenda.  Future grid valuation studies 
of hazard events can better inform policymakers of the likelihood and cost of joint heatwave outage events. 

What is the monetary cost of excess emergency department visits and hospital admissions from joint 
heatwave outage events?  What part of the cost can be attributed to outages versus heatwaves?  
Economic and health outcomes of outage events should be monetized, and the outage portion of joint hazard 
outage costs should be estimated and attributed. 

What is the relative risk of mortality during joint hazard outage events?  The relative risk of mortality on 
outage and heatwave days should be estimated using mortality data by climate zone, age, race, and ICD diagnoses. 

What is the association between generation, transmission, and distribution outages on heatwave and 
Red Flag Days?  What is the association between transmission and distribution outages and customer 
interruptions on heatwave and Red Flag Days?  Planned transmission outages and curtailed renewable 
generation are standard operating procedures.  Multiple grid outages do not directly translate to customer 
interruptions.  However, a full picture of grid reliability requires valuation from both the end-user, as well as the 
transmission and distribution side.  Historical transmission outage data from CAISO Oasis6 should be joined to 
geospatial grid files.  Then, by assigning CIMIS weather station data to each component line over time, the 
correlation between the heat index, wind speed, and outages can be determined.  Studies should also trace outage 
occurrences across energy supply pathways for major transmission lines and interconnections; do local 
temperatures and outages at critical nodes and lines influence customer interruptions at end-user locations? 

What was the relative risk of emergency department visits and hospitalizations from the August 2020 
joint heatwave outage event?  What was the relative risk of emergency department visits and 
hospitalizations from the October 2019 public safety power shutoffs?  This study focused on overarching 
trends between outage and heatwave events.  Future research should estimate the relative risk of mortality and 
morbidity for specific heatwave and outage cases.  Similarly, this study estimated the relative risk of health 
outcomes on wildfire and Red Flag Days.  Future research should estimate the relative risk of mortality and 
morbidity for specific historical PSPS events. 

 

5 https://outagesnyc.hosting.nyu.edu/outages 
6 http://oasis.caiso.com/mrioasis/logon.do 

https://outagesnyc.hosting.nyu.edu/outages
http://oasis.caiso.com/mrioasis/logon.do
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How do heat-related mitigation investments for the grid and cities compare to the economic cost of 
joint heatwave outage events?  Disaster mitigation measures are often touted as being cheaper and more 
efficient than the cost of disaster relief; for every dollar in mitigation investment, six dollars are prevented in 
damages (Federal Emergency Management Agency, 2018).  A similar cost-benefit analysis should compare 
investments for long-term grid resilience and urban infrastructure upgrades against the health and economic costs 
from joint heatwave outage and joint heatwave PSPS events. 

How do power outages impact health outcomes?  Which underlying health problems are most 
vulnerable to outage events?  Improved understanding of the disease pathway between outage events and 
adverse health outcomes is essential.  Tracking the rate of outage-related illnesses and mortality can help gauge 
their impact on human wellbeing, as well as evaluate the efficacy of resiliency measures.  Consistent tracking 
requires a common methodology to document changes in hazard-related patient counts.  Developing a common 
ICD-10 code list pertaining to outage-related health outcomes can help facilitate longitudinal data collection and 
analysis. 

Where are medical baseline customers located in the vicinity of different utility service areas?  How 
many electricity-dependent individuals have backup power generation or battery storage?  Which 
electricity-dependent individuals will be at the highest risk during a prolonged outage event?  Utility 
providers and communities should survey the needs of electricity-dependent individuals in their service area.  
Surveying electricity-dependent individuals’ current outage adaptation plans and understanding their needs during 
PSPS and rotating outages can help identify policy gaps moving forward. 

How effective are low-income bill assistance programs in alleviating energy costs?  How do low-
income bill assistance programs change cooling use and household temperatures during heatwave 
events?  There is a dearth of literature evaluating low-income weatherization and bill-assistance programs.  To 
aide populations most affected by heatwaves and outages, data-based evaluations must determine the efficacy of 
these policies. 
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Appendix A: Additional Figures 

Conceptual framework of joint heatwave outage events 

Figure A-1 (a) Conceptual map - hazard impacts on the power grid 

The joint heatwave power outage conceptual framework provides an overview on how to view this unique 
problem and assess potential strategies.  How do heatwave, wildfire, and Red Flag Days (orange) impact the 
electric power supply chain (i.e., generation, transmission, distribution)?  The electric power supply chain is a 
highly levered system.  Large customer interruptions should be rare, whereas momentary interruptions are 
considered standard.  System imbalances (black circles) lead to unplanned customer interruptions (red hexagon) 
when supply (capacity) does not equate with demand (load). 

Hazard impacts on generation (purple lines): Overall energy supply depends on generation capacity and efficiency.  
In turn, generation depends on electricity production, forecasts, and planning.  Heatwaves influence biomass fuel 
production and decrease hydropower production.  High temperatures can increase water temperature beyond 
compliance levels or thresholds necessary for plant cooling.  In turn, this can lead to curtailed production (red 
hexagon).   

Hazard impact on transmission and distribution (blue lines): Heatwaves can overload transmission and distribution 
lines, leading to decreased efficiency and grid congestion.  Thermal overloading and heat sag can lead to equipment 
damage and out of commission lines (red hexagon).  As a result, supply is automatically rerouted to other pathways 
to maintain system balance.  Curtailed generation and transmission/distribution outages can occur without 
resulting in customer interruptions, but this depends on the severity of the hazard event.  Wildfires can cause 
critical damage to substations, transformers, and power lines leading to more widespread outages (red hexagon).  
Red Flag Days can lead to preemptive Public Safety Power Shutoffs (red hexagon) to manage wildfire risk. 

Hazard impact on customer demand (green lines): On the consumer side, heatwaves increase heat exposure 
leading to higher cooling needs.  Heat exposure is largely dependent on the built environment (e.g., building 
material, age, and efficiency).  Air conditioning demand during a heatwave must meet energy supply.  To preempt 
potential system imbalances during a heatwave, flexible load programs can be enacted (e.g., utility air conditioning 
programs, dynamic pricing, etc.) and voluntary reductions in energy demand can be requested (e.g., Flex Alerts, 
conservation, etc.).  If demand-side reductions are inadequate to maintain balance and prevent more serious 
outages, planned customer interruptions to shed load are applied (red hexagon). 

Figure A-1 (b) Conceptual map - hazard, outage, and public health impacts 

The conceptual map focuses on heat-related outcomes in urban areas.  Heatwaves (orange) increase heat exposure 
(black circle) leading to heat-related mortality and morbidity outcomes (black hexagon).  The biggest asset 
in decreasing heat exposure is the access and use of appropriate cooling infrastructure (black circle).  
Simultaneously, rolling outages (red hexagon) from heatwaves (orange), or Public Safety Power Shutoffs (red 
hexagon) from Red Flag Days (orange) reduce access to cooling and exasperates heat exposure.  Thus, the problem 
develops in two phases: first, heat exposure risk during heatwaves while shaving peak load to maintain grid 
stability; and second, after an outage occurs, heat exposure risk during joint heatwave outage events while 
weathering outage disruptions. 
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Figure A-1 (c) Conceptual map - consumer-side mitigation levers 

The three main objectives in managing joint heatwave power outage events are: (1) reducing heat exposure to 
prevent heat-related mortality and morbidity; (2) reducing energy demand to shave peak load and maintain 
operational adaptive cooling mechanisms; and (3) reducing grid vulnerability to maintain grid stability during 
hazard events (black circles).  In turn, levers are shown grouped into three categories that meet the three 
objectives: mitigate heat exposure (magenta), shave peak load (green), and increase grid reliability and resilience 
(blue).  More often than not, the interconnectivity of different measures means each lever meets more than one 
objective.  Policies that shave peak load or mitigate heat exposure often also improve grid reliability. 

Examples of measures aiming to shave peak load include time-of-use rate plans and Flex Alerts (green).  These 
strategies decrease load but not heat exposure.  Vice versa, rate assistance programs (e.g., Family Electric Rate 
Assistance Program) and subsidized cooling (e.g., free air conditioners for elderly populations) help households 
meet their cooling needs and decrease heat exposure (magenta) but do not address peak load.  Measures that 
increase energy efficiency (e.g., green building codes, efficient appliances) may decrease peak load but become 
embedded into long-term planning forecasts and do little to reduce short-term load.  Levers ranging from local 
microgrid projects to critical infrastructure priority restoration policies are examples of levers that fall under the 
broader agenda of grid reliability and resilience (blue). 

Figure A-1 (d) Conceptual map - levers by stakeholder groups 

The conceptual map clusters different levers by stakeholder group and showcases cross-disciplinary interests 
during joint heatwave outage events.  The electric power sector (orange) (e.g., CAISO, PG&E) administer time-
of-use summer rate plans, send out Flex Alert communications, and administer rotating outages.  First responders, 
medical services, and community partners (magenta) (e.g., Los Angeles Fire Department, Kaiser Permanente) 
run cooling centers, treat patients, and work with at-risk communities. 

State and federal emergency operation administrators (red) (e.g., Cal OES) organize and respond to disasters and 
coordinate hazard alerts.  Urban planners and state and local energy administrators (brown) are involved with 
land-use planning, including green spaces and zoning policies.  Distributed energy partners and prosumer groups 
(blue) are involved in investments such as distributed solar and microgrid planning.  Energy efficiency groups 
(green) (e.g., CPUC) administer programs such as the California Green Building Standards.  Human Services 
(grey) (e.g., CSD) administer federal LIHEAP programs.



165 

 

Figure A-1: Conceptual map of joint heatwave outage events 

(a) Conceptual map - hazard impacts on the power grid 
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(b) Conceptual map - hazard, outage, and public health impacts on the power grid 
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(c) Conceptual map - consumer-side mitigation levers 
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(d) Conceptual map - levers by stakeholder group 
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Los Angeles power outage maps 

Figure A-2: Total and average outage duration and customers out in Los Angeles (May-Oct 2018-2020) 

(a) Total outage duration in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities with a total outage duration of more than 500 days included Altadena, Burbank, Citrus, and Rowland Heights. 

  



170 

 

(b) Total customers without power in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities with more than a total of 250,000 customers without power included Bell, Gardena, Long Beach, Santa Clarita, Santa Monica, Torrance, and Valinda. 
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(c) Total outage customer days in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities with more than a total of 100,000 outage customer days included Bell, Gardena, Rolling Hills Estates, and Valinda. 
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(d) Average outage duration (hours) in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities with an average outage duration of more than 10 hours per day included Burbank, Citrus, La Crescenta Montrose, Rowland Heights, Valinda, and West Carson. 
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(e) Average customers without power in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities that had an average of more than 300 customers without power per day included Arcadia, Bell, Compton, Long Beach, Santa Clarita, Torrance, and Valinda. 
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(f) Average outage customer hours in Los Angeles (May-October 2018-2020) 

Figure notes: From May-October 2018-2020, cities that had a daily average of more than 5,000 outage customer hours included Bell, Rolling Hills Estates, and Valinda. 
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Additional figures 

Figure A-3: Average outage rates on heatwave and non-heatwave days by month (Jan 2008-Oct 2017) 

Figure notes: E.g., in May, the average California city experienced 0.0004 outage days for every non-heatwave day, and 0.0018 outage days for 
every heatwave day (85th percentile), from 2008-2017.  (Or, on average, cities had an outages on 0.04 percent of non-heatwave days, and 0.18 
percent of heatwave days). 

 

Figure A-4: Average outage rate by year (Jan 2008-Oct 2017) 

Figure notes: E.g., in 2015, the average California city experienced 1.23×10-6 outage days. 
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Figure A-5: Cooling degree days and outage customer days (Oct 2017-Oct 2020) 

Figure notes: Cooling degree days (based on the ambient air temperature in degrees Fahrenheit) and outage customer days.  Controlling for city 
size based on customers tracked, the data showed a positive relationship between higher cooling degree days and outage customer days. 

 

Figure A-6: Predictive outage customers hours by heat index and wildfire/RFDs (June-Aug 2018-2020) 

Figure notes: Predictive log(outage customer hours) based on the heat index, on wildfire/Red Flag Days and non-wildfire/Red Flag Days.  Based 
on regression results [8I] in Table 4.12.  Customer outage hours do not reflect lag heatwave and wildfire/Red Flag Days. 
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Figure A-7: Average outage frequency by heat index and heatwave frequency (Jan 2008-Oct 2017) 

Figure notes: (left) Total number of heatwave days versus total number of outage days per year; (right) average heat index versus total number of outage days per year 
for the cities of San Diego, Murrieta, and Santa Rosa, from January 2008-October 2017. 
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Figure A-8: City hotspot analysis (Jan 2008-Oct 2017) 

Figure notes: City hotspots for (a) joint heatwave outage days and (b) compound heatwave RFDs.  In (a) high value clusters are not statistically significant (Moran index=-0.61, Getis-Ord 
index=0.38).  In (b) high value clusters are statistically significant at α=0.05 (Moran index=0.57, Getis-Ord index=0.00002). 

(a) 

 

(b) 
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Figure A-9: Summer outage events by climate zone (May-Oct 2018-2020) 

Figure notes: (a) Average outage duration during summer outage events by climate zone, and (b) average outage customer days during summer outage events by climate zone 

(a) 

 

(b) 
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Figure A-10: Relative risk of ED visits and hospitalizations by climate zone (May-Oct 2008-2017) 

Figure notes: (a) Relative risk of ED visits and hospitalizations on heatwave days by cooling degree days; (b) relative risk of ED visits and hospitalizations on 
heatwave days by outage day counts. 

(a) 

 

(b) 
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Appendix B: Additional Tables 

Demand data 

Residential energy demand was estimated for cities serviced by Pacific Gas and Electric (PG&E), Southern 
California Edison (SCE), San Diego Gas and Electric (SDG&E), and the Los Angeles Department of Water and 
Power (LADWP).  Energy demand was estimated from investor-owned utility data (PG&E, SCE, SDG&E), 
California Independent System Operator’s (CAISO) operating data, and the U.S. Energy Information 
Administration’s (EIA) Electric Grid Monitor.  Table A-1 summarizes the demand data included in the HOD13-
20. 

Table A-1: Summary of energy demand data 

Source Temporal 
resolution 

Spatial 
resolution 

Years in 
dataset   

Temporal 
resolution 

Spatial 
resolution 

Years in 
joined 

database 
California Independent System 
Operator (CAISO) 
(California Independent System 
Operator, 2020) 

hourly 
utility 

service area 
(MW) 

2014-
2020 

® 
hazard 
outage 

database 
(HOD8-20) 

daily 
city 

(residential, 
MWh) 

2013-
2020 

Southern California Edison 
(SCE) 
(Southern California Edison, 
2019) 

monthly 
ZIP code 

(residential, 
kWh) 

2013-
2020 

San Diego Gas and Electric 
(SDG&E) 
(San Diego Gas and Electric, 
2019) 

monthly 
ZIP code 

(residential, 
kWh) 

2012-
2020 

Pacific Gas and Electric (PG&E) 
(Pacific Gas and Electric, 2019) monthly 

ZIP code 
(residential, 

kWh) 

2013-
2020 

Los Angeles Department of 
Water and Power (LADWP), 
U.S. Electric System Operating 
Data, U.S. Energy Information 
Administration (EIA) 
(U.S. Energy Information 
Administration, 2000)  

hourly 
LADWP 

service area 
(MW) 

2015-
2020 

PG&E, SCE, and SDG&E datasets aggregated residential monthly demand on a ZIP code level (U.S. Energy 
Information Administration, 2000; Pacific Gas and Electric, 2019; San Diego Gas and Electric, 2019; Southern 
California Edison, 2019).  CAISO datasets aggregated residential hourly demand on a utility level (California 
Independent System Operator, 2020). 

Energy demand by city was determined first by using CAISO’s hourly demand to estimate demand by ZIP code 
by utility.  Then, city-wide demand was estimated using the percent overlap between ZIP code and city 
geographies.  This had its challenges, including that the same ZIP code could be tied to different utility service 
areas, the same ZIP code could cover multiple cities, the same city could have multiple ZIP codes, the same city 
could be serviced by multiple utilities, and ZIP code areas may not have overlapped 100 percent with city areas.   
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Ultimately, energy demand data was not used in any of the analyses discussed in this paper.  However, city 
selection criteria for 2008-2017 (Table 3.8) was partly derived to manage challenges and simplify estimates for 
calculating city demand. 

Reliability indexes 

Two additional reliability metrics were estimated based on outage duration, customers out, and customers 
tracked.  The outage reliability indexes were calculated as follows: 

!"#$%&	(")$#*!+	*+(&,! 	(ℎ!")/) = 	
!"#$%&	(")$#*!+! × 3"/#!4&)/	!"#!

3"/#!4&)/	#)$35&(!
	

!"#$%&	6)&7"&+38	*+(&,! =	
3"/#!4&)/	!"#!

3"/#!4&)/	#)$35&(!
	

These indexes are similar to, but aggregated differently, than the System Average Interruption Duration Index 
(SAIDI) and the System Average Interruption Frequency Index (SAIFI) (Layton, 2004).  Different regulatory 
requirements determine which events may be excluded in SAIDI and SAIFI calculations.  As a result, SAIDI and 
SAIFI typically capture “blue sky” summer days rather than the variability of major weather events (Davies 
Consulting, 2005).  SAIDI and SAIFI are often calculated on a yearly or monthly basis.  Since customers tracked 
was used in lieu of total customers served, the outage reliability indexes only consider days when customers 
experience outage events. 

The outage reliability indexes only reflect the average value during outage events (i.e., begins when 10 percent or 
more of tracked customers lose power, and ends when at least 95 percent of tracked customers regain service).  
The outage duration index measures outage duration for the average customer tracked during outage events.  The 
outage frequency index measures the number of interruptions for the average customer tracked during outage 
events.   

Based on the outage duration index, the average customer tracked experienced 2.85 more hours without power 
on joint heatwave outage days versus outage (non-heatwave) days.  Outage duration indexes were higher on joint 
hazard outage days compared to outage (non-hazard) days.  The lower outage duration index, during compound 
heatwave wildfire/RFD outage days, is partially due to the small number of observations for those events in the 
HOD18-20. 

The outage reliability indexes are estimated by season (Table A-2), utility (Table A-3), and county (Table A-4).   

Table A-5 summarizes the difference in the outage duration index on hazard versus non-hazard days.  Differences 
in the outage duration index are further estimated by climate zone (Table A-6) and electric service provider (Table 
A-7). 
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Table A-2: Average outage reliability indexes during outage events by season (Jan 2018-Oct 2020) 

Table notes: E.g., based on the outage duration index, the average customer tracked experienced 13.82 hours without power during January-
December outage events, 11.10 hours without power during November-April outage events, 16.66 hours without power during May-October 
outage events, and 14.46 hours without power during July-August outage events.  Based on the outage frequency index, outage events from 
January-December averaged 0.52 interruptions per customer tracked, outage events from November-April averaged 0.49 interruptions per 
customer tracked, outage events from May-October averaged 0.55 interruptions per customer tracked, and outage events from July-August 
averaged 0.45 interruptions per customer tracked. 

 
Average outage duration 

index (hours)* 
Average outage 
frequency index  

 

Jan-Dec 13.82 0.52  

Nov-April 11.10 0.49  

May-Oct 16.66 0.55  

July-Aug 14.46 0.45  

*Calculated from the outage event dataset.  Average reliability indexes only reflect the 
average values during outage events.  An outage event begins when 10 percent or more of 
tracked customers lose power, and ends when at least 95 percent of tracked customers 
regain service. 

 

Table A-3: Average outage reliability indexes during outage events by utility (Jan 2018-Oct 2020) 

Table notes: E.g., based on the outage duration index, the average Southern California Edison tracked customer experienced 9.11 hours without 
power during January-December outage events, 9.90 hours without power during November-April outage events, 8.41 hours without power 
during May-October outage events, and 5.70 hours without power during July-August outage events.  Based on the outage frequency index, 
outage events in the Southern California Edison service area from January-December averaged 0.345 interruptions per SCE tracked customer, 
outage events from November-April averaged 0.354 interruptions per SCE tracked customer, outage events from May-October averaged 0.337 
interruptions per SCE tracked customer, and outage events from July-August averaged 0.310 interruptions per SCE tracked customer. 

 

 Average Reliability Indices for Outage Events* 

 average outage duration index (hours) average outage frequency index 
 Jan-Dec Nov-April May-Oct July-Aug Jan-Dec Nov-April May-Oct July-Aug 

Imperial Irrigation District 20.80 21.48 18.96 
 

0.56 0.41 0.95  
Los Angeles Department Water & Power 12.69 8.68 16.56 29.02 0.42 0.45 0.39 0.36 
Liberty Utilities 16.82 1.41 19.11 14.22 0.53 0.52 0.53 0.50 
Pacific Gas & Electric 21.16 14.63 26.12 16.20 0.43 0.39 0.45 0.44 
Pasadena Water and Power 8.72 10.23 6.16 8.88 0.49 0.62 0.27 0.51 
Riverside Public Utilities Department 3.83 5.33 3.43 4.88 0.25 0.39 0.22 0.18 
Southern California Edison 9.11 9.90 8.41 5.70 0.35 0.35 0.34 0.31 
San Diego Gas & Electric 12.71 13.24 12.28 20.14 0.29 0.30 0.28 0.39 
Sacramento Municipal Utility District 9.04 13.02 7.01 10.17 0.45 0.80 0.28 0.61 
*Calculated from the outage event dataset.  Average reliability indexes only reflect the average values during outage events.  An outage event 
begins when 10 percent or more of tracked customers lose power, and ends when at least 95 percent of tracked customers regain service. 
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Table A-4: Average outage reliability indexes during outage events by county (Jan 2018-Oct 2020) 

Table notes: E.g., based on the outage duration index, the average customer tracked in Humboldt County experienced 45.09 hours without power 
during January-December outage events, 11.05 hours without power during November-April outage events, 75.21 hours without power during 
May-October outage events, and 15.83 hours without power during July-August outage events.  Based on the outage frequency index, outage 
events in Humboldt County from January-December averaged 0.673 interruptions per customer tracked, outage events from November-April 
averaged 0.430 interruptions per customer tracked, outage events from May-October averaged 0.889 interruptions per customer tracked, and 
outage events from July-August averaged 0.276 interruptions per customer tracked. 

 

 

 Average Reliability Indices for Outage Events* 

 average outage duration index (hours) average outage frequency index 
 Jan-Dec Nov-April May-Oct July-Aug Jan-Dec Nov-April May-Oct July-Aug 

Alameda 9.38 8.14 10.65 20.06 0.28 0.28 0.27 0.71 
Alpine 67.97 20.24 91.72 

 
0.72 0.26 0.94  

Amador 55.86 52.58 66.72 3.36 0.69 0.62 0.95 0.18 
Butte 31.58 3.53 35.04 0.43 0.44 0.23 0.46 0.89 
Calaveras 30.68 24.01 36.59 0.57 0.41 0.39 0.44 0.06 
Colusa 11.32 12.99 6.83 

 
0.63 0.67 0.53  

Contra Costa 6.69 5.44 7.42 5.75 0.39 0.42 0.37 0.46 
El Dorado 12.86 7.25 15.73 9.93 0.37 0.30 0.41 0.40 
Fresno 45.69 10.41 53.94 5.61 0.82 0.42 0.91 0.50 
Glenn 17.66 27.30 1.97  0.70 1.00 0.21  
Humboldt 45.09 11.05 75.21 15.83 0.67 0.43 0.89 0.28 
Imperial 326.52 326.52   1.00 1.00   
Kern 24.38 29.25 19.41 14.65 0.42 0.43 0.41 0.38 
Kings 8.31 23.18 3.44 2.17 0.36 0.69 0.25 0.23 
Lake 38.56 5.12 67.33 30.16 0.69 0.46 0.89 0.79 
Lassen 21.52 3.51 29.33 2.38 0.57 0.20 0.72 0.32 
Los Angeles 9.02 8.28 9.89 17.43 0.31 0.29 0.32 0.36 
Madera 6.85 7.36 4.90  0.34 0.34 0.33  
Marin 11.91 7.73 15.19 13.80 0.55 0.39 0.68 0.43 
Mariposa 33.85 39.02 12.89 0.21 0.85 0.85 0.85 0.13 
Mendocino 20.92 3.40 26.97 31.80 0.75 0.64 0.79 0.84 
Merced 7.43 8.91 5.55 0.76 0.43 0.53 0.30 0.08 
Mono 25.92 1.96 26.23 12.42 0.53 0.54 0.53 1.00 
Monterey 17.39 13.14 35.71 44.58 0.53 0.55 0.44 0.59 
Napa 42.70 4.77 68.92 54.84 0.49 0.17 0.71 0.98 
Nevada 58.35 6.64 82.37 4.45 0.70 0.47 0.80 0.23 
Orange 6.86 6.64 7.02 4.55 0.32 0.29 0.33 0.23 
Placer 5.93 11.28 4.30 3.25 0.38 0.36 0.38 0.28 
Plumas 9.18 4.00 15.48  0.58 0.55 0.61  
Riverside 10.21 11.78 8.21 8.26 0.43 0.48 0.36 0.34 
Sacramento 13.57 11.96 15.43 43.12 0.43 0.41 0.47 0.87 
San Benito 0.77  0.77 2.10 0.50  0.50 0.14 
San Bernardino 7.30 6.63 7.84 5.19 0.29 0.28 0.30 0.36 
San Diego 12.80 13.44 12.28 20.14 0.29 0.30 0.28 0.39 
San Francisco 19.29 10.57 25.06 32.24 0.33 0.22 0.40 0.40 
San Joaquin 20.02 28.89 13.38 16.54 0.43 0.53 0.37 0.57 
San Luis Obispo 12.56 14.24 10.52 5.62 0.55 0.58 0.51 0.68 
San Mateo 12.14 12.78 11.71 7.71 0.36 0.53 0.25 0.52 
Santa Barbara 14.02 14.16 13.39 15.91 0.66 0.74 0.32 0.28 
Santa Clara 15.15 17.83 13.68 13.55 0.29 0.32 0.28 0.31 
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Table A-5: Difference in average outage duration index on hazard days (Jan 2018-Oct 2020) 

Table notes: Difference in the average outage duration index on joint hazard outage versus outage (non-hazard) days. E.g., based on the outage 
duration index, the average customer tracked experienced 2.80 more hours without power on outage days than on non-outage days, 3.03 more 
hours without power on joint heatwave outage days (95th percentile) than on non-heatwave outage days, 1.39 more hours without power on joint 
heatwave outage days (99th percentile) than on non-heatwave outage days, 2.01 more hours without power on joint wildfire outage days than on 
non-wildfire outage days, 5.11 more hours without power on joint Red Flag outage days than on non-Red Flag outage days, 4.93 more hours 
without power on joint wildfire/Red Flag outage days than on non-wildfire/Red Flag outage days, and 2.42 more hours without power on 
compound heatwave wildfire/Red Flag outage days than on non-heatwave non-wildfire/Red Flag outage days. 

 
Difference in average outage 

duration index (hours) 
 

outage day* 2.80  

outage day + heatwave day (95th pct)  3.03  

outage day + heatwave day (99th pct)  1.39  

outage day + wildfire day 2.01  

outage day + Red Flag Day  5.11  

outage day + wildfire/Red Flag Day 4.93  

outage day + heatwave (95th pct) + wildfire/RFD  2.42  

*Calculated from the HOD18-20.  Average reliability indexes only reflect the average values during 
outage events.  An outage event begins when 10 percent or more of tracked customers lose power, and 
ends when at least 95 percent of tracked customers regain service. An outage day is any day during an 
outage event. 

  

(continued)  

 Average Reliability Indices for Outage Events* 

 average outage duration index (hours) average outage frequency index 
 Jan-Dec Nov-April May-Oct July-Aug Jan-Dec Nov-April May-Oct July-Aug 

Santa Cruz 23.54 23.60 23.44 33.73 0.45 0.43 0.50 0.66 
Shasta 23.19 5.85 26.76  0.54 0.39 0.57  
Sierra 33.25 6.66 117.15  0.55 0.40 1.00  
Solano 29.97 4.88 51.30 74.49 0.42 0.23 0.59 0.82 
Sonoma 22.23 8.99 31.57 3.71 0.34 0.23 0.43 0.28 
Stanislaus 2.34 0.61 4.02 2.59 0.21 0.09 0.33 0.37 
Sutter 9.26 23.96 1.11 4.60 0.45 0.98 0.16 0.79 
Tehama 39.47 13.01 42.51  0.51 0.79 0.47  
Trinity 23.77 0.05 29.31 

 
0.36 0.12 0.42  

Tulare 3.07 4.82 2.08 0.84 0.29 0.43 0.20 0.09 
Tuolumne 14.03 20.62 7.57  0.39 0.55 0.24  
Ventura 8.40 7.44 8.66 4.73 0.30 0.32 0.30 0.22 
Yolo 30.69 51.03 15.11 0.09 0.71 0.88 0.58 0.13 
Yuba 16.35 1.43 20.42 5.08 0.42 0.17 0.49 1.00 
*Calculated from the outage event dataset.  Average reliability indexes only reflect the average values during outage events.  An outage event 
begins when 10 percent or more of tracked customers lose power, and ends when at least 95 percent of tracked customers regain service. 
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Table A-6: Difference in average outage duration index on hazard days by climate zone (Jan 2018-Oct 2020) 

Table notes: Difference in the average outage duration index on joint hazard outage versus outage (non-hazard) days by climate zone.  E.g., based 
on the outage duration index, the average customer tracked in Climate Zone 7 experienced 3.81 more hours without power on joint heatwave 
outage days (95th percentile) than on non-heatwave outage days, 7.81 more hours without power on joint heatwave outage days (99th percentile) 
than on non-heatwave outage days, and 1.67 more hours without power on joint wildfire/Red Flag outage days than on non-wildfire/Red Flag 
outage days. 

 Difference in average outage duration index 
(hours) on hazard outage days* 

 

 
heatwave outage 

day (95th pct) 
heatwave outage 

day (99th pct) 
wildfire/RFD 

outage day 
 

Climate zone 1  4.40 3.86 8.34  
Climate zone 2 7.87 0.06 11.11  
Climate zone 3 2.48 1.84 9.12  
Climate zone 4 2.63 1.93 1.30  
Climate zone 5 21.56 23.52 -1.25  
Climate zone 6 -0.14 -0.07 0.40  
Climate zone 7 3.81 7.81 1.67  
Climate zone 8 9.35 0.23 3.70  
Climate zone 9 3.59 3.53 2.55  
Climate zone 10 1.69 1.15 2.68  
Climate zone 11 0.82 1.71 8.35  
Climate zone 12 3.70 3.12 5.09  
Climate zone 13 3.37 0.80 13.25  
Climate zone 14 -0.49 -0.73 -0.96  
Climate zone 15 0.99 -1.09 1.98  
Climate zone 16 1.58 1.13 9.48  
*Calculated from the HOD18-20.  Average reliability indexes only reflect the average 
values during outage events.  An outage event begins when 10 percent or more of tracked 
customers lose power, and ends when at least 95 percent of tracked customers regain 
service. An outage day is any day during an outage event. 

 

Table A-7: Difference in average outage duration index on hazard days by utility (Jan 2018-Oct 2020) 

Table notes: Difference in the average outage duration index on joint hazard outage versus outage (non-hazard) days by utility.  E.g., based on the 
outage duration index, the average Pacific Gas and Electric tracked customer experienced 3.29 more hours without power on joint heatwave 
outage days (95th percentile) than on non-heatwave outage days, 2.62 more hours without power on joint heatwave outage days (99th percentile) 
than on non-heatwave outage days, and 8.20 more hours without power on joint wildfire/Red Flag outage days than on non-wildfire/Red Flag 
outage days. 

 Difference in average outage duration index 
(hours) on hazard outage days* 

 
heatwave outage 

day (95th pct) 
heatwave outage 

day (99th pct) 
wildfire/RFD 

outage day 
Los Angeles Department of Water and Power 9.42 5.44 4.99 
Pacific Gas and Electric 3.29 2.62 8.20 
Southern California Edison 1.99 1.61 2.40 
San Diego Gas and Electric 3.52 5.19 1.34 
Other 0.95 1.58 5.11 
*Calculated from the HOD18-20.  Average reliability indexes only reflect the average values during outage 
events.  An outage event begins when 10 percent or more of tracked customers lose power, and ends when 
95 percent of tracked customers regain service. An outage day is any day during an outage event. 
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Additional tables 

Table A-8: ED visits percent change by ICD group (May-Oct 2008-2017) 

Group name 
Non-

heatwave 
Heatwave Percent 

change 
P-value Non-

wildfire 
Wildfire Percent 

change 
P-value 

Intestinal infectious diseases 0.38 0.42 11% 0.00 * 0.38 0.77 103% 0.00 * 
Bacterial foodborne intoxication 0.04 0.04 0% 0.02 * 0.04 0.08 100% 0.00 * 

Other bacterial diseases 0.19 0.25 32% 0.00 * 0.19 0.39 105% 0.00 * 
Streptococcal sepsis 0.13 0.18 38% 0.00 * 0.13 0.27 108% 0.00 * 

Diabetes mellitus 11.13 13.89 25% 0.00 * 11.27 20.18 79% 0.00 * 
Volume depletion 2.25 3.33 48% 0.00 * 2.31 4.59 99% 0.00 * 
Fluid, electrolyte and acid-base balance 1.91 2.57 35% 0.00 * 1.95 3.76 93% 0.00 * 
Cerebral ischemic attacks 0.21 0.23 10% 0.00 * 0.21 0.33 57% 0.00 * 
Cardiovascular disease 24.58 30.04 22% 0.00 * 24.88 41.51 67% 0.00 * 

Acute rheumatic fever 0.00 0.00 33% 0.20  0.00 0.00 50% 0.49 * 
Chronic rheumatic heart disease 0.06 0.08 33% 0.00 * 0.06 0.08 33% 0.09 * 
Hypertensive disease 21.23 26.05 23% 0.00 * 21.49 36.14 68% 0.00 * 
Ischemic heart disease 3.43 4.14 21% 0.00 * 3.47 5.04 45% 0.00 * 
Other forms of heart disease 5.37 6.53 22% 0.00 * 5.43 8.19 51% 0.00 * 

Heart failure 2.01 2.51 25% 0.00 * 2.04 3.18 56% 0.00 * 
Cerebrovascular disease 0.79 0.92 16% 0.00 * 0.80 1.09 36% 0.00 * 

Other disorders of circulatory system 0.36 0.49 36% 0.00 * 0.37 0.68 84% 0.00 * 
Complication of respirator 0.00 0.00 0% 0.83   0.00 0.00 50% 0.21  
Renal tubulo-interstitial diseases 1.15 1.44 25% 0.00 * 1.16 2.27 96% 0.00 * 
Kidney disease 2.92 3.82 31% 0.00 * 2.98 4.87 63% 0.00 * 

Acute kidney failure 0.26 0.44 69% 0.00 * 0.27 0.57 111% 0.00 * 
Other disorders of kidney and ureter 0.65 0.86 32% 0.00 * 0.67 1.20 79% 0.00 * 
Other diseases of urinary system 5.98 7.33 23% 0.00 * 6.05 12.57 108% 0.00 * 

Cystitis 0.54 0.66 22% 0.00 * 0.54 1.44 167% 0.00 * 
Abnormalities of heart beat 1.53 1.95 27% 0.00 * 1.55 3.01 94% 0.00 * 
Specified substances in blood 0.03 0.04 33% 0.00 * 0.03 0.10 233% 0.00 * 
Injuries 30.54 34.84 14% 0.00 * 30.71 61.38 100% 0.00 * 

Injuries head 9.35 10.64 14% 0.00 * 9.40 18.91 101% 0.00 * 
Injuries neck 1.85 2.15 16% 0.00 * 1.86 3.77 103% 0.00 * 
Injuries body 0.39 0.45 15% 0.00 * 0.40 0.72 80% 0.00 * 

Carbon monoxide 0.01 0.01 29% 0.01 * 0.01 0.01 14% 0.80  
Heat and light 0.10 0.55 450% 0.00 * 0.13 0.35 169% 0.00 * 
Electrocution 0.02 0.02 0% 0.00 * 0.02 0.04 100% 0.00 * 
Medical devices 0.14 0.19 36% 0.00 * 0.14 0.32 129% 0.00 * 
External causes 32.27 35.09 9% 0.00 * 32.33 68.37 111% 0.00 * 

Accidents 25.08 27.56 10% 0.00 * 25.14 53.36 112% 0.00 * 
Accidents transportation 4.43 4.69 6% 0.00 * 4.43 9.68 119% 0.00 * 
Accidents falls 8.99 9.45 5% 0.00 * 8.98 18.40 105% 0.00 * 

Electrocution2 0.06 0.08 33% 0.00 * 0.06 0.10 67% 0.00 * 
Heat illness 0.07 0.38 443% 0.00 * 0.09 0.25 178% 0.00 * 

Occupational hazard 0.07 0.07 0% 0.94   0.07 0.12 71% 0.00 * 
Socioeconomic housing 0.68 1.01 49% 0.00 * 0.70 1.49 113% 0.00 * 
Socioeconomic hazard 0.12 0.17 42% 0.00 * 0.13 0.26 100% 0.00 * 
Enabling machines and devices 0.94 1.27 35% 0.00 * 0.96 1.70 77% 0.00 * 
* p<0.05           
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(continued)         

Group name 
Non-

outage 
Outage Percent 

change 
P-value Non-

HWO 
HWO Percent 

change 
P-value 

Intestinal infectious diseases 0.38 1.35 255% 0.00 * 0.41 1.86 354% 0.00 * 
Bacterial foodborne intoxication 0.04 0.15 275% 0.00 * 0.04 0.23 475% 0.02 * 

Other bacterial diseases 0.19 0.88 363% 0.00 * 0.24 1.46 508% 0.00 * 
Streptococcal sepsis 0.13 0.59 354% 0.00 * 0.18 1.21 572% 0.00 * 

Diabetes mellitus 11.24 39.75 254% 0.00 * 13.68 56.27 311% 0.00 * 
Volume depletion 2.30 8.34 263% 0.00 * 3.28 13.63 316% 0.00 * 
Fluid, electrolyte and acid-base balance 1.94 7.18 270% 0.00 * 2.53 11.22 343% 0.00 * 
Cerebral ischemic attacks 0.21 0.65 210% 0.00 * 0.22 0.79 259% 0.00 * 
Cardiovascular disease 24.79 87.43 253% 0.00 * 29.58 123.31 317% 0.00 * 

Acute rheumatic fever 0.00 0.01 67% 0.15  0.00 0.02 83% 0.22  
Chronic rheumatic heart disease 0.06 0.26 333% 0.00 * 0.07 0.40 471% 0.00 * 
Hypertensive disease 21.41 75.71 254% 0.00 * 25.64 107.17 318% 0.00 * 
Ischemic heart disease 3.45 12.27 256% 0.00 * 4.07 17.26 324% 0.00 * 
Other forms of heart disease 5.41 18.67 245% 0.00 * 6.44 26.21 307% 0.00 * 

Heart failure 2.03 7.08 249% 0.00 * 2.47 10.03 306% 0.00 * 
Cerebrovascular disease 0.79 2.86 262% 0.00 * 0.91 4.03 343% 0.00 * 

Other disorders of circulatory system 0.37 1.37 270% 0.00 * 0.48 1.90 296% 0.00 * 
Complication of respirator 0.00 0.01 60% 0.21  0.00 0.01 78% 0.42   
Renal tubulo-interstitial diseases 1.16 4.40 279% 0.00 * 1.41 6.46 358% 0.00 * 
Kidney disease 2.96 12.77 331% 0.00 * 3.75 19.60 423% 0.00 * 

Acute kidney failure 0.27 1.21 348% 0.00 * 0.43 2.32 440% 0.00 * 
Other disorders of kidney and ureter 0.66 2.41 265% 0.00 * 0.84 3.49 315% 0.00 * 
Other diseases of urinary system 6.04 20.02 231% 0.00 * 7.23 27.79 284% 0.00 * 

Cystitis 0.54 1.85 243% 0.00 * 0.65 2.82 334% 0.00 * 
Abnormalities of heart beat 1.55 5.98 286% 0.00 * 1.91 9.32 388% 0.00 * 
Specified substances in blood 0.03 0.18 500% 0.00 * 0.04 0.33 725% 0.00 * 
Injuries 30.64 101.37 231% 0.00 * 34.35 134.82 292% 0.00 * 

Injuries head 9.37 32.14 243% 0.00 * 10.48 42.77 308% 0.00 * 
Injuries neck 1.86 6.26 237% 0.00 * 2.12 8.26 290% 0.00 * 
Injuries body 0.39 1.27 226% 0.00 * 0.45 1.89 320% 0.00 * 

Carbon monoxide 0.01 0.02 100% 0.08  0.01 0.00 -100% 0.00 * 
Heat and light 0.13 0.55 323% 0.00 * 0.54 2.32 330% 0.00 * 
Electrocution 0.02 0.08 300% 0.00 * 0.02 0.12 500% 0.01 * 
Medical devices 0.14 0.51 264% 0.00 * 0.18 0.79 339% 0.00 * 
External causes 32.28 103.60 221% 0.00 * 34.61 131.63 280% 0.00 * 

Accidents 25.11 80.36 220% 0.00 * 27.19 103.46 281% 0.00 * 
Accidents transportation 4.43 14.78 234% 0.00 * 4.62 18.56 302% 0.00 * 
Accidents falls 8.97 28.79 221% 0.00 * 9.32 34.90 274% 0.00 * 

Electrocution2 0.06 0.19 217% 0.00 * 0.08 0.16 100% 0.06   
Heat illness 0.09 0.33 267% 0.00 * 0.38 1.35 255% 0.00 * 

Occupational hazard 0.07 0.25 257% 0.00 * 0.07 0.30 329% 0.00 * 
Socioeconomic housing 0.70 4.44 534% 0.00 * 0.98 7.64 680% 0.00 * 
Socioeconomic hazard 0.13 0.44 238% 0.00 * 0.17 0.84 394% 0.00 * 
Enabling machines and devices 0.95 3.75 295% 0.00 * 1.25 5.82 366% 0.00 * 
* p<0.05           

Table notes: Extended table of Table 5.16.  HWO=joint heatwave outage day.  E.g., for the average city in California, there were 1.71 
hospitalizations with the ICD diagnosis of ‘enabling machines and devices’ on non-outage days, and 7.30 hospitalizations on outage days.  The 
difference is statistically significant at α=0.05.  On average, hospitalizations with the diagnosis of ‘enabling machines and devices’ increased by 
327 percent on outage days. 

 

 

 



189 

 

Table A-9: Hospitalizations percent change by ICD group (May-Oct 2008-2017) 

Group name 
Non-

heatwave 
Heatwave Percent 

change 
P-value Non-

wildfire 
Wildfire Percent 

change 
P-value 

Intestinal infectious diseases 0.62 0.70 13% 0.00 * 0.619 1.377 122% 0.000 * 
Bacterial foodborne intoxication 0.01 0.01 0% 0.04 * 0.009 0.022 144% 0.008  

Other bacterial diseases 2.58 3.20 24% 0.00 * 2.613 5.599 114% 0.000 * 
Streptococcal sepsis 2.53 3.14 24% 0.00 * 2.559 5.476 114% 0.000 * 

Diabetes mellitus 8.60 10.00 16% 0.00 * 8.652 19.785 129% 0.000 * 
Volume depletion 2.62 3.35 28% 0.00 * 2.658 6.208 134% 0.000 * 
Fluid, electrolyte and acid-base balance 6.38 7.80 22% 0.00 * 6.449 14.102 119% 0.000 * 
Cerebral ischemic attacks 0.23 0.25 9% 0.00 * 0.232 0.543 134% 0.000 * 
Cardiovascular disease 20.12 22.89 14% 0.00 * 20.212 45.383 125% 0.000 * 

Acute rheumatic fever 0.00 0.00 25% 0.16  0.003 0.010 233% 0.015 * 
Chronic rheumatic heart disease 0.44 0.51 16% 0.00 * 0.445 0.843 89% 0.000 * 
Hypertensive disease 16.79 19.23 15% 0.00 * 16.878 38.066 126% 0.000 * 
Ischemic heart disease 6.17 6.89 12% 0.00 * 6.191 13.599 120% 0.000 * 
Other forms of heart disease 8.86 9.95 12% 0.00 * 8.896 18.920 113% 0.000 * 

Heart failure 4.40 4.97 13% 0.00 * 4.423 9.188 108% 0.000 * 
Cerebrovascular disease 2.22 2.49 12% 0.00 * 2.224 4.754 114% 0.000 * 

Other disorders of circulatory system 1.47 1.71 16% 0.00 * 1.480 3.259 120% 0.000 * 
Complication of respirator 0.07 0.08 14% 0.07   0.072 0.206 186% 0.000 * 
Renal tubulo-interstitial diseases 0.98 1.21 23% 0.00 * 0.993 2.221 124% 0.000 * 
Kidney disease 6.83 8.34 22% 0.00 * 6.902 15.361 123% 0.000 * 

Acute kidney failure 3.50 4.54 30% 0.00 * 3.549 7.947 124% 0.000 * 
Other disorders of kidney and ureter 0.96 1.08 13% 0.00 * 0.963 2.082 116% 0.000 * 
Other diseases of urinary system 3.97 4.66 17% 0.00 * 3.998 9.309 133% 0.000 * 

Cystitis 0.16 0.20 25% 0.00 * 0.160 0.431 169% 0.000 * 
Abnormalities of heart beat 0.64 0.85 33% 0.00 * 0.647 1.721 166% 0.000 * 
Specified substances in blood 0.19 0.22 16% 0.00 * 0.194 0.506 161% 0.000 * 
Injuries 3.11 3.55 14% 0.00 * 3.129 6.967 123% 0.000 * 

Injuries head 1.05 1.22 16% 0.00 * 1.058 2.312 119% 0.000 * 
Injuries neck 0.23 0.25 9% 0.00 * 0.226 0.456 102% 0.000 * 
Injuries body 0.04 0.04 0% 0.09  0.036 0.074 106% 0.000 * 

Carbon monoxide 0.00 0.00 0% 0.85  0.002 0.003 50% 0.539  
Heat and light 0.01 0.08 700% 0.00 * 0.016 0.085 431% 0.000 * 
Electrocution 0.00 0.00 50% 0.04 * 0.001 0.002 100% 0.525 * 
Medical devices 0.39 0.45 15% 0.00 * 0.394 0.935 137% 0.000 * 
External causes 6.03 6.60 9% 0.00 * 6.038 13.699 127% 0.000 * 

Accidents 2.38 2.66 12% 0.00 * 2.385 5.683 138% 0.000 * 
Accidents transportation 0.49 0.53 8% 0.00 * 0.490 1.185 142% 0.000 * 
Accidents falls 1.39 1.49 7% 0.00 * 1.385 3.171 129% 0.000 * 

Electrocution2 0.01 0.01 0% 0.12  0.009 0.029 222% 0.000 * 
Heat illness 0.01 0.05 400% 0.00 * 0.011 0.059 436% 0.000 * 

Occupational hazard 0.00 0.00 0% 0.03 * 0.002 0.005 150% 0.061  
Socioeconomic housing 0.57 0.81 42% 0.00 * 0.578 1.556 169% 0.000 * 
Socioeconomic hazard 0.04 0.05 25% 0.00 * 0.041 0.075 83% 0.001 * 
Enabling machines and devices 1.70 2.05 21% 0.00 * 1.713 3.811 122% 0.000 * 
* p<0.05           
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(continued)         

Group name 
Non-

outage 
Outage Percent 

change 
P-value Non-

HWO 
HWO Percent 

change 
P-value 

Intestinal infectious diseases 0.62 2.68 332% 0.00 * 0.68 3.62 432% 0.00 * 
Bacterial foodborne intoxication 0.01 0.04 300% 0.00 * 0.01 0.05 400% 0.05 * 

Other bacterial diseases 2.60 11.19 330% 0.00 * 3.14 16.03 411% 0.00 * 
Streptococcal sepsis 2.55 10.90 327% 0.00 * 3.08 15.71 410% 0.00 * 

Diabetes mellitus 8.63 34.43 299% 0.00 * 9.82 44.91 357% 0.00 * 
Volume depletion 2.65 10.39 292% 0.00 * 3.30 15.10 358% 0.00 * 
Fluid, electrolyte and acid-base balance 6.43 26.16 307% 0.00 * 7.66 36.62 378% 0.00 * 
Cerebral ischemic attacks 0.23 0.79 243% 0.00 * 0.24 0.93 288% 0.00 * 
Cardiovascular disease 20.15 81.55 305% 0.00 * 22.49 102.03 354% 0.00 * 

Acute rheumatic fever 0.00 0.01 67% 0.07 * 0.00 0.01 56% 0.59  
Chronic rheumatic heart disease 0.44 1.90 332% 0.00 * 0.50 2.61 422% 0.00 * 
Hypertensive disease 16.83 67.06 298% 0.00 * 18.90 84.16 345% 0.00 * 
Ischemic heart disease 6.17 23.83 286% 0.00 * 6.78 29.51 335% 0.00 * 
Other forms of heart disease 8.87 35.24 297% 0.00 * 9.78 44.18 352% 0.00 * 

Heart failure 4.41 17.25 291% 0.00 * 4.89 22.00 350% 0.00 * 
Cerebrovascular disease 2.22 8.65 290% 0.00 * 2.45 10.58 332% 0.00 * 

Other disorders of circulatory system 1.48 6.17 317% 0.00 * 1.67 8.49 408% 0.00 * 
Complication of respirator 0.07 0.37 429% 0.00 * 0.08 0.36 350% 0.00 * 
Renal tubulo-interstitial diseases 0.99 4.26 330% 0.00 * 1.18 5.47 364% 0.00 * 
Kidney disease 6.88 29.35 327% 0.00 * 8.18 39.71 385% 0.00 * 

Acute kidney failure 3.54 15.22 330% 0.00 * 4.45 22.00 394% 0.00 * 
Other disorders of kidney and ureter 0.96 3.93 309% 0.00 * 1.06 4.78 351% 0.00 * 
Other diseases of urinary system 3.99 15.98 301% 0.00 * 4.58 20.93 357% 0.00 * 

Cystitis 0.16 0.68 325% 0.00 * 0.20 1.15 475% 0.00 * 
Abnormalities of heart beat 0.65 3.17 388% 0.00 * 0.83 4.58 452% 0.00 * 
Specified substances in blood 0.19 0.81 326% 0.00 * 0.22 0.95 332% 0.00 * 
Injuries 3.12 13.65 338% 0.00 * 3.49 16.46 372% 0.00 * 

Injuries head 1.05 5.02 378% 0.00 * 1.20 5.98 398% 0.00 * 
Injuries neck 0.23 1.03 348% 0.00 * 0.25 1.36 444% 0.00 * 
Injuries body 0.04 0.17 325% 0.00 * 0.04 0.22 450% 0.00 * 

Carbon monoxide 0.00 0.01 82% 0.02 * 0.00 0.01 78% 0.41   
Heat and light 0.02 0.10 400% 0.00 * 0.08 0.38 375% 0.00 * 
Electrocution 0.00 0.00 75% 0.19 * 0.00 0.01 78% 0.40 * 
Medical devices 0.39 1.89 385% 0.00 * 0.44 2.14 386% 0.00 * 
External causes 6.02 26.19 335% 0.00 * 6.48 31.23 382% 0.00 * 

Accidents 2.38 10.11 325% 0.00 * 2.61 11.99 359% 0.00 * 
Accidents transportation 0.49 2.21 351% 0.00 * 0.52 2.31 344% 0.00 * 
Accidents falls 1.38 5.56 303% 0.00 * 1.46 6.66 356% 0.00 * 

Electrocution2 0.01 0.04 300% 0.00 * 0.01 0.05 400% 0.04 * 
Heat illness 0.01 0.07 600% 0.00 * 0.05 0.27 440% 0.00 * 

Occupational hazard 0.00 0.01 78% 0.04 * 0.00 0.00 - 0.00 * 
Socioeconomic housing 0.58 3.37 481% 0.00 * 0.79 4.93 524% 0.00 * 
Socioeconomic hazard 0.04 0.16 300% 0.00 * 0.05 0.28 460% 0.00 * 
Enabling machines and devices 1.71 7.30 327% 0.00 * 2.01 9.83 389% 0.00 * 
* p<0.05           

Table notes: Extended table of Table 5.16.  HWO=joint heatwave outage day.  E.g., cities in California averaged 1.71 and 7.30 hospitalizations 
diagnosed with ‘enabling machines and devices’ on non-outage and outage days respectively.  The difference is statistically significant at α=0.05.  
On average, patients diagnosed with ‘enabling machines and devices’ in hospitals increased by 327 percent on outage days. 
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Table A-10: Relative risk results - study comparisons 

Table notes: Results from this research are compared to the 2006 California heatwave study by Knowlton et al. (2006).  Both analyses use data 
from OSHPD’s EDD and PDD to estimate the relative risk of ED visits and hospitalizations during heatwaves.  Study differences include statistical 
methods, time periods, ICD diagnosis groups, and unit of analysis. 

Ovens and Tinderboxes in the Golden State* The 2006 California Heat Wave: Impacts on Hospitalizations 
and Emergency Department Visits (Knowlton et al., 2009)** 

Study time period: May-Oct 2008-2017  July 15-Aug 1 2006 

Health outcome data: OSHPD EDD/PDD 2008-2017  OSHPD EDD/PDD 2006 

RR estimation method: Poisson fixed effects  rate ratios 

Spatial unit of analysis: California city  California geographic regions 

 RR ED 
visits 

RR hospital 
admissions 

 RR ED 
visits 

RR hospital 
admissions 

Climate zone   Geographic region   

CZ 1 1.02 1.00 North Coast 1.05 1.03 

CZ 3 1.01 1.00 Central Coast 1.05 1.02 

CZ 6 1.05 0.96 South Coast 1.03 1.00 

CZ 11 1.04 0.91 North Central 1.04 1.01 

CZ 12 1.01 1.02 Central Valley 1.04 1.00 

CZ 14 0.91 0.82 Southeast Desert 1.01 1.00 

Age   Age   

0-4 1.03 1.03 0-4 1.05 1.00 

5-34 1.03 1.03 5-64 1.03 1.00 

≥ 65 1.03 1.02 ≥ 65 1.03 1.01 

Race/ethnicity   Race/ethnicity   

Asian 1.02 1.02 Asian/Pacific Islander 1.02 1.01 

Black 1.02 1.01 African American 1.02 0.98 

Hispanic 1.02 1.04 Latino/Hispanic 1.04 1.00 

Native 1.01 1.01 Native American/Alaska Native 1.05 0.96 

Other 1.01 1.03 Other 1.05 1.04 

White 1.04 1.03 White 1.03 1.01 
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(continued)      

 RR ED 
visits 

RR hospital 
admissions 

 RR ED 
visits 

RR hospital 
admissions 

ICD-10 diagnoses   ICD-9 diagnoses   

All 1.02 1.02 All causes 1.03 1.01 

Diabetes mellitus 1.06 1.02 Diabetes 1.03 1.01 

Other disorders fluid electrolyte 1.17 1.06 Electrolyte imbalance 1.16 1.09 

Cardiovascular disease 1.05 1.01 Cardiovascular diseases 1.02 1.01 

Other circulatory system 1.19 1.05 Acute MI 1.02 1.02 

Cerebrovascular diseases 1.04 1.01 Cerebrovascular disease 0.98 0.98 

Other kidney disorders 1.16 1.04 Nephritis and nephrotic syndrome 1.06 1.05 

Acute kidney failure 1.33 1.10 Acute renal failure 1.15 1.11 

Heat illness 8.34 9.75 Heat-related illnesses 6.30 10.15 

*Poisson fixed effects model [Equation 3]: pooled race/ethnicity coefficients from Table A-24; pooled age coefficients from Table A-25; pooled 
ICD diagnosis coefficients from Table A-26; climate zone coefficients from Table A-14 [3E] and Table A-15 [3H].  Race, age, and ICD diagnosis 
coefficients are for hazard events, climate zones coefficients are for hazard days. 
**Relative risk results from Table 2 and 3 in The 2006 California Heat Wave: Impacts on Hospitalizations and Emergency Department Visits (Knowlton et 
al., 2009). 
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Appendix C: Regression Tables 

Full regression tables 

Table A-11: Regression results - outage days by heat index and heatwave day (May-Oct 2008-2017) 

      [1I]   [2I]   [3I]   [1D]   [2D]   [3D] 
dependent variable: 
outage day logit logit fixed 

effects 
logit fixed 

effects logit logit fixed 
effects 

logit fixed 
effects 

heat index (F) (10 degrees) 1.053*** 1.058*** 1.047***    
   (0.008) (0.009) (0.015)    
L1.heat index   1.033*    
     (0.019)    
heatwave day    2.277*** 2.238*** 1.830*** 
  (95th percentile)    (0.180) (0.180) (0.199) 
L1.heatwave day      1.363*** 
        (0.149) 
wildfire/Red Flag Day 1.481*** 1.261** 0.226* 1.385*** 1.209 0.995 
   (0.174) (0.148) (0.175) (0.164) (0.142) (0.203) 
L1.wildfire/Red Flag Day   1.221   1.182 
     (0.234)   (0.229) 
heat index # wildfire/Red Flag Day   1.246**    
     (0.128)    
heatwave day # wildfire/Red Flag Day      1.308 
      (0.345) 
climate zone 2 1.571   1.551   
   (0.475)   (0.469)   
climate zone 3 2.514***   2.476***   
   (0.736)   (0.725)   
climate zone 4 2.519***   2.514***   
   (0.771)   (0.769)   
climate zone 5 1.496   1.556   
   (0.545)   (0.56)   
climate zone 6 4.089***   4.054***   
   (1.365)   (1.353)   
climate zone 7 11.741***   11.188***   
   (3.522)   (3.357)   
climate zone 8 3.467***   3.497***   
   (1.016)   (1.024)   
climate zone 9 1.924**   1.798**   
   (0.571)   (0.534)   
climate zone 10 2.627***   2.646***   
   (0.766)   (0.772)   
climate zone 11 1.303   1.344   
   (0.391)   (0.404)   
climate zone 12 1.321   1.347   
   (0.381)   (0.388)   
climate zone 13 1.015   1.057   
   (0.304)   (0.317)   
climate zone 14 1.509   1.493   
   (0.478)   (0.473)   
climate zone 15 5.158***   5.705***   
   (1.507)   (1.665)   
climate zone 16 0.229***   0.226***   
   (0.077)   (0.076)   
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(continued)       
      [1I]   [2I]   [3I]   [1D]   [2D]   [3D] 

dependent variable: 
outage day logit logit fixed 

effects 
logit fixed 

effects 
logit logit fixed 

effects 
logit fixed 

effects 
Monday 1.332*** 1.335*** 1.365*** 1.322** 1.319** 1.351*** 
   (0.145) (0.145) (0.15) (0.143) (0.143) (0.148) 
Tuesday 1.444*** 1.446*** 1.468*** 1.444*** 1.443*** 1.456*** 
   (0.152) (0.152) (0.156) (0.151) (0.151) (0.154) 
Wednesday 1.246** 1.246** 1.222* 1.231* 1.234* 1.214* 
   (0.135) (0.136) (0.135) (0.133) (0.134) (0.134) 
Thursday 1.353*** 1.355*** 1.361*** 1.334*** 1.337*** 1.351*** 
   (0.144) (0.145) (0.147) (0.142) (0.142) (0.145) 
Friday 1.254** 1.257** 1.297** 1.238** 1.242** 1.275** 
   (0.136) (0.136) (0.142) (0.134) (0.134) (0.139) 
Saturday 1.005 1.007 1.023 1.007 1.008 1.022 
   (0.115) (0.115) (0.118) (0.114) (0.114) (0.117) 
holiday 0.438*** 0.435*** 0.431*** 0.432*** 0.433*** 0.431*** 
   (0.134) (0.133) (0.132) (0.132) (0.133) (0.132) 
Pseudo R-squared 0.076 0.008 0.009 0.079 0.012 0.013 
AIC  20,855   16,006   15,733   20,866   16,014   15,742  
BIC  21,300   16,210   15,970   21,311   16,218   15,979  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses      *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results for Table 4.11.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-12: Regression results - outage customer hours by heat index (June-Aug 2018-2020) 

    [4I]   [5I]   [6I]   [7I]   [8I] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

heat index (F) (10 degrees) 21.229 0.034*** 0.070*** 0.011 -0.028 
   (32.859) (0.009) (0.015) (0.015) (0.017) 
L1.heat index    0.083*** 0.078*** 
      (0.017) (0.017) 
L2.heat index     0.011 
       (0.018) 
wildfire/Red Flag Day 980.446*** 0.501*** 0.578*** 0.372*** -0.330 
   (121.137) (0.038) (0.061) (0.059) (0.500) 
L1.wildfire/Red Flag Day    0.266*** 0.143** 
      (0.057) (0.063) 
L2.wildfire/Red Flag Day     0.136** 
       (0.068) 
heat index # wildfire/Red Flag Day     0.088 
       (0.068) 
climate zone 2 31.734 -0.285***    
   (59.962) (0.074)    
climate zone 3 -53.443 -0.482***    
   (51.718) (0.073)    
climate zone 4 202.195** 0.035    
   (90.442) (0.077)    
climate zone 5 -114.734** -0.252***    
   (54.820) (0.084)    
climate zone 6 797.864*** 2.044***    
   (136.224) (0.098)    
climate zone 7 1425.781*** 1.991***    
   (171.045) (0.106)    
climate zone 8 2801.082*** 1.937***    
   (255.653) (0.076)    
climate zone 9 1762.803*** 2.030***    
   (112.789) (0.074)    
climate zone 10 724.179*** 1.459***    
   (111.294) (0.074)    
climate zone 11 -181.445*** -0.544***    
   (61.256) (0.073)    
climate zone 12 58.766 -0.318***    
   (52.455) (0.070)    
climate zone 13 -58.329 -0.103    
   (60.281) (0.073)    
climate zone 14 1365.964*** 1.465***    
   (146.548) (0.085)    
climate zone 15 3272.361*** 1.773***    
   (584.755) (0.094)    
climate zone 16 269.675*** 0.681***    
   (80.530) (0.074)    
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(continued)      
    [4I]   [5I]   [6I]   [7I]   [8I] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

Monday -401.488*** -0.228*** -0.095*** 0.105*** 0.160*** 
   (103.182) (0.030) (0.027) (0.028) (0.030) 
Tuesday -522.744*** -0.205*** -0.053* 0.024 0.135*** 
   (95.135) (0.030) (0.029) (0.032) (0.032) 
Wednesday -509.947*** -0.191*** -0.051* -0.012 0.058* 
   (95.406) (0.030) (0.030) (0.034) (0.034) 
Thursday -506.756*** -0.193*** -0.050* 0.006 0.080** 
   (94.304) (0.030) (0.029) (0.032) (0.034) 
Friday -455.829*** -0.264*** -0.137*** -0.058* -0.002 
   (99.249) (0.031) (0.029) (0.032) (0.034) 
Saturday -175.983 -0.171*** -0.110*** -0.120*** -0.065** 
   (112.812) (0.032) (0.025) (0.027) (0.028) 
holiday 764.977 -0.271** -0.398*** -0.531*** -0.545*** 
   (565.328) (0.124) (0.110) (0.120) (0.137) 
R-squared 0.019 0.151 0.007 0.009 0.008 
AIC  2,143,407   479,490   452,476   311,559   237,612  
BIC  2,143,674   479,758   452,582   311,678   237,755  
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results for Table 4.12.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-13: Regression results - outage customer hours by heatwave day (June-Aug 2018-2020) 

    [4D]  [5D] [6D] [7D]  [8D] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

heatwave day  217.104** 0.060*** 0.170*** 0.049* -0.036 
  (95th percentile) (87.688) (0.021) (0.028) (0.029) (0.032) 
L1.heatwave day    0.188*** 0.178*** 
      (0.030) (0.031) 
L2.heatwave day     0.038 
       (0.030) 
wildfire/Red Flag Day 984.226*** 0.523*** 0.600*** 0.463*** 0.267*** 
   (120.377) (0.038) (0.062) (0.060) (0.068) 
L1.wildfire/Red Flag Day    0.243*** 0.202*** 
      (0.055) (0.062) 
L2.wildfire/Red Flag Day     0.069 
       (0.067) 
heatwave day # wildfire/Red Flag Day     0.514*** 
       (0.127) 
climate zone 2 14.922 -0.300***    
   (59.610) (0.074)    
climate zone 3 -58.764 -0.493***    
   (50.319) (0.073)    
climate zone 4 196.134** 0.027    
   (89.388) (0.077)    
climate zone 5 -129.453** -0.274***    
   (52.588) (0.084)    
climate zone 6 772.814*** 2.042***    
   (136.075) (0.098)    
climate zone 7 1376.121*** 1.972***    
   (171.507) (0.106)    
climate zone 8 2780.832*** 1.945***    
   (251.526) (0.076)    
climate zone 9 1731.727*** 2.033***    
   (112.198) (0.074)    
climate zone 10 700.792*** 1.467***    
   (108.122) (0.074)    
climate zone 11 -174.471*** -0.523***    
   (54.757) (0.072)    
climate zone 12 57.908 -0.302***    
   (49.366) (0.070)    
climate zone 13 -59.252 -0.072    
   (47.219) (0.072)    
climate zone 14 1355.421*** 1.494***    
   (141.862) (0.084)    
climate zone 15 3286.878*** 1.838***    
   (592.500) (0.092)    
climate zone 16 258.935*** 0.687***    
   (79.528) (0.074)    
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(continued)      
    [4D]  [5D] [6D] [7D]  [8D] 

 OLS log-level log-level fixed 
effects 

log-level fixed 
effects 

log-level fixed 
effects 

dependent variable: outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

Monday -431.993*** -0.242*** -0.109*** 0.094*** 0.144*** 
   (103.719) (0.030) (0.026) (0.028) (0.029) 
Tuesday -557.138*** -0.217*** -0.066** 0.006 0.116*** 
   (95.835) (0.030) (0.029) (0.032) (0.032) 
Wednesday -544.301*** -0.203*** -0.063** -0.022 0.045 
   (96.148) (0.030) (0.030) (0.033) (0.034) 
Thursday -535.400*** -0.205*** -0.062** -0.011 0.062* 
   (94.938) (0.030) (0.029) (0.031) (0.033) 
Friday -481.428*** -0.277*** -0.149*** -0.073** -0.018 
   (99.699) (0.030) (0.029) (0.032) (0.033) 
Saturday -208.511* -0.184*** -0.122*** -0.129*** -0.080*** 
   (113.090) (0.032) (0.024) (0.027) (0.028) 
holiday 791.217 -0.277** -0.404*** -0.534*** -0.544*** 
   (565.048) (0.124) (0.110) (0.120) (0.137) 
R-squared 0.019 0.151 0.008 0.010 0.011 
AIC 2,153,933 481,834 454,749 314,211 240,331 
BIC 2,154,201 482,102 454,855 314,331 240,475 
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results for Table 4.13.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-14: Regression results - ED visits by heatwave and outage day (May-Oct 2008-2017) 

    [1E]   [2E]   [3E]   [4E]   [5E] 
dependent variable: 
emergency department visits 

negative 
binomial Poisson Poisson fixed 

effects 
Poisson fixed 

effects 
Poisson fixed 

effects 
outage day 1.011 1.024*** 1.037** 1.025*** 1.040** 
 (0.017) (0.001) (0.016) (0.009) (0.017) 
L1.outage day    1.026**  
    (0.010)  
heatwave day  1.058*** 1.058*** 1.014*** 1.005** 1.014*** 
  (95th percentile) (0.005) (0.001) (0.004) (0.002) (0.004) 
L1.heatwave day    1.007***  
      (0.001)  
L2.heatwave day    1.012***  
      (0.002)  
wildfire day 1.048*** 1.112*** 1.003 0.998 1.004 
   (0.018) (0.002) (0.012) (0.007) (0.012) 
L1.wildfire day    1.001  
      (0.005)  
L2.wildfire day    1.004  
      (0.005)  
outage # heatwave day     0.979*** 
     (0.008) 
outage # wildfire day     0.993 
     (0.020) 
climate zone 2 1.407*** 1.581***    
   (0.017) (0.004)    
climate zone 3 3.191*** 4.166***    
   (0.038) (0.011)    
climate zone 4 2.220*** 4.101***    
   (0.028) (0.011)    
climate zone 5 2.457*** 2.576***    
   (0.031) (0.007)    
climate zone 6 2.504*** 2.666***    
   (0.035) (0.008)    
climate zone 7 3.008*** 7.315***    
   (0.043) (0.020)    
climate zone 8 3.091*** 3.764***    
   (0.036) (0.010)    
climate zone 9 3.003*** 2.956***    
   (0.035) (0.008)    
climate zone 10 3.516*** 4.354***    
   (0.041) (0.012)    
climate zone 11 2.441*** 2.717***    
   (0.029) (0.007)    
climate zone 12 2.957*** 3.887***    
   (0.034) (0.010)    
climate zone 13 3.622*** 5.026***    
   (0.043) (0.013)    
climate zone 14 3.027*** 3.519***    
   (0.038) (0.010)    
climate zone 15 2.646*** 2.759***    
   (0.033) (0.008)    
climate zone 16 0.523*** 0.521***    
   (0.006) (0.002)    
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(continued)      
    [1E]   [2E]   [3E]   [4E]   [5E] 

 negative 
binomial Poisson Poisson fixed 

effects 
Poisson fixed 

effects 
Poisson fixed 

effects 
weekend 0.994** 0.983*** 0.983*** 0.983*** 0.983*** 
   (0.002) (0.000) (0.002) (0.002) (0.002) 
holiday 1.048*** 1.016*** 1.017*** 1.017*** 1.017*** 
   (0.009) (0.001) (0.005) (0.005) (0.005) 
Pseudo R-squared 0.080 0.609 - - - 
AIC 4,038,740 27,593,987 3,343,621 3,342,348 3,343,579 
BIC 4,039,097 27,594,323 3,343,783 3,342,564 3,343,763 
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results of Table 5.3.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-15: Regression results - hospitalizations by heatwave and outage day (May-Oct 2008-2017) 

 [1H]   [2H]   [3H]   [4H]   [5H] 
dependent variable: 
hospital admissions 

negative 
binomial Poisson 

Poisson fixed 
effects 

Poisson fixed 
effects 

Poisson fixed 
effects 

outage day 1.048** 1.000 1.001 0.999 0.999 
 (0.025) (0.002) (0.005) (0.005) (0.006) 
L1.outage day    1.004  
    (0.004)  
heatwave day  1.059*** 1.060*** 1.013*** 1.006** 1.013*** 
  (95th percentile) (0.007) (0.001) (0.004) (0.003) (0.004) 
L1.heatwave day    1.004***  
      (0.001)  
L2.heatwave day    1.011***  
      (0.003)  
wildfire day 1.067*** 1.142*** 1.010 0.995 1.009 
   (0.026) (0.003) (0.009) (0.004) (0.009) 
L1.wildfire day    1.009**  
      (0.004)  
L2.wildfire day    1.009  
      (0.006)  
outage # heatwave day     1.021 
     (0.013) 
outage # wildfire day     0.994 
     (0.009) 
climate zone 2 2.035*** 2.415***    
   (0.036) (0.016)    
climate zone 3 4.606*** 6.605***    
   (0.082) (0.043)    
climate zone 4 4.290*** 8.053***    
   (0.080) (0.053)    
climate zone 5 3.691*** 3.894***    
   (0.071) (0.026)    
climate zone 6 5.106*** 5.464***    
   (0.101) (0.037)    
climate zone 7 6.237*** 20.285***    
   (0.133) (0.132)    
climate zone 8 5.221*** 6.869***    
   (0.091) (0.045)    
climate zone 9 6.065*** 6.409***    
   (0.107) (0.042)    
climate zone 10 5.485*** 7.175***    
   (0.096) (0.047)    
climate zone 11 3.889*** 4.497***    
   (0.070) (0.030)    
climate zone 12 4.514*** 6.821***    
   (0.078) (0.044)    
climate zone 13 5.001*** 9.199***    
   (0.091) (0.060)    
climate zone 14 3.900*** 4.897***    
   (0.074) (0.033)    
climate zone 15 4.201*** 4.438***    
   (0.079) (0.030)    
climate zone 16 0.473*** 0.472***    
   (0.008) (0.003)    
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(continued)      
 [1H]   [2H]   [3H]   [4H]   [5H] 
dependent variable: 
hospital admissions 

negative 
binomial Poisson 

Poisson fixed 
effects 

Poisson fixed 
effects 

Poisson fixed 
effects 

weekend 0.868*** 0.870*** 0.870*** 0.870*** 0.870*** 
   (0.003) (0.000) (0.003) (0.003) (0.003) 
holiday 0.786*** 0.780*** 0.782*** 0.782*** 0.782*** 
   (0.009) (0.002) (0.005) (0.005) (0.005) 
Pseudo R-squared 0.075 0.554 - - - 
AIC 3,487,850 15,563,696 2,400,528 2,400,311 2,400,518 
BIC 3,488,210 15,564,034 2,400,691 2,400,529 2,400,703 
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results of Table 5.4.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-16: Regression results - ED visits by outage customer hours (June-Aug 2018-2019) 

    [1E] [2E]   [3E]   [4E]  [5E]   
dependent variable: 
emergency department visits log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

1000 outage customer hours 1.008*** 1.027*** 1.011*** 1.000 1.000 
   (0.002) (0.007) (0.001) (0.000) (0.000) 
heatwave day  0.994 0.971 0.942 1.017*** 1.008** 
  (95th percentile) (0.024) (0.026) (0.047) (0.005) (0.003) 
L1.heatwave day     1.009*** 
       (0.002) 
L2.heatwave day     1.009*** 
       (0.002) 
wildfire day 1.302*** 1.148*** 1.308*** 0.985*** 0.986*** 
   (0.049) (0.043) (0.092) (0.004) (0.003) 
L1.wildfire day     1.003 
       (0.007) 
L2.wildfire day     0.990 
       (0.007) 
climate zone 2 1.415*** 2.068*** 2.337***   
   (0.043) (0.073) (0.087)   
climate zone 3 3.604*** 4.272*** 4.891***   
   (0.083) (0.101) (0.125)   
climate zone 4 3.665*** 6.421*** 8.001***   
   (0.203) (0.323) (0.377)   
climate zone 5 2.718*** 2.845*** 3.097***   
   (0.079) (0.080) (0.086)   
climate zone 6 2.044*** 2.350*** 2.649***   
   (0.153) (0.183) (0.189)   
climate zone 7 15.265*** 15.190*** 22.896***   
   (0.844) (0.681) (0.887)   
climate zone 8 2.283*** 3.234*** 3.325***   
   (0.104) (0.148) (0.195)   
climate zone 9 5.435*** 16.390*** 20.060***   
   (0.294) (1.162) (1.224)   
climate zone 10 4.529*** 5.116*** 5.616***   
   (0.128) (0.133) (0.146)   
climate zone 11 1.863*** 2.438*** 2.472***   
   (0.058) (0.071) (0.081)   
climate zone 12 3.233*** 4.066*** 5.326***   
   (0.073) (0.103) (0.157)   
climate zone 13 6.437*** 6.894*** 8.798***   
   (0.213) (0.213) (0.257)   
climate zone 14 3.732*** 3.998*** 4.430***   
   (0.145) (0.141) (0.162)   
climate zone 15 2.925*** 3.081*** 3.516***   
   (0.178) (0.107) (0.130)   
climate zone 16 0.670*** 0.715*** 0.741***   
   (0.021) (0.022) (0.025)   
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(continued)      
    [1E] [2E]   [3E]   [4E]  [5E]   

dependent variable: 
emergency department visits log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

weekend 1.030* 1.014 1.043 0.973*** 0.974*** 
   (0.018) (0.019) (0.034) (0.002) (0.002) 
holiday 1.064 1.054 1.114 0.939*** 0.940*** 
   (0.091) (0.099) (0.169) (0.004) (0.004) 
observations 11,793 11,839 11,839 11,819 11,819 
Pseudo R-squared - 0.050 0.379 - - 
AIC  29,073   147,263   2,878,403   89,029   88,970  
BIC  29,242   147,441   2,878,573   89,066   89,036  
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results of Table 5.6.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-17: Regression results - hospitalizations by outage customer hours (June-Aug 2018-2019) 

    [1H] [2H]   [3H]   [4H]  [5H]   
dependent variable: 
hospital admissions log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

1000 outage customer hours 1.008*** 1.032*** 1.010*** 1.000 1.000 
   (0.003) (0.007) (0.001) (0.000) (0.000) 
heatwave day  1.008 0.959 0.961 1.012** 0.994 
  (95th percentile) (0.035) (0.031) (0.051) (0.006) (0.012) 
L1.heatwave day     1.017*** 
       (0.006) 
L2.heatwave day     1.024*** 
       (0.007) 
wildfire day 1.646*** 1.267*** 1.359*** 0.991 0.997 
   (0.090) (0.059) (0.101) (0.006) (0.005) 
L1.wildfire day     0.970*** 
       (0.007) 
L2.wildfire day     1.011 
       (0.016) 
climate zone 2 1.519*** 2.815*** 3.313***   
   (0.088) (0.155) (0.186)   
climate zone 3 4.248*** 5.813*** 7.021***   
   (0.221) (0.251) (0.305)   
climate zone 4 3.666*** 8.913*** 11.718***   
   (0.329) (0.606) (0.753)   
climate zone 5 3.881*** 4.420*** 4.869***   
   (0.243) (0.215) (0.230)   
climate zone 6 0.962 2.479*** 2.742***   
   (0.101) (0.302) (0.326)   
climate zone 7 33.818*** 31.998*** 55.750***   
   (2.545) (1.928) (3.002)   
climate zone 8 3.714*** 5.394*** 5.823***   
   (0.233) (0.308) (0.387)   
climate zone 9 6.359*** 23.957*** 29.932***   
   (0.467) (1.897) (2.112)   
climate zone 10 3.849*** 6.568*** 7.288***   
   (0.253) (0.304) (0.326)   
climate zone 11 2.021*** 3.687*** 3.831***   
   (0.122) (0.184) (0.190)   
climate zone 12 4.046*** 5.962*** 8.533***   
   (0.205) (0.270) (0.405)   
climate zone 13 8.598*** 9.972*** 15.342***   
   (0.525) (0.511) (0.730)   
climate zone 14 3.855*** 4.433*** 5.087***   
   (0.269) (0.252) (0.288)   
climate zone 15 4.702*** 5.745*** 7.048***   
   (0.557) (0.358) (0.437)   
climate zone 16 0.245*** 0.463*** 0.465***   
   (0.021) (0.048) (0.047)   
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(continued)      
    [1H] [2H]   [3H]   [4H]  [5H]   

dependent variable: 
hospital admissions log-level negative 

binomial Poisson Poisson fixed 
effects 

Poisson fixed 
effects 

weekend 0.928*** 0.911*** 0.948 0.877*** 0.876*** 
   (0.024) (0.021) (0.034) (0.004) (0.004) 
holiday 1.105 1.087 1.184 0.956*** 0.958*** 
   (0.138) (0.120) (0.197) (0.007) (0.008) 
observations 12,684 12,904 12,904 12,884 12,602 
Pseudo R-squared 0.237 0.052 0.374 - - 
AIC 42,333 125,744 1153,462 74,678 72,974 
BIC 42,504 125,923 1153,633 74,715 73,041 
population yes yes yes yes yes 
year dummy yes yes yes yes yes 
Standard errors are in parentheses *** p<.01, ** p<.05, * p<.1 

Table notes: Full regression results of Table 5.7.  Baseline values are Sunday and Climate Zone 1 for variables day-of-week and climate zone 
respectively. 
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Table A-18: Regression results - ED visits by race/ethnicity group (May-Oct 2008-2017) 

    [1E.W]   [2E.W]   [3E.W] [1E.B]   [2E.B]   [3E.B] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits White White White Black Black Black 
outage day 1.102*** 0.992 0.991 1.126*** 1.025 1.024 
 (0.004) (0.013) (0.012) (0.004) (0.023) (0.022) 
L1.outage day   1.002   1.024 
   (0.009)   (0.023) 
heatwave day  1.066*** 1.020*** 1.007 1.075*** 1.008 1.005 
  (95th percentile) (0.001) (0.007) (0.005) (0.002) (0.008) (0.008) 
L1.heatwave day   1.010   0.989 
     (0.006)   (0.007) 
L2.heatwave day   1.020***   1.026*** 
     (0.005)   (0.009) 
wildfire day 0.981*** 0.949** 0.973 0.933*** 0.891** 0.930 
   (0.004) (0.022) (0.018) (0.004) (0.044) (0.042) 
L1.wildfire day   0.969*   0.918*** 
     (0.018)   (0.025) 
L2.wildfire day   0.988   1.018 
     (0.011)   (0.022) 
climate zone 2 1.377***   1.593***   
   (0.006)   (0.013)   
climate zone 3 2.135***   6.580***   
   (0.010)   (0.054)   
climate zone 4 2.397***   4.258***   
   (0.011)   (0.035)   
climate zone 5 1.612***   2.558***   
   (0.008)   (0.022)   
climate zone 6 1.949***   2.633***   
   (0.010)   (0.024)   
climate zone 7 4.724***   8.282***   
   (0.022)   (0.068)   
climate zone 8 2.007***   4.756***   
   (0.009)   (0.039)   
climate zone 9 1.503***   3.054***   
   (0.007)   (0.025)   
climate zone 10 2.517***   5.434***   
   (0.011)   (0.044)   
climate zone 11 2.573***   2.743***   
   (0.012)   (0.023)   
climate zone 12 2.647***   4.966***   
   (0.012)   (0.040)   
climate zone 13 2.733***   5.381***   
   (0.012)   (0.044)   
climate zone 14 2.204***   5.163***   
   (0.010)   (0.043)   
climate zone 15 1.596***   2.920***   
   (0.008)   (0.025)   
climate zone 16 0.508***   0.516***   
   (0.002)   (0.005)   
weekend 1.008*** 1.007** 1.007** 0.972*** 0.971*** 0.971*** 
   (0.001) (0.004) (0.004) (0.001) (0.004) (0.004) 
holiday 1.038*** 1.039*** 1.039*** 0.981*** 0.982 0.982 
   (0.002) (0.009) (0.009) (0.003) (0.016) (0.016) 
Pseudo R-squared 0.445 - - 0.434 - - 
AIC  8,894,414   3,659,864   3,659,397   8,306,443   4,535,634   4,535,236  
BIC  8,894,735   3,660,014   3,659,601   8,306,764   4,535,783   4,535,439  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1E.H]   [2E.H]   [3E.H] [1E.A]   [2E.A]   [3E.A] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits Hispanic Hispanic Hispanic Asian Asian Asian 
outage day 1.047*** 0.992 0.992 1.058*** 0.972 0.974 
 (0.003) (0.015) (0.014) (0.005) (0.037) (0.035) 
L1.outage day   0.999   0.972* 
   (0.014)   (0.016) 
heatwave day  1.043*** 1.014** 1.007 1.064*** 1.022** 1.017 
  (95th percentile) (0.001) (0.006) (0.006) (0.002) (0.010) (0.011) 
L1.heatwave day   1.004   1.014 
     (0.005)   (0.013) 
L2.heatwave day   1.012**   0.992 
     (0.005)   (0.013) 
wildfire day 0.990*** 0.936** 0.942** 0.980*** 0.955 0.868 
   (0.004) (0.028) (0.024) (0.005) (0.032) (0.079) 
L1.wildfire day   0.971*   1.053 
     (0.016)   (0.042) 
L2.wildfire day   1.020   1.106 
     (0.015)   (0.072) 
climate zone 2 2.114***   1.633***   
   (0.017)   (0.014)   
climate zone 3 6.945***   5.225***   
   (0.054)   (0.044)   
climate zone 4 7.678***   5.328***   
   (0.060)   (0.045)   
climate zone 5 5.342***   2.651***   
   (0.042)   (0.023)   
climate zone 6 3.867***   3.609***   
   (0.032)   (0.032)   
climate zone 7 12.687***   8.279***   
   (0.099)   (0.070)   
climate zone 8 7.519***   4.165***   
   (0.058)   (0.035)   
climate zone 9 6.534***   3.310***   
   (0.051)   (0.028)   
climate zone 10 8.393***   4.460***   
   (0.065)   (0.037)   
climate zone 11 3.097***   2.835***   
   (0.024)   (0.024)   
climate zone 12 5.808***   4.369***   
   (0.045)   (0.036)   
climate zone 13 10.792***   4.981***   
   (0.084)   (0.042)   
climate zone 14 5.508***   3.483***   
   (0.043)   (0.030)   
climate zone 15 6.167***   2.645***   
   (0.049)   (0.023)   
climate zone 16 0.570***   0.519***   
   (0.005)   (0.005)   
weekend 0.985*** 0.985*** 0.985*** 0.983*** 0.983*** 0.983*** 
   (0.001) (0.003) (0.003) (0.001) (0.005) (0.005) 
holiday 1.023*** 1.024** 1.024** 0.994* 0.995 0.995 
   (0.002) (0.011) (0.011) (0.003) (0.014) (0.015) 
Pseudo R-squared 0.535 - - 0.397 - - 
AIC        8,981,721          3,681,664          3,681,518          7,623,345         4,828,415         4,828,235  
BIC        8,982,042          3,681,813          3,681,721          7,623,666         4,828,565         4,828,438  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1E.N]   [2E.N]   [3E.N] [1E.O]   [2E.O]   [3E.O] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits Native Native Native Other Other Other 
outage day 1.092*** 1.004 1.004 1.097*** 1.000 1.001 
 (0.005) (0.031) (0.030) (0.005) (0.020) (0.020) 
L1.outage day   1.004   0.970 
   (0.031)   (0.027) 
heatwave day  1.072*** 1.029*** 1.023** 1.054*** 1.009 1.009 
  (95th percentile) (0.002) (0.011) (0.010) (0.002) (0.014) (0.014) 
L1.heatwave day   1.003   0.993 
     (0.014)   (0.009) 
L2.heatwave day   1.011   1.011 
     (0.011)   (0.010) 
wildfire day 1.027*** 0.990 0.909 0.974*** 0.944** 0.947 
   (0.005) (0.025) (0.063) (0.005) (0.026) (0.033) 
L1.wildfire day   1.074   0.928*** 
     (0.056)   (0.022) 
L2.wildfire day   1.064   1.083*** 
     (0.050)   (0.033) 
climate zone 2 1.367***   1.554***   
   (0.011)   (0.013)   
climate zone 3 3.449***   4.566***   
   (0.027)   (0.037)   
climate zone 4 3.360***   4.406***   
   (0.026)   (0.036)   
climate zone 5 2.157***   2.600***   
   (0.018)   (0.022)   
climate zone 6 2.166***   2.896***   
   (0.019)   (0.026)   
climate zone 7 6.034***   8.473***   
   (0.047)   (0.070)   
climate zone 8 3.036***   3.915***   
   (0.023)   (0.032)   
climate zone 9 2.421***   3.129***   
   (0.019)   (0.026)   
climate zone 10 3.555***   4.563***   
   (0.027)   (0.037)   
climate zone 11 2.279***   2.725***   
   (0.018)   (0.023)   
climate zone 12 3.198***   4.173***   
   (0.024)   (0.034)   
climate zone 13 4.046***   5.724***   
   (0.031)   (0.047)   
climate zone 14 2.970***   3.848***   
   (0.024)   (0.032)   
climate zone 15 2.202***   2.749***   
   (0.018)   (0.023)   
climate zone 16 0.455***   0.538***   
   (0.004)   (0.005)   
weekend 0.970*** 0.970*** 0.970*** 0.985*** 0.985*** 0.985*** 
   (0.001) (0.005) (0.005) (0.001) (0.004) (0.004) 
holiday 0.977*** 0.978 0.977 1.017*** 1.018 1.018 
   (0.003) (0.018) (0.018) (0.003) (0.015) (0.015) 
Pseudo R-squared 0.354 - - 0.397 - - 
AIC        7,531,153          5,164,095          5,163,718          7,673,960         4,805,957         4,805,703  
BIC        7,531,485          5,164,245          5,163,921          7,674,281         4,806,107         4,805,906  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
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Table A-19: Regression results - hospitalizations by race/ethnicity group (May-Oct 2008-2017) 

 [1H.W]   [2H.W]   [3H.W] [1H.B]   [2H.B]   [3H.B] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions White White White Black Black Black 
outage day 1.195*** 1.043* 1.042* 1.193*** 1.076** 1.075** 
 (0.006) (0.023) (0.022) (0.008) (0.031) (0.030) 
L1.outage day   1.003   1.028 
   (0.022)   (0.035) 
heatwave day  1.076*** 1.020** 1.014** 1.067*** 1.010 1.001 
  (95th percentile) (0.002) (0.008) (0.006) (0.003) (0.011) (0.013) 
L1.heatwave day   1.009   1.021** 
     (0.006)   (0.008) 
L2.heatwave day   1.003   0.990 
     (0.005)   (0.013) 
wildfire day 1.053*** 0.999 1.001 1.029*** 0.978 0.991 
   (0.006) (0.023) (0.051) (0.008) (0.033) (0.060) 
L1.wildfire day   0.997   0.972 
     (0.030)   (0.064) 
L2.wildfire day   0.997   1.010 
     (0.021)   (0.030) 
climate zone 2 2.202***   2.467***   
   (0.025)   (0.050)   
climate zone 3 3.994***   9.214***   
   (0.044)   (0.184)   
climate zone 4 5.198***   8.200***   
   (0.058)   (0.164)   
climate zone 5 2.744***   3.888***   
   (0.032)   (0.080)   
climate zone 6 4.091***   5.567***   
   (0.047)   (0.114)   
climate zone 7 14.414***   21.820***   
   (0.159)   (0.435)   
climate zone 8 4.235***   8.679***   
   (0.046)   (0.173)   
climate zone 9 3.699***   6.915***   
   (0.041)   (0.138)   
climate zone 10 4.793***   8.709***   
   (0.053)   (0.173)   
climate zone 11 4.336***   4.468***   
   (0.048)   (0.090)   
climate zone 12 5.162***   7.994***   
   (0.056)   (0.159)   
climate zone 13 5.961***   10.079***   
   (0.066)   (0.201)   
climate zone 14 3.535***   6.919***   
   (0.040)   (0.140)   
climate zone 15 3.075***   4.642***   
   (0.035)   (0.095)   
climate zone 16 0.441***   0.484***   
   (0.005)   (0.011)   
weekend 0.769*** 0.768*** 0.768*** 0.917*** 0.916*** 0.916*** 
   (0.001) (0.005) (0.005) (0.001) (0.010) (0.010) 
holiday 0.734*** 0.734*** 0.735*** 0.811*** 0.812*** 0.813*** 
   (0.003) (0.008) (0.008) (0.004) (0.013) (0.013) 
Pseudo R-squared 0.429 - - 0.406 - - 
AIC  5,262,861   1,916,089   1,916,076   3,796,988   2,084,507   2,084,462  
BIC  5,263,195   1,916,240   1,916,281   3,797,322   2,084,658   2,084,667  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1H.H]   [2H.H]   [3H.H] [1H.A]   [2H.A]   [3H.A] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions Hispanic Hispanic Hispanic Asian Asian Asian 
outage day 1.140*** 1.052 1.051 1.118*** 1.026 1.026 
 (0.006) (0.033) (0.032) (0.005) (0.023) (0.022) 
L1.outage day   1.025   1.013 
   (0.023)   (0.023) 
heatwave day 1.064*** 1.027*** 1.015** 1.051*** 1.009 1.003 
  (95th percentile) (0.002) (0.008) (0.007) (0.002) (0.015) (0.014) 
L1.heatwave day   1.019***   0.996 
     (0.007)   (0.009) 
L2.heatwave day   1.002   1.023** 
     (0.006)   (0.010) 
wildfire day 1.047*** 0.991 0.975 0.989** 0.960 0.962 
   (0.006) (0.021) (0.031) (0.005) (0.025) (0.030) 
L1.wildfire day   1.005   0.972 
     (0.022)   (0.029) 
L2.wildfire day   1.020*   1.026 
     (0.010)   (0.029) 
climate zone 2 2.899***   1.601***   
   (0.055)   (0.014)   
climate zone 3 9.423***   5.187***   
   (0.175)   (0.043)   
climate zone 4 12.280***   5.215***   
   (0.228)   (0.044)   
climate zone 5 6.897***   2.535***   
   (0.130)   (0.022)   
climate zone 6 7.364***   3.555***   
   (0.140)   (0.032)   
climate zone 7 31.096***   8.225***   
   (0.576)   (0.069)   
climate zone 8 11.688***   4.152***   
   (0.216)   (0.034)   
climate zone 9 11.832***   3.232***   
   (0.219)   (0.027)   
climate zone 10 12.433***   4.404***   
   (0.230)   (0.036)   
climate zone 11 4.657***   2.780***   
   (0.087)   (0.023)   
climate zone 12 9.261***   4.363***   
   (0.171)   (0.036)   
climate zone 13 17.467***   4.975***   
   (0.323)   (0.041)   
climate zone 14 7.213***   3.436***   
   (0.135)   (0.029)   
climate zone 15 8.497***   2.703***   
   (0.159)   (0.023)   
climate zone 16 0.544***   0.518***   
   (0.011)   (0.005)   
weekend 0.829*** 0.829*** 0.829*** 0.988*** 0.988*** 0.988*** 
   (0.001) (0.007) (0.008) (0.001) (0.004) (0.004) 
holiday 0.781*** 0.782*** 0.782*** 1.012*** 1.013 1.013 
   (0.003) (0.008) (0.008) (0.003) (0.012) (0.012) 
Pseudo R-squared 0.490 - - 0.393 - - 
AIC  4,484,609   1,930,581   1,930,495   7,623,345   4,828,415   4,828,235  
BIC  4,484,944   1,930,732   1,930,700   7,623,666   4,828,565   4,828,438  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1H.N]   [2H.N]   [3H.N] [1H.O]   [2H.O]   [3H.O] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions Native Native Native Other Other Other 
outage day 1.137*** 1.021 1.020 1.200*** 1.081 1.079 
 (0.009) (0.019) (0.020) (0.008) (0.055) (0.053) 
L1.outage day   1.083   1.038 
   (0.071)   (0.057) 
heatwave day  1.069*** 1.020 1.019 1.067*** 1.020* 1.012 
  (95th percentile) (0.003) (0.014) (0.013) (0.003) (0.011) (0.011) 
L1.heatwave day   0.995   1.015 
     (0.013)   (0.013) 
L2.heatwave day   1.011   0.998 
     (0.014)   (0.017) 
wildfire day 1.123*** 1.074** 1.088*** 1.028*** 0.979 0.970 
   (0.009) (0.033) (0.031) (0.008) (0.050) (0.084) 
L1.wildfire day   0.950   1.013 
     (0.060)   (0.067) 
L2.wildfire day   1.035   0.999 
     (0.052)   (0.020) 
climate zone 2 1.922***   2.365***   
   (0.036)   (0.048)   
climate zone 3 5.238***   7.195***   
   (0.095)   (0.143)   
climate zone 4 6.354***   8.718***   
   (0.116)   (0.174)   
climate zone 5 3.022***   4.049***   
   (0.057)   (0.083)   
climate zone 6 4.474***   6.015***   
   (0.085)   (0.123)   
climate zone 7 15.785***   22.437***   
   (0.288)   (0.447)   
climate zone 8 5.379***   7.178***   
   (0.098)   (0.142)   
climate zone 9 4.921***   6.925***   
   (0.090)   (0.138)   
climate zone 10 5.622***   7.559***   
   (0.102)   (0.150)   
climate zone 11 3.609***   4.510***   
   (0.066)   (0.091)   
climate zone 12 5.431***   7.112***   
   (0.098)   (0.141)   
climate zone 13 7.321***   9.336***   
   (0.133)   (0.186)   
climate zone 14 3.921***   5.320***   
   (0.073)   (0.108)   
climate zone 15 3.530***   4.442***   
   (0.066)   (0.090)   
climate zone 16 0.393***   0.501***   
   (0.008)   (0.011)   
weekend 0.979*** 0.978*** 0.978*** 0.946*** 0.946*** 0.945*** 
   (0.002) (0.005) (0.005) (0.001) (0.005) (0.005) 
holiday 0.821*** 0.822*** 0.822*** 0.825*** 0.826*** 0.826*** 
   (0.005) (0.017) (0.018) (0.005) (0.014) (0.014) 
Pseudo R-squared 0.345 - - 0.375 - - 
AIC  7,531,153   5,164,095   5,163,718   3,622,543   2,136,472   2,136,435  
BIC  7,531,485   5,164,245   5,163,921   3,622,878   2,136,623   2,136,640  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  

Table A-20: Regression results - ED visits by age group (May-Oct 2008-2017) 
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    [1E.1]   [2E.1]   [3E.1] [1E.2]   [2E.2]   [3E.2] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits age 0-4 age 0-4 age 0-4 age 5-34 age 5-34 age 5-34 
outage day 1.084*** 0.997 0.996 1.093*** 1.005 1.004 
 (0.004) (0.012) (0.012) (0.003) (0.008) (0.008) 
L1.outage day   0.992   0.987 
   (0.024)   (0.008) 
heatwave day  1.059*** 1.015** 1.005 1.063*** 1.017*** 1.007* 
  (95th percentile) (0.001) (0.007) (0.006) (0.001) (0.005) (0.004) 
L1.heatwave day   1.011**   1.005 
     (0.005)   (0.004) 
L2.heatwave day   1.012   1.019** 
     (0.009)   (0.008) 
wildfire day 1.052*** 1.006 1.028** 1.040*** 0.993 1.024** 
   (0.004) (0.010) (0.013) (0.003) (0.015) (0.010) 
L1.wildfire day   0.961   0.982 
     (0.027)   (0.015) 
L2.wildfire day   1.006   0.964*** 
     (0.023)   (0.012) 
climate zone 2 1.589***   1.427***   
   (0.011)   (0.007)   
climate zone 3 4.380***   3.929***   
   (0.029)   (0.020)   
climate zone 4 4.380***   3.920***   
   (0.029)   (0.020)   
climate zone 5 2.831***   2.512***   
   (0.019)   (0.013)   
climate zone 6 2.702***   2.377***   
   (0.019)   (0.013)   
climate zone 7 7.822***   6.978***   
   (0.052)   (0.036)   
climate zone 8 4.141***   3.617***   
   (0.027)   (0.018)   
climate zone 9 3.198***   2.826***   
   (0.021)   (0.014)   
climate zone 10 4.631***   4.256***   
   (0.030)   (0.022)   
climate zone 11 2.760***   2.579***   
   (0.018)   (0.013)   
climate zone 12 4.046***   3.704***   
   (0.026)   (0.019)   
climate zone 13 5.728***   5.041***   
   (0.038)   (0.026)   
climate zone 14 3.827***   3.549***   
   (0.026)   (0.018)   
climate zone 15 2.989***   2.632***   
   (0.020)   (0.014)   
climate zone 16 0.525***   0.480***   
   (0.004)   (0.003)   
weekend 1.011*** 1.010*** 1.010*** 0.989*** 0.989*** 0.989*** 
   (0.001) (0.003) (0.003) (0.001) (0.004) (0.004) 
holiday 1.042*** 1.043*** 1.043*** 1.015*** 1.016** 1.016** 
   (0.002) (0.012) (0.012) (0.002) (0.008) (0.008) 
Pseudo R-squared 0.512 - - 0.552 - - 
AIC  7,230,480   2,816,783   2,816,563   9,087,227   2,670,446   2,669,910  
BIC  7,230,802   2,816,932   2,816,766   9,087,548   2,670,596   2,670,113  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1E.3]   [2E.3]   [3E.3] [1E.4]   [2E.4]   [3E.4] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
emergency department visits age 35-64 age 35-64 age 35-64 age 65+ age 65+ age 65+ 
outage day 1.075*** 0.989 0.989 1.067*** 0.981 0.981 
 (0.003) (0.012) (0.013) (0.004) (0.025) (0.025) 
L1.outage day   0.991   0.987 
   (0.009)   (0.010) 
heatwave day  1.067*** 1.022*** 1.014*** 1.054*** 1.012* 1.006 
  (95th percentile) (0.001) (0.004) (0.004) (0.001) (0.006) (0.006) 
L1.heatwave day   1.003   0.998 
     (0.004)   (0.007) 
L2.heatwave day   1.016***   1.020** 
     (0.005)   (0.010) 
wildfire day 1.034*** 0.997 1.024 1.004 0.973* 1.000 
   (0.003) (0.013) (0.015) (0.004) (0.015) (0.012) 
L1.wildfire day   0.976   0.990 
     (0.025)   (0.017) 
L2.wildfire day   0.979   0.961*** 
     (0.013)   (0.014) 
climate zone 2 1.570***   1.668***   
   (0.008)   (0.010)   
climate zone 3 4.207***   4.058***   
   (0.022)   (0.025)   
climate zone 4 4.009***   3.934***   
   (0.021)   (0.024)   
climate zone 5 2.368***   2.467***   
   (0.013)   (0.016)   
climate zone 6 2.604***   2.968***   
   (0.015)   (0.020)   
climate zone 7 7.129***   7.333***   
   (0.038)   (0.045)   
climate zone 8 3.532***   3.568***   
   (0.019)   (0.022)   
climate zone 9 2.792***   2.906***   
   (0.015)   (0.018)   
climate zone 10 4.174***   4.028***   
   (0.022)   (0.024)   
climate zone 11 2.634***   2.745***   
   (0.014)   (0.017)   
climate zone 12 3.790***   3.754***   
   (0.020)   (0.023)   
climate zone 13 4.617***   4.505***   
   (0.024)   (0.027)   
climate zone 14 3.379***   3.169***   
   (0.018)   (0.020)   
climate zone 15 2.623***   2.736***   
   (0.014)   (0.017)   
climate zone 16 0.515***   0.553***   
   (0.003)   (0.004)   
weekend 0.970*** 0.970*** 0.970*** 0.978*** 0.977*** 0.977*** 
   (0.001) (0.003) (0.003) (0.001) (0.003) (0.003) 
holiday 1.008*** 1.009 1.009 1.008*** 1.008 1.008 
   (0.002) (0.008) (0.008) (0.002) (0.013) (0.013) 
Pseudo R-squared 0.553 - - 0.512 - - 
AIC  8,710,050   2,681,608   2,681,295   7,258,541   2,815,098   2,814,796  
BIC  8,710,371   2,681,758   2,681,499   7,258,862   2,815,248   2,815,000  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
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Table A-21: Regression results - hospitalizations by age group (May-Oct 2008-2017) 

    [1H.1]   [2H.1]   [3H.1] [1H.2]   [2H.2]   [3H.2] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions age 0-4 age 0-4 age 0-4 age 5-34 age 5-34 age 5-34 
outage day 1.149*** 1.028** 1.027** 1.128*** 1.010 1.009 
 (0.006) (0.013) (0.012) (0.006) (0.006) (0.006) 
L1.outage day   0.997   1.007 
   (0.004)   (0.005) 
heatwave day  1.066*** 1.018*** 1.008** 1.071*** 1.019*** 1.010** 
  (95th percentile) (0.002) (0.005) (0.004) (0.002) (0.005) (0.004) 
L1.heatwave day   1.007**   1.005* 
     (0.003)   (0.003) 
L2.heatwave day   1.017***   1.018*** 
     (0.005)   (0.004) 
wildfire day 1.056*** 1.013 1.001 1.052*** 1.005 0.988 
   (0.006) (0.010) (0.009) (0.006) (0.008) (0.007) 
L1.wildfire day   1.040**   1.030* 
     (0.020)   (0.016) 
L2.wildfire day   0.972   0.991 
     (0.018)   (0.012) 
climate zone 2 2.035***   2.047***   
   (0.029)   (0.028)   
climate zone 3 6.024***   6.213***   
   (0.084)   (0.084)   
climate zone 4 7.511***   7.449***   
   (0.105)   (0.101)   
climate zone 5 3.555***   3.594***   
   (0.051)   (0.050)   
climate zone 6 5.041***   4.862***   
   (0.073)   (0.068)   
climate zone 7 18.317***   19.039***   
   (0.255)   (0.257)   
climate zone 8 6.071***   6.311***   
   (0.084)   (0.085)   
climate zone 9 5.632***   5.785***   
   (0.078)   (0.078)   
climate zone 10 6.401***   6.891***   
   (0.089)   (0.093)   
climate zone 11 3.864***   3.942***   
   (0.054)   (0.054)   
climate zone 12 6.101***   6.311***   
   (0.085)   (0.085)   
climate zone 13 8.712***   8.996***   
   (0.121)   (0.121)   
climate zone 14 4.461***   4.652***   
   (0.063)   (0.064)   
climate zone 15 3.954***   4.004***   
   (0.056)   (0.055)   
climate zone 16 0.386***   0.415***   
   (0.006)   (0.006)   
weekend 0.920*** 0.919*** 0.919*** 0.889*** 0.889*** 0.889*** 
   (0.001) (0.003) (0.003) (0.001) (0.005) (0.005) 
holiday 0.798*** 0.799*** 0.799*** 0.788*** 0.789*** 0.789*** 
   (0.003) (0.004) (0.005) (0.003) (0.007) (0.007) 
Pseudo R-squared 0.478 - - 0.494 - - 
AIC  4,145,610   1,475,177   1,475,077   4,402,860   1,476,951   1,476,846  
BIC  4,145,945   1,475,328   1,475,282   4,403,195   1,477,102   1,477,051  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
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(continued)       
    [1H.3]   [2H.3]   [3H.3] [1H.4]   [2H.4]   [3H.4] 
dependent variable: Poisson Poisson FE Poisson FE Poisson Poisson FE Poisson FE 
hospital admissions age 35-64 age 35-64 age 35-64 age 65+ age 65+ age 65+ 
outage day 1.125*** 1.014* 1.013* 1.126*** 1.016*** 1.015*** 
 (0.005) (0.007) (0.007) (0.006) (0.004) (0.004) 
L1.outage day   1.006*   1.004 
   (0.004)   (0.006) 
heatwave day  1.068*** 1.018*** 1.011*** 1.057*** 1.012*** 1.005* 
  (95th percentile) (0.002) (0.005) (0.003) (0.002) (0.004) (0.003) 
L1.heatwave day   1.006**   1.004 
     (0.003)   (0.003) 
L2.heatwave day   1.011***   1.010** 
     (0.004)   (0.005) 
wildfire day 1.048*** 0.994 0.998 1.050*** 1.001 0.989 
   (0.006) (0.006) (0.009) (0.006) (0.005) (0.008) 
L1.wildfire day   1.004   1.025* 
     (0.007)   (0.013) 
L2.wildfire day   0.986   0.989 
     (0.009)   (0.008) 
climate zone 2 2.457***   2.766***   
   (0.034)   (0.038)   
climate zone 3 6.902***   6.914***   
   (0.093)   (0.094)   
climate zone 4 8.357***   8.264***   
   (0.113)   (0.113)   
climate zone 5 3.837***   4.157***   
   (0.053)   (0.058)   
climate zone 6 5.752***   6.473***   
   (0.080)   (0.090)   
climate zone 7 21.215***   21.079***   
   (0.286)   (0.287)   
climate zone 8 7.319***   7.292***   
   (0.098)   (0.099)   
climate zone 9 6.584***   7.144***   
   (0.089)   (0.097)   
climate zone 10 7.536***   7.092***   
   (0.101)   (0.096)   
climate zone 11 4.596***   5.009***   
   (0.062)   (0.069)   
climate zone 12 7.167***   7.115***   
   (0.096)   (0.096)   
climate zone 13 9.401***   8.849***   
   (0.127)   (0.120)   
climate zone 14 5.320***   5.055***   
   (0.073)   (0.070)   
climate zone 15 4.417***   4.949***   
   (0.061)   (0.069)   
climate zone 16 0.529***   0.538***   
   (0.008)   (0.008)   
weekend 0.827*** 0.827*** 0.827*** 0.850*** 0.849*** 0.849*** 
   (0.001) (0.005) (0.006) (0.001) (0.004) (0.005) 
holiday 0.751*** 0.752*** 0.752*** 0.771*** 0.772*** 0.772*** 
   (0.003) (0.006) (0.006) (0.003) (0.007) (0.007) 
Pseudo R-squared 0.507 - - 0.490 - - 
AIC  4,738,849   1,505,428   1,505,378   4,559,954   1,523,378   1,523,338  
BIC  4,739,183   1,505,579   1,505,583   4,560,288   1,523,529   1,523,543  
population yes yes yes yes yes yes 
year dummy yes yes yes yes yes yes 
Standard errors are in parentheses   *** p<.01, ** p<.05, * p<.1  
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Pooled estimates tables 

Table A-22: Pooled estimates of outage likelihood and duration (May-Oct 2008-2017) 

    [1D]  [2D] [3D] [4D]  [5D] [6D] [7D]  [8D] 

 logit logit fixed 
effects 

logit fixed 
effects OLS log-level log-level fixed 

effects 
log-level fixed 

effects 
log-level fixed 

effects 

dependent variable: outage days outage days outage days outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

log outage 
customer hours 

heatwave day (L0) 2.277 2.238 1.830 217.104 0.060 0.170 0.049 -0.036 
wildfire/Red Flag Day (L0) 1.385 1.209 0.995 984.226 0.523 0.600 0.463 0.267 
heatwave wildfire/Red Flag Day (L0) 3.154 2.706 2.382 1,201.330 0.583 0.770 0.512 0.745 
heatwave event   2.494    0.237 0.180 
wildfire/Red Flag Day event   1.176    0.706 0.538 
heatwave wildfire/Red Flag Day event   3.837    0.943 1.232 

Table notes: Pooled estimates of outage likelihood and duration are based on coefficients in Table 4.11 and Table 4.13. 

Examples: 

Logit fixed effects [3D]: The odds of an outage day on a heatwave (95th percentile) non-wildfire day is, on average, 1.84 times (84 percent higher odds) that of an outage day on a non-heatwave non-
wildfire/Red Flag Day (holding lag days constant), ceteris paribus.  The odds of an outage day on a wildfire/Red Flag non-heatwave day is, on average 0.995 times (0.5 percent lower odds) that of a 
non-wildfire/Red Flag non-heatwave day (holding lag days constant), ceteris paribus.  The odds of an outage day on a compound heatwave wildfire/Red Flag Day is, on average, 2.38 times (138 percent 
higher odds) that of an outage on a non-heatwave non-wildfire/Red Flag Day (holding lag days constant), ceteris paribus.  The odds of an outage during a heatwave non-wildfire/Red Flag event is, on 
average, 2.49 times (149 percent higher odds) that of an outage on a non-heatwave non-wildfire/Red Flag event, ceteris paribus.  The odds of an outage during a wildfire/Red Flag non-heatwave event 
is, on average, 1.18 times (18 percent higher odds) that of an outage on a non-heatwave non-wildfire/Red Flag event, ceteris paribus.  The odds of an outage during a compound heatwave wildfire/Red 
Flag event is, on average, 3.84 times (284 percent higher odds) that of an outage on a non-heatwave non-wildfire/Red Flag event, ceteris paribus. 

OLS [4D]: A heatwave day (95th percentile) is associated with, on average, 217 more outage customer hours, ceteris paribus.  A wildfire/Red Flag Day is associated with, on average, 984 more outage 
customer hours, ceteris paribus.  A compound heatwave wildfire/Red Flag Day is associated with, on average, 1,201 more outage customer hours, ceteris paribus. 

Log-level fixed effects [7D]: A heatwave day is associated with, on average, 4.9 percent more outage customer hours than on non-heatwave days (holding lag days constant), ceteris paribus.  A 
wildfire/Red Flag Day is associated with, on average, 46.3 percent more outage customer hours than on non-wildfire/Red Flag Days (holding lag days constant), ceteris paribus.  A compound heatwave 
wildfire/Red Flag Day is associated with, on average, 51.2 percent more outage customer hours than on non-heatwave non-wildfire Red Flag Days (holding lag days constant), ceteris paribus.  A 
heatwave event is associated with, on average, 23.7 percent more outage customer hours, ceteris paribus.  A wildfire/Red Flag event is associated with, on average, 70.6 percent more outage customer 
hours, ceteris paribus.  A compound heatwave wildfire/Red Flag event is associated with, on average, 94.3 percent more outage customer hours, ceteris paribus. 
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Table A-23: Pooled relative risk estimates of ED visits and hospitalizations (May-Oct 2008-2017) 

 [1E]   [2E]   [3E]   [4E]   [5E] 
dependent variable: 
emergency department visits negative binomial Poisson Poisson fixed 

effects 
Poisson fixed 

effects 
Poisson fixed 

effects 
outage event    1.052  
heatwave event    1.024  
wildfire event    1.003  
heatwave wildfire event    1.027  
heatwave outage day (L0) 1.070 1.083 1.052 1.030 1.032 
wildfire outage day (L0) 1.060 1.139 1.040 1.023 1.037 
heatwave wildfire outage day (L0) 1.121 1.205 1.055 1.028 1.029 
heatwave outage event    1.077  
wildfire outage event    1.055  
heatwave wildfire outage event    1.080  
      
 [1H]   [2H]   [3H]   [4H]   [5H] 
dependent variable: 
hospital admissions negative binomial Poisson 

Poisson fixed 
effects 

Poisson fixed 
effects 

Poisson fixed 
effects 

outage event    1.003  
heatwave event    1.021  
wildfire event    1.013  
heatwave wildfire event     1.034  
heatwave outage day (L0) 1.110 1.060 1.014 1.005 1.033 
wildfire outage day (L0) 1.118 1.142 1.011 0.994 1.002 
heatwave wildfire outage day (L0) 1.184 1.211 1.024 1.000 1.036 
heatwave outage event    1.024  
wildfire outage event    1.016  
heatwave wildfire outage event    1.037  

Table notes: Pooled relative risk estimates of ED visits and hospitalizations by hazard and outage events, based on coefficients in Table 5.3 and 
Table 5.4. 

Example: 

Coefficients for [4H]: The relative risk of hospitalizations are, on average, 1.003 times more likely (0.3 percent higher) during outage events 
versus non-outage events, 1.021 times more likely (2.1 percent higher) during heatwave events versus non-heatwave events, 1.013 times more 
likely (1.3 percent higher) during wildfire events versus non-wildfire events, and 1.034 times more likely (3.4 percent higher) during compound 
heatwave wildfire events versus non-heatwave non-wildfire events, ceteris paribus.  The relative risk of hospitalizations are, on average, 1.005 
times more likely (0.5 percent higher) on joint heatwave outage days versus non-heatwave non-outage days, 0.994 times less likely (0.6 percent 
lower) on joint wildfire outage days versus non-wildfire non-outage days, and 1.000 times more likely (0.0 percent higher) on compound 
heatwave wildfire outage days versus non-heatwave non-wildfire non-outage days (holding constant lag variables), ceteris paribus.  The relative 
risk of hospitalizations are, on average, 1.024 times more likely (2.4 percent higher) during joint heatwave outage events versus non-heatwave 
non-outage events, 1.016 times more likely (1.6 percent higher) during joint wildfire outage events versus non-wildfire non-outage events, and 
1.037 times more likely (3.7 percent higher) during compound heatwave wildfire outage events versus non-heatwave non-wildfire non-outage 
events, ceteris paribus. 
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Table A-24: Pooled relative risk estimates of ED visits and hospitalizations by race group (May-Oct 2008-2017) 

   [3E.W]   [3E.B]   [3E.H]   [3E.A]   [3E.N]   [3E.O] 
dependent variable: 
emergency department visits White Black Hispanic Asian Native Other 

outage event 0.993 1.049 0.991 0.947 1.025 0.971 
heatwave event 1.037 1.020 1.023 1.023 1.011 1.013 
wildfire event 0.932 0.869 0.933 1.011 0.877 0.952 
heatwave wildfire event 0.966 0.886 0.955 1.034 0.886 0.964 
heatwave outage day (L0) 0.998 1.029 0.999 0.991 0.955 1.010 
wildfire outage day (L0) 0.964 0.952 0.934 0.845 0.880 0.948 
heatwave wildfire outage day (L0) 0.971 0.957 0.941 0.837 0.872 0.956 
heatwave outage event 1.030 1.069 1.014 0.968 1.036 0.984 
wildfire outage event 0.925 0.911 0.925 0.957 0.898 0.924 
heatwave wildfire outage event 0.960 0.929 0.946 0.979 0.908 0.936 
       
   [3H.W]   [3H.B]   [3H.H]   [3H.A]   [3H.N]   [3H.O] 
dependent variable: 
hospital admissions White Black Hispanic Asian Native Other 

outage event 1.045 1.105 1.077 1.039 1.025 1.120 
heatwave event 1.026 1.012 1.036 1.022 1.011 1.025 
wildfire event 0.995 0.973 0.999 0.959 0.877 0.982 
heatwave wildfire event  1.021 0.984 1.036 0.980 0.886 1.006 
heatwave outage day (L0) 1.057 1.076 1.067 1.029 0.955 1.092 
wildfire outage day (L0) 1.043 1.065 1.025 0.987 0.880 1.047 
heatwave wildfire outage day (L0) 1.058 1.066 1.040 0.990 0.872 1.059 
heatwave outage event 1.073 1.118 1.116 1.062 1.036 1.148 
wildfire outage event 1.040 1.075 1.077 0.997 0.898 1.099 
heatwave wildfire outage event 1.067 1.088 1.116 1.019 0.908 1.127 

Table notes: Pooled relative risk estimates of ED visits and hospitalizations by hazard and outage events, based on [3E] and [3H] coefficients in 
Table 5.10 and Table 5.11.  Numbers in bold are the race/ethnicity group with the highest relative risk of all race/ethincity groups per hazard 
event.  Highlighted cells have a higher relative risk than White individuals.  

Example: 

Coefficients for [3H.B]: For Black individuals, the relative risk of hospitalizations are, on average, 1.105 times more likely (10.5 percent higher) 
during outage events versus non-outage events, 1.012 times more likely (1.2 percent higher) during heatwave events versus non-heatwave events, 
0.973 times less likely (1.6 percent lower) during wildfire events versus non-wildfire events, and 0.984 times less likely (4.5 percent lower) 
during compound heatwave wildfire events versus non-heatwave non-wildfire events, ceteris paribus.  For Black individuals, the relative risk of 
hospitalizations are, on average, 1.076 times more likely (7.6 percent higher) on joint heatwave outage days versus non-heatwave non-outage 
days, 1.065 times more likely (6.5 percent higher) on joint wildfire outage days versus non-wildfire non-outage days, and 1.066 times more likely 
(6.6 percent higher) on compound heatwave wildfire outage days versus non-heatwave non-wildfire non-outage days (holding lag days constant), 
ceteris paribus.  For Black individuals, the relative risk of hospitalizations are, on average, 1.118 times more likely (11.8 percent higher) during 
joint heatwave outage events versus non-heatwave non-outage events, 1.075 times more likely (7.5 percent higher) during joint wildfire outage 
events versus non-wildfire non-outage events, and 1.088 times more likely (8.8 percent higher) during compound heatwave wildfire outage 
events versus non-heatwave non-wildfire non-outage events, ceteris paribus.  
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Table A-25: Pooled relative risk estimates of ED visits and hospitalizations by age group (May-Oct 2008-2017) 

   [3E.1]   [3E.2]   [3E.3]   [3E.4] 
dependent variable: 
emergency department visits age 0-4 age 5-34 age 35-64 age 65+ 

outage event 0.988 0.991 0.980 0.968 
heatwave event 1.028 1.031 1.033 1.024 
wildfire event 0.994 0.969 0.978 0.951 
heatwave wildfire event 1.022 1.000 1.011 0.974 
heatwave outage day (L0) 1.001 1.011 1.003 0.987 
wildfire outage day (L0) 1.024 1.028 1.013 0.981 
heatwave wildfire outage day (L0) 1.029 1.035 1.027 0.987 
heatwave outage event 1.016 1.022 1.013 0.992 
wildfire outage event 0.982 0.961 0.959 0.921 
heatwave wildfire outage event 1.010 0.991 0.991 0.943 
     
 [3H.1] [3H.2] [3H.3] [3H.4] 
dependent variable: 
hospital admissions age 0-4 age 5-34 age 35-64 age 65+ 

outage event 1.024 1.016 1.019 1.019 
heatwave event 1.032 1.033 1.028 1.019 
wildfire event 1.012 1.008 0.988 1.003 
heatwave wildfire event 1.045 1.042 1.016 1.022 
heatwave outage day (L0) 1.035 1.019 1.024 1.020 
wildfire outage day (L0) 1.028 0.997 1.011 1.004 
heatwave wildfire outage day (L0) 1.036 1.007 1.022 1.009 
heatwave outage event 1.057 1.050 1.048 1.039 
wildfire outage event 1.036 1.025 1.007 1.022 
heatwave wildfire outage event 1.070 1.059 1.035 1.041 

Table notes: Pooled relative risk estimates of ED visits and hospitalizations by hazard and outage events, based on [3E] and [3H] coefficients in 
Table 5.13 and Table 5.14.  Numbers in bold are the age group with the highest relative risk of all age groups per hazard event. 

Example: 

Coefficients for [3H.1]: For the 0-4 age group, the relative risk of hospitalizations are, on average, 1.024 times more likely (2.4 percent higher) 
during outage events versus non-outage events, 1.032 times more likely (3.2 percent higher) during heatwave events versus non-heatwave events, 
1.012 times more likely (1.2 percent higher) during wildfire events versus non-wildfire events, and 1.045 times more likely (4.5 percent higher) 
during compound heatwave wildfire events versus non-heatwave non-wildfire events, ceteris paribus.  For the 0-4 age group, the relative risk of 
hospitalizations are, on average, 1.035 times more likely (3.5 percent higher) on joint heatwave outage days versus non-heatwave non-outage 
days, 1.028 times more likely (2.8 percent higher) on joint wildfire outage days versus non-wildfire non-outage days, and 1.036 times more likely 
(3.6 percent higher) on compound heatwave wildfire outage days versus non-heatwave non-wildfire non-outage days (holding lag days constant), 
ceteris paribus.  For the 0-4 age group, the relative risk of hospitalizations are, on average, 1.057 times more likely (5.7 percent higher) during 
joint heatwave outage events versus non-heatwave non-outage events, 1.036 times more likely (3.6 percent higher) during joint wildfire outage 
events versus non-wildfire non-outage events, and 1.070 times more likely (7.0 percent higher) during compound heatwave wildfire outage 
events versus non-heatwave non-wildfire non-outage events, ceteris paribus.
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Table A-26: Pooled relative risk estimates of ED visits by ICD group (May-Oct 2008-2017) 

 [1E] [2E] [3E] [4E] [5E] [6E] [7E] [8E] [9E] [10E] [11E] 

dependent variable:  
emergency department visits 

Intestinal 
infectious 
diseases 

Bacterial 
foodborne 

intoxication 

Other 
bacterial 
diseases 

Streptococcal 
sepsis 

Diabetes 
mellitus 

Volume 
depletion 

Other 
disorders 

fluid 
electrolyte 

Cerebral 
ischemic 
attacks 

Cardiovascular 
disease 

Acute 
rheumatic 

fever 

Chronic 
rheumatic 

heart diseases 

outage event 0.968 1.073 1.074 1.072 0.986 0.960 0.999 1.028 0.991 0.895 1.219 
heatwave event 1.002 1.037 1.021 1.115 1.062 1.382 1.172 1.017 1.049 0.986 0.989 
wildfire event 0.968 1.052 0.955 0.991 0.967 0.980 1.040 0.956 0.939 0.966 1.000 
heatwave wildfire event 0.970 1.091 0.975 1.105 1.027 1.354 1.218 0.972 0.985 0.952 0.989 
heatwave outage day (L0) 0.980 1.066 1.028 1.061 1.018 1.084 1.054 1.027 1.014 0.959 1.053 
wildfire outage day (L0) 0.974 1.113 1.066 1.080 0.991 0.980 1.015 0.924 0.976 0.465 1.107 
heatwave wildfire outage day (L0) 0.967 1.143 1.079 1.132 1.015 1.081 1.068 0.942 0.995 0.455 1.082 
heatwave outage event 0.970 1.113 1.096 1.195 1.047 1.327 1.171 1.046 1.039 0.882 1.205 
wildfire outage event 0.938 1.130 1.026 1.062 0.954 0.941 1.038 0.983 0.931 0.864 1.220 
heatwave wildfire outage event 0.939 1.171 1.048 1.184 1.013 1.301 1.217 0.999 0.976 0.852 1.206 

 

(continued)            
 [12E] [13E] [14E] [15E] [16E] [17E] [18E] [19E] [20E] [21E] [22E] 

dependent variable:  
emergency department visits 

Hypertensive 
diseases 

Ischemic 
heart diseases 

Other forms  
heart disease 

Heart failure 
Cerebrovascular 

diseases 

Other 
circulatory 

system 

Complication 
respirator 

Renal tubulo-
interstitial 
diseases 

Chronic 
kidney disease 

Acute kidney 
failure 

Other kidney 
disorders 

outage event 0.989 1.005 0.997 1.008 1.041 1.054 1.031 1.018 1.003 1.077 1.019 
heatwave event 1.046 1.060 1.062 1.066 1.043 1.194 1.013 1.094 1.104 1.331 1.166 
wildfire event 0.941 0.891 0.940 0.950 0.890 0.975 1.038 0.996 0.900 1.056 1.007 
heatwave wildfire event 0.984 0.945 0.998 1.013 0.928 1.164 1.051 1.089 0.994 1.406 1.174 
heatwave outage day (L0) 1.012 1.022 1.022 1.029 1.035 1.078 0.967 1.036 1.042 1.137 1.072 
wildfire outage day (L0) 0.976 0.962 0.987 0.999 0.983 1.003 0.962 1.013 0.958 1.092 1.041 
heatwave wildfire outage day (L0) 0.994 0.983 1.011 1.027 1.005 1.070 0.939 1.041 0.993 1.190 1.099 
heatwave outage event 1.034 1.065 1.059 1.075 1.086 1.259 1.044 1.113 1.108 1.434 1.189 
wildfire outage event 0.931 0.896 0.937 0.958 0.927 1.028 1.069 1.014 0.903 1.138 1.026 
heatwave wildfire outage event 0.973 0.949 0.995 1.021 0.966 1.227 1.083 1.109 0.997 1.515 1.197 
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(continued)            
 [23E] [24E] [25E] [26E] [27E] [28E] [29E] [30E] [31E] [32E] [33E] 
dependent variable:  
emergency department visits 

Other diseases 
urinary system Cystitis 

Abnormalities 
heart beat 

Substances in 
blood 

Injuries all Injuries head Injuries neck Injuries body Carbon 
monoxide 

Heat and light Electrocution1 

outage event 0.999 0.958 1.010 1.022 0.982 0.983 1.019 0.911 0.813 1.483 1.188 
heatwave event 1.075 1.054 1.010 1.127 1.026 1.019 1.012 1.249 1.236 7.594 1.193 
wildfire event 1.051 1.150 0.963 1.269 1.032 1.015 1.074 1.003 0.837 1.047 1.039 
heatwave wildfire event 1.129 1.212 0.973 1.430 1.059 1.034 1.087 1.253 1.034 7.949 1.240 
heatwave outage day (L0) 1.027 0.999 1.019 1.052 1.000 0.997 1.010 0.998 1.038 2.322 1.202 
wildfire outage day (L0) 1.015 1.014 1.016 1.096 1.008 1.000 1.037 0.919 0.903 1.170 1.203 
heatwave wildfire outage day (L0) 1.042 1.038 1.025 1.159 1.014 1.005 1.038 0.970 1.102 2.276 1.324 
heatwave outage event 1.074 1.010 1.020 1.151 1.008 1.002 1.031 1.138 1.004 11.262 1.418 
wildfire outage event 1.050 1.102 0.973 1.297 1.014 0.998 1.094 0.914 0.680 1.552 1.235 
heatwave wildfire outage event 1.128 1.162 0.982 1.462 1.040 1.017 1.107 1.142 0.841 11.788 1.473 

 

(continued)            
 [34E] [35E] [36E] [37E] [38E] [39E] [40E] [41E] [42E] [43E] [44E] 

dependent variable:  
emergency department visits 

Medical 
devices 

External 
causes 

Accidents all Accidents 
transportation 

Accidents 
falls 

Electrocution2 Heat illness Occupational 
hazard 

Socioeconomic 
housing 

Socioeconomic 
hazard 

Enabling 
machines 
devices 

outage event 0.994 1.019 1.021 1.037 1.019 0.929 1.437 0.931 1.032 1.090 1.023 
heatwave event 1.075 1.032 1.031 0.987 0.979 1.457 8.343 1.006 1.106 0.982 1.088 
wildfire event 1.025 1.017 1.019 1.018 1.007 0.661 0.991 1.112 0.933 1.146 0.961 
heatwave wildfire event 1.102 1.050 1.051 1.005 0.986 0.963 8.271 1.118 1.032 1.125 1.046 
heatwave outage day (L0) 1.033 1.018 1.019 1.016 1.002 1.022 2.365 0.987 1.048 1.024 1.042 
wildfire outage day (L0) 0.960 1.020 1.023 1.041 1.014 0.847 1.093 0.990 0.962 1.122 0.957 
heatwave wildfire outage day (L0) 0.983 1.028 1.030 1.038 1.005 0.927 2.200 1.005 0.996 1.093 0.985 
heatwave outage event 1.068 1.052 1.053 1.024 0.998 1.354 11.989 0.936 1.142 1.070 1.114 
wildfire outage event 1.019 1.036 1.041 1.056 1.026 0.614 1.425 1.035 0.963 1.249 0.983 
heatwave wildfire outage event 1.095 1.070 1.073 1.042 1.005 0.895 11.886 1.041 1.065 1.226 1.070 

Table notes: Relative risk estimates of ED visits by hazard and outage events, based on coefficients in Table 5.17.  Example: 

Coefficients for [44E]: For ED visits, the relative risk of patients with `enabling machines devices’ are, on average, 1.023 times more likely (2.3 percent higher) during outage events versus non-outage events, 1.088 times 
more likely (8.8 percent higher) during heatwave events versus non-heatwave events, 0.961 times less likely (3.9 percent lower) during wildfire events versus non-wildfire events, and 1.046 times more likely (4.6 percent 
higher) during compound heatwave wildfire events versus non-heatwave non-wildfire events, ceteris paribus.  The relative risk of ED visits are, on average, 1.042 times more likely (4.2 percent higher) on joint heatwave 
outage days versus non-heatwave non-outage days, 0.957 times less likely (4.3 percent lower) on joint wildfire outage days versus non-wildfire non-outage days, and 0.985 times less likely (1.5 percent lower) on compound 
heatwave wildfire outage days versus non-heatwave non-wildfire non-outage days (holding lag days constant), ceteris paribus.  The relative risk of ED visits are, on average, 1.114 times more likely (11.4 percent higher) 
during joint heatwave outage events versus non-heatwave non-outage events, 0.983 times less likely (1.7 percent lower) during joint wildfire outage events versus non-wildfire non-outage events, and 1.070 times more 
likely (7.0 percent higher) during compound heatwave wildfire outage events versus non-heatwave non-wildfire non-outage events, ceteris paribus.  
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Table A-27: Pooled relative risk estimates of hospitalizations by ICD group (May-Oct 2008-2017) 

 [1H] [2H] [3H] [4H] [5H] [6H] [7H] [8H] [9H] [10H] [11H] 

dependent variable: 
hospital admissions 

Intestinal 
infectious 
diseases 

Bacterial 
foodborne 

intoxication 

Other 
bacterial 
diseases 

Streptococcal 
sepsis 

Diabetes 
mellitus 

Volume 
depletion 

Other 
disorders 

fluid 
electrolyte 

Cerebral 
ischemic 
attacks 

Cardiovascular 
disease 

Acute 
rheumatic 

fever 

Chronic 
rheumatic 

heart diseases 

outage event 0.977 0.966 1.016 1.015 1.014 0.986 1.018 1.002 1.022 1.349 1.042 
heatwave event 1.024 1.123 1.039 1.042 1.021 1.145 1.062 1.002 1.009 1.014 0.992 
wildfire event 1.019 1.178 0.997 1.000 1.003 1.048 1.025 1.095 1.003 1.400 1.014 
heatwave wildfire event 1.043 1.323 1.036 1.041 1.024 1.200 1.089 1.098 1.012 1.419 1.006 
heatwave outage day (L0) 0.993 0.996 1.019 1.019 1.010 1.023 1.027 1.011 1.015 1.234 1.011 
wildfire outage day (L0) 0.972 0.842 0.997 0.996 0.999 0.999 1.012 1.066 1.004 1.284 1.002 
heatwave wildfire outage day (L0) 0.977 0.848 1.009 1.009 1.005 1.033 1.031 1.066 1.009 1.403 0.998 
heatwave outage event 1.001 1.085 1.056 1.057 1.035 1.129 1.081 1.004 1.031 1.368 1.034 
wildfire outage event 0.995 1.138 1.013 1.015 1.017 1.033 1.044 1.097 1.025 1.888 1.057 
heatwave wildfire outage event 1.019 1.278 1.053 1.057 1.039 1.183 1.109 1.100 1.034 1.915 1.048 

 

(continued)            
 [12H] [13H] [14H] [15H] [16H] [17H] [18H] [19H] [20H] [21H] [22H] 

dependent variable: 
hospital admissions 

Hypertensive 
diseases 

Ischemic 
heart diseases 

Other forms  
heart disease 

Heart failure 
Cerebrovascular 

diseases 

Other 
circulatory 

system 

Complication 
respirator 

Renal tubulo-
interstitial 
diseases 

Chronic 
kidney disease 

Acute kidney 
failure 

Other kidney 
disorders 

outage event 1.019 1.013 1.017 1.020 1.025 1.030 1.035 1.013 1.022 1.006 1.042 
heatwave event 1.008 0.997 0.999 0.981 1.014 1.048 1.029 1.059 1.055 1.104 1.037 
wildfire event 1.011 0.991 1.002 1.005 1.028 1.063 0.978 0.988 1.009 1.005 0.968 
heatwave wildfire event 1.019 0.988 1.001 0.986 1.043 1.114 1.007 1.046 1.064 1.110 1.005 
heatwave outage day (L0) 1.012 1.003 1.010 1.003 1.015 1.033 1.006 1.024 1.025 1.029 1.040 
wildfire outage day (L0) 1.003 0.994 1.001 1.002 1.018 1.024 0.930 0.998 1.010 0.999 1.005 
heatwave wildfire outage day (L0) 1.007 0.993 1.004 0.998 1.019 1.045 0.937 1.018 1.024 1.023 1.022 
heatwave outage event 1.027 1.010 1.016 1.001 1.040 1.079 1.065 1.073 1.078 1.111 1.081 
wildfire outage event 1.030 1.004 1.019 1.025 1.054 1.095 1.012 1.001 1.031 1.011 1.009 
heatwave wildfire outage event 1.039 1.001 1.018 1.006 1.069 1.148 1.042 1.060 1.088 1.116 1.047 
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(continued)            
 [23H] [24H] [25H] [26H] [27H] [28H] [29H] [30H] [31H] [32H] [33H] 
dependent variable: 
hospital admissions 

Other diseases 
urinary system Cystitis 

Abnormalities 
heart beat 

Substances in 
blood 

Injuries all Injuries head Injuries neck Injuries body Carbon 
monoxide Heat and light Electrocution1 

outage event 1.017 0.961 1.033 0.870 0.994 0.997 1.011 0.850 2.001 1.454 1.073 
heatwave event 1.055 1.064 1.028 1.079 1.018 1.035 1.043 1.165 0.792 9.162 1.640 
wildfire event 1.023 1.077 0.976 1.100 0.994 0.980 0.966 0.987 1.074 1.561 0.542 
heatwave wildfire event 1.079 1.147 1.003 1.187 1.012 1.015 1.008 1.149 0.850 14.299 0.890 
heatwave outage day (L0) 1.023 0.994 1.035 0.939 1.011 1.022 0.997 0.934 1.650 2.277 1.039 
wildfire outage day (L0) 1.010 0.939 1.017 0.915 0.991 0.986 1.040 0.848 3.256 1.467 0.737 
heatwave wildfire outage day (L0) 1.027 0.968 1.026 0.928 1.003 1.009 1.039 0.863 3.504 2.702 0.846 
heatwave outage event 1.073 1.023 1.062 0.938 1.012 1.032 1.055 0.990 1.584 13.318 1.760 
wildfire outage event 1.041 1.036 1.008 0.957 0.988 0.977 0.977 0.839 2.149 2.268 0.582 
heatwave wildfire outage event 1.098 1.102 1.037 1.032 1.006 1.012 1.019 0.977 1.701 20.784 0.955 

 

(continued)            
 [34H] [35H] [36H] [37H] [38H] [39H] [40H] [41H] [42H] [43H] [44H] 

dependent variable: 
hospital admissions 

Medical 
devices 

External 
causes 

Accidents all Accidents 
transportation 

Accidents 
falls 

Electrocution2 Heat illness Occupational 
hazard 

Socioeconomic 
housing 

Socioeconomic 
hazard 

Enabling 
machines 
devices 

outage event 1.031 1.048 1.022 0.948 1.027 0.997 1.454 2.295 1.046 1.036 1.046 
heatwave event 1.010 1.042 1.048 1.045 0.994 1.157 9.749 0.938 1.052 1.011 1.016 
wildfire event 0.957 0.968 0.996 0.983 0.998 1.352 1.403 2.007 1.018 0.846 1.040 
heatwave wildfire event 0.967 1.008 1.043 1.027 0.992 1.564 13.674 1.883 1.071 0.855 1.057 
heatwave outage day (L0) 1.025 1.033 1.028 1.000 1.016 1.050 2.214 1.138 1.038 1.013 1.024 
wildfire outage day (L0) 1.029 0.997 0.998 0.971 1.003 1.100 1.293 1.952 1.025 1.038 1.040 
heatwave wildfire outage day (L0) 1.031 1.007 1.012 0.986 1.002 1.148 2.371 1.735 1.044 1.013 1.042 
heatwave outage event 1.042 1.091 1.071 0.990 1.021 1.153 14.179 2.153 1.100 1.047 1.062 
wildfire outage event 0.987 1.014 1.018 0.931 1.025 1.348 2.040 4.605 1.064 0.876 1.088 
heatwave wildfire outage event 0.997 1.056 1.066 0.973 1.019 1.559 19.888 4.321 1.120 0.886 1.105 

Table notes: Pooled relative risk estimates of hospitalizations by hazard and outage events, based on coefficients in Table 5.18.  Example: 

Coefficients for [43H]: For hospitalizations, the relative risk of patients with ‘socioeconomic housing’ factors are, on average, 1.046 times more likely (4.6 percent higher) during outage events versus non-outage events, 
1.052 times more likely (5.2 percent higher) during heatwave events versus non-heatwave events, 1.018 times more likely (1.8 percent higher) during wildfire events versus non-wildfire events, and 1.071 times more likely 
(7.1 percent higher) during compound heatwave wildfire events versus non-heatwave non-wildfire events, ceteris paribus.  The relative risk of hospitalizations are, on average, 1.038 times more likely (3.8 percent higher) 
on joint heatwave outage days versus non-heatwave non-outage days, 1.025 times more likely (2.5 percent lower) on joint wildfire outage days versus non-wildfire non-outage days, and 1.044 times more likely (4.4 percent 
higher) on compound heatwave wildfire outage days versus non-heatwave non-wildfire non-outage days (holding lag days constant), ceteris paribus.  The relative risk of hospitalizations are, on average, 1.100 times more 
likely (10.0 percent higher) during joint heatwave outage events versus non-heatwave non-outage events, 1.064 times more likely (6.4 percent higher) during joint wildfire outage events versus non-wildfire non-outage 
events, and 1.120 times more likely (12.0 percent higher) during compound heatwave wildfire outage events versus non-heatwave non-wildfire non-outage events, ceteris paribus. 
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