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Abstract 

Shedding light on power outages as a climate change-related health-relevant exposure 

Vivian Do 

 

Electrical interruptionsðduring which access to electricity becomes unavailableðare 

prevalent in the United States (US). I refer to power outages as periods of prolonged electrical 

interruptions and electrical interruptions as a broader category of electricity inaccessibility. 

Electricity has become an essential service to power public infrastructure and individual housing 

needs. Given such reliance on electricity, power outages can threaten health in several ways. As 

an example, power outages are life-threatening for those using electricity-dependent durable 

medical equipment, such as oxygen concentrators. Power outages can also precipitate adverse 

health outcomes by increasing exposure to extreme temperatures. Moreover, power outages 

during severe weather events can act synergistically to negatively impact health. It is also 

important to recognize that power outages disproportionately occur in and affect marginalized 

communities, possibly shaped by historical discriminatory patterns in differential investment in 

electricity infrastructure, grid maintenance, and housing stock quality. The health effects of 

power outages do not affect everyone equally. For example, impact of power outages on 

cardiovascular outcomes could be worse for older adults due to the subgroupôs high prevalence 

of cardiovascular disease. Despite these factors, power outages remain an understudied health 

exposure. 

I frame power outages as a climate change-related exposure since most US power 

outages are driven by severe weather events, especially in recent years. Severe weather events 

(e.g., tropical cyclones, winter storms, extreme heat) caused over half of all electrical 



 

 

interruptions and approximately 80% of major power outagesðevents impacting over 50,000 

customers or resulting in a loss of 300MW of electricity. Framing power outages as an exposure 

both related to climate change and health is crucial for protecting population health in the future. 

By explicating the links among power outages, climate change, and health, I seek to show that 

power outages (a) are a growing threat as they likely will increase in frequency, (b) occur in 

conjunction with other climate change-related exposures (i.e., severe weather events), and (c) 

have potential differential patterns in exposure and health effects. These considerations are vital 

for evaluating power outagesô health impacts comprehensively and ultimately informing 

interventions to minimize related health consequences. 

The overall goal of this dissertation is to frame and present power outages as a climate 

change-related exposure with potential public health implications. In Chapter 1, I introduce the 

pathways linking power outages to climate change and health. I discuss the ways in which power 

outages have disparate exposure patterns that inequitably burden marginalized communities. 

Additionally, I present current gaps in the power outage literature about documenting small-scale 

power outages that our work aims to address. In Chapter 2, I characterize power outages, 

introducing definitions for discrete outage events (e.g., small-scale and large-scale) nationwide. I 

also evaluate county-level patterns of power outages across levels of social vulnerability and in 

conjunction with severe weather events. I discuss the importance of furthering power outage 

exposure assessment and collecting data in areas lacking reliable electricity information. In 

Chapter 3, I describe the co-occurrence of power outages and severe weather events spatially and 

temporally. For this study, I considered individual severe weather events and multiple 

simultaneous weather events. I discuss the implications of understanding patterns of power 

outages co-occurring with severe weather events for appropriate preparedness and response 



 

 

efforts. In Chapter 4, I quantify the impact of power outages on cardiovascular hospitalizations 

among older adults in New York State (NYS). This study considers individual- and area-level 

sociodemographic characteristics while also accounting for urbanicity levels. I discuss the need 

to continue research on the effects of power outages on health, especially for vulnerable 

subgroups. Lastly, in Chapter 5, I conclude this dissertation with a summary of key findings, a 

discussion of remaining gaps that are important to address, and a presentation of potential 

strategies to reduce power outages and mitigate related health consequences. These proposed 

potential strategies are grounded in the context of climate change and environmental justice.  
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Chapter 1: Introduction   

Electrical interruptionsðduring which access to electricity becomes unavailableðare 

prevalent in the United States (US). In 2022, US electricity customers experienced an average of 

5.5 hours of electrical interruptions,1 which included over 120 major power outages that affected 

at least 50,000 customers or had a 300-megawatts service interruption2 (Figure 1). 

 

Figure 1. Dissertation  definitions of electrical interruptions and power outages.  

I frame power outages as a climate change-related exposure, as most US power outages 

are driven by severe weather events, particularly in recent years. From 2000 ï 2023, severe 

weather events (e.g., tropical cyclones, winter storms, extreme heat) caused over half of all 

electrical interruptions and approximately 80% of major power outages.1,2 In the Northeast, 

storm-related power outages (e.g., cyclones, thunderstorms) have been increasing since the early 

2000s (Figure 2). As exogenous threats to the electrical grid, severe weather events can threaten 

and damage the grid in several ways. Tropical cyclones and high winds can physically damage 

parts of the electrical grid (e.g., electrical lines, transformers), causing power outages. Extreme 

heat events can cause power lines to sag, increasing risk of vegetation-related damage, such as 

trees falling on low-hanging power lines. Additionally, severe weather events can spur 

population behavior change that can precipitate power outages. For example, extreme heat can 

heighten energy demand from more use of air conditioning and fans, taxing the electricity grid 

and potentially causing failure. Other events, like wildfires, can prompt local officials to start 

power safety power shutoffs with the goal of minimizing wildfire risk.3  
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Figure 2. Frequency of storm -related major outages in the Northeast.   

Data from Climate Central.  

 

Framing power outages as both partially driven by climate change and a risk factor for 

adverse health outcomes is crucial for protecting population health in the future. By explicating 

the links among power outages, climate change, and health, I posit that power outages (a) are a 

growing threat as they likely will increase in frequency, (b) regularly co-occur with other climate 

change-related exposures (i.e., severe weather), and (c) may have differential exposure patterns 

and health impacts. These considerations are vital for comprehensively evaluating the health 

impacts of power outages and ultimately informing interventions to minimize related health 

consequences. 

 

1.1 Electricity as an essential service 

In the US, electricity is an essential service to power public infrastructure and individual 

needs. The US Federal Emergency Management Agency (FEMA) regards access to energy as a 
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community lifeline, described as one of ñthe most fundamental services in the community that, 

when stabilized, enable all other aspects of society to function,4ò and as a prerequisite for human 

health and safety. Traffic lights, streetlights, public transportation, and other public services 

depend on electricity to serve society. For homes, electricity is used to turn on the lights, keep 

the refrigerator going, charge electronics such as cell phones, maintain internet access, and run 

air conditioning, among other uses. Household access to electricity is so crucial that places like 

New York City (NYC) legally document it as an essential service in their housing maintenance 

code and treat it to be equally important as heat, water, and hot water.5 Moreover, NYC dedicates 

resources to reporting violations in electricity services, such as power outages.6  

 

1.2 Current exposure assessment of power outages 

Public data on power outages are available for large-scale events and have advanced our 

knowledge on where and when they happen. Since 2000, descriptive power outage studies have 

often leveraged publicly available data from the Department of Energyôs (DOE) Energy 

Information Administration (EIA), which gathers data about large electricity interruptions and 

incidents using the Electric Incident and Disturbance Report Form (DOE-417)7 and information 

about electric utilities (EIA-861).8 According to the DOE-417, large-scale power outages are 

events in which more than 50,000 electricity customers are affected, or where there is a loss of 

300 megawatts of electricity. All  electricity providers are required to promptly (i.e., within 1 to 6 

hours) report events with certain criteria, such as if there was a cyber-attack or a large-scale 

outage. The DOE-417 form provides information about the event date, duration, relevant utility 

provider, area affected, type of disturbance (e.g., weather, cyber-attack, generator failure), 

megawatt loss, and number of customers affected.9 Leveraging these government data, studies 
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have observed important patterns, like that over 80% of major US power outages are caused by 

weather,2 and that rural areas experience longer large-scale outages.10 However, it is important to 

note that details on these reports can be incomplete, vague, and inconsistent. For example, the 

event date for a power outage could be a specific date (e.g., July 1) or a month (e.g., July), and 

the area affected could be a specific county (e.g., San Joaquin) or a state (e.g., California). 

Additionally, these forms under-report all power outage events in the US because they do not 

document smaller-scale power outages that affect less than 50,000 electricity customers or lead 

to less than 300 megawatts of electricity loss. 

Health studies have often focused on large-scale power outages, given data availability. 

Epidemiologic research on power outages prior to 2020 primarily focused on large-scale events, 

such as the August 2003 NYC Blackout,11 which had a definitive start time and impacted all five 

boroughs. This information allowed researchers to clearly define exposure, which is crucial for 

reducing exposure misclassification. Additionally, health research often defines large-scale 

power outages together with severe weather events. Broadly, epidemiologic literature from 2000-

2020 on power outages was mostly in the context of a severe weather event such as hurricanes, 

ice/winter storms, and wind storms.11   

 

1.3 The problem of power outages for health 

1.3.1 Pathways between power outages and health outcomes 

From August 14ï16, 2003, NYC experienced a rare city-wide power outage that was 

caused by a combination of a bushfire in Ohio, transmission failures, and operational 

miscommunication.12 The power outage shut down multiple key city services, including traffic 

signals, Metropolitan Transportation Authority train services, and elevators in residential and 



 5  

 

commercial buildings. Additionally, wastewater treatment plants ceased operation, leaving raw 

sewage to leak into rivers and lakes.12,13 This occurred when temperatures reached a high of 

91°F. In response, fire and police departments were dispatched to control traffic and assist with 

evacuations from non-operational trains and elevators. Hospitals relied on generators to provide 

a surging demand for medical care. In the first two days, there were more than 10,000 emergency 

medical services (EMS) calls,14 and the hourly EMS calls increased by 250% over baseline.15 

This large-scale August 2003 power outage was also directly linked to 90 excess deaths16 as well 

as increased hospitalizations.13,16 This event, thus, illustrated some of the pathways through 

which power outages can paralyze a community and impact health. 

For those relying on electricity-dependent durable medical equipment (DME), power 

outages can have direct and immediate health consequences. DME includes but is not limited to 

ventilators, oxygen concentrators, infusion pumps, and continuous positive airway pressure 

(CPAP) machines. Without electricity access, DME will not function, so uninterrupted electricity 

access is paramount for DME users to actively manage conditions that can otherwise be life-

threatening. Comparing EMS calls on the days before and after the August 2003 power outage, 

Prezant et al. found that respiratory medical device failure was the most common reason for 

emergency calls during the outage.14 Dominianni et al. found that this power outage event 

increased the risk for DME failure-related hospitalizations by five-fold up to 3 days after the 

power outage.17 While backup batteries can extend DME use, access to backup batteries will not 

resolve the health threats of power outages. Individuals still must connect the batteries to the 

DME, which can be difficult if the person has limited mobility, is alone, or does not have a 

caregiver. Also, the batteries can run out of energy, leaving individuals without operable DME. 

DME users are a crucial population to consider in power outage health research not only because 
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of their high vulnerability but also because this population has been growing. For instance, the 

yearly prevalence of oxygen equipment rentals increased from 1.79 per 1000 people in 2008 to 

5.22 per 1000 people in 2018, and this growing trend applies to other DME like ventilators.12   

Power outages can precipitate adverse health outcomes by increasing exposure to 

extreme temperatures. During extreme heat events, power outages prevent the use of 

temperature-controlling devices such as air conditioners and fans. The resulting prolonged 

exposure to high temperatures can tax the body via dehydration, disrupted thermoregulation, and 

greater overall cardiac demand, all of which can precipitate adverse health events. Although 

most EMS calls during the August 2003 power outage were for DME failure, another major 

reason was for air conditioner failure.15 Power outages during the winter can also worsen health 

via prolonged exposure to extreme cold. In a study using the New York State (NYS) Department 

of Healthôs Statewide Planning and Research Cooperative System (SPARCS) data, Dominianni 

et al. focused on power outage events in 1999, 2003, and 2006 and localized outages from 2002ï

2014. They found that power outages during colder weather were linked to increased mortality 

and cardiovascular hospitalizations, while power outages during warmer weather were linked to 

increased renal hospitalizations. Their study highlights the differential health impacts of power 

outages by season, demonstrating how power outages can worsen the effects of severely high or 

low temperatures. 

There are also other under-explored pathways linking power outages and health. For 

example, low- and no-light settings because of power outages can lead to injuries. Navigating 

dark spacesðeven familiar spaces like homesðcan be difficult, increasing risk for trips, falls, 

and other accidental injuries. Our group found that using 2017 ï 2020 NYS pediatric health data, 

major power outages that affected Ó50% of customers in urban areas were associated with 30% 
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more unintentional pediatric injury hospitalizations.18 Additionally, improper generator use, 

which can result in carbon monoxide poisoning, is another way that power outages can worsen 

health outcomes. Our group again found that NYS power outages from 2017 ï 2020 were 

associated with 1.5-times the risk of carbon monoxide poisonings among children.19  

It is important to recognize that studies on power outages and health have predominantly 

been in NYS, partly because there had not yet been a comprehensive, nationwide assessment of 

power outages. NYS is unique in that there are accessible power outage data. However, assessing 

power outages in other cities and states is necessary for advancing our understanding of how 

power outages impact health in other contexts with different populations, meteorological 

characteristics, and resources.  

1.3.2 Incorporating severe weather in research on power outages and health 

Power outages during severe weather events can have an impact on health. Though 

limited, studies have documented health effects of power outages that have co-occurred with 

several types of severe weather events. Depending on the severity of the weather event, power 

outages can have different impacts on health. A 2001 ï 2013 NYS study reported that compared 

to winter storms or power outages alone, joint exposure increased risk of hospitalizations related 

to cardiovascular disease, respiratory infections, food and waterborne diseases, and injuries.20,21 

For example, the risk of injury hospitalizations was 1.42 times higher when exposure to winter 

storms and power outages was jointly assessed compared to 1.18 times during winter storms 

alone and 1.22 during power outages alone.20 Another NYS study with a similar study population 

and timeframe found that flooding and power outages were generally associated with higher risk 

for hospitalizations compared to flooding or power outages alone.17 Other studies exploring the 

nexus of power outages, severe weather, and health predict risk of mortality and morbidity under 
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simulations. For example, one study of Phoenix, Arizona simulated summer temperatures and 

the health impacts with and without a co-occurring power outage. They found that compared to 

exposure to heat alone, co-exposure to heat and power outages could increase the rate of heat-

related mortality by 50%.22 As previously discussed, prolonged exposure to extreme heat can 

physiologically burden the body and lead to adverse health outcomes such as cardiovascular 

events or even death. Comprehensive assessment is necessary to develop localized policies to 

minimize related health consequences. Deepening our knowledge on the patterns of such co-

occurrence is crucial for informing strategies to prepare and respondða research direction that 

this dissertation seeks to explore and elucidate. 

 

1.4 The cardiovascular impacts of power outages and severe weather 

Power outages can operate through similar mechanisms as the ones described in Section 

1.3 to strain cardiovascular systems and exacerbate cardiovascular disease (CVD). In 2019, heart 

disease (e.g., coronary artery disease, heart failure) and stroke were respectively the 1st and 5th 

leading causes of death in the U.S., resulting in over 850,000 total deaths.23 Heightened power 

outage-related stress may trigger inflammatory responses, exacerbating CVD outcomes. In NYC, 

outages in colder months were associated with increased risk of same-day CVD 

hospitalizations,24 and in NYS, outages during winter storms increased the risk of same-day 

CVD admissions.20 Without electricity, nebulizers, oxygenators, and other DME cannot function, 

which may dramatically worsen CVD conditions for those relying on such electricity-dependent 

medical equipment.25,26 Moreover, by preventing the use of temperature-controlling devices, 

particularly during hot temperatures, outages disrupt the bodyôs thermoregulation, possibly 

precipitating adverse CVD outcomes.27,28 Much of the current literature does not examine the 
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possible associations between power outages and CVD subtypes at assessments more granular 

than a binary day (i.e., a day exposed to a power outage).  

Outages and extreme temperatures can co-occur and impact CVD risk. Climate change 

scenarios predict that by the 2080s, NYS average temperatures will be 4.1 ï 6.1oF higher than 

today. By 2050, NYC is projected to face 32 days with temperatures 90°F compared to the 24 

days expected for the 2020s.29,30 Hotter temperatures prompt CVD events by reducing sleep 

quality and increasing cardiac demand due to the bodyôs attempt to decrease internal 

temperature.27,31 Increases in ambient temperature have been associated with CVD outcomes 

(e.g., stroke, myocardial infarction, and other CVD-related hospitalizations).32ï36 Heatwaves 

have been linked to CVD morbidity and mortality.37ï39 Temperature-controlling devices (e.g., air 

conditioners) are essential in managing indoor temperatures, but they cannot operate during 

outages, which can increase CVD risk during anomalously high temperatures. Power outages 

during colder temperatures also pose health risks. Cold temperatures can trigger CVD events by 

raising blood pressure and causing lipid deposition,27 and winter outages can be stressors in 

homes where heat is powered by electricity, increasing risk for CVD outcomes. Between 2001 ï 

2013, outages during winter storms were associated with greater CVD hospitalizations in NYS.20 

Despite the link between power outages and extreme temperatures, no studies have evaluated the 

effects of co-exposure to outages and anomalously cold or anomalous hot events on CVD risk. 

 

1.5 Environmental justice and power outages 

1.5.1 Disparate patterns of power outage exposure 

Power outages disproportionately occur in under-served and historically marginalized 

communities.40 Furthermore, prior studies typically focused on power outage exposure after a 
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disruptive event, observing that restoration took longer in low-income communities and racially 

minoritized groups.41 The 2021 Texas Power Crisis was a widespread winter power outage that 

happened because unexpected cold temperatures not only sharply increased energy demand, 

outstripping supply, but also disabled parts of the energy production and delivery system.42 

Researchers found that the power outage affected more customers in counties with higher 

proportions of Hispanic residents and that Black individuals were more likely to report their 

outage lasting longer than 24 hours.41 Similarly, power restoration after disruptive events such as 

Hurricane Isaac43 and Hurricane Irma44 took longer in lower-income areas. Additionally, the 

duration of power outages is longer among low-income US households, pointing to another 

dimension of inequitable power outage exposure patterns.45  

The disparate power outage exposure could be shaped by historical discriminatory 

patterns in differential investment in electricity infrastructure, grid maintenance, and housing 

stock quality. As an example, the Home Ownersô Loan Corporation (HOLC) was a government 

sponsored entity from the 1930s that used graded A to D categories to evaluate real estate risk. 

A-grade indicated ñbest,ò while D-grade indicated ñhazardousò and were ñredlined.ò46ï48 D-

grades were disproportionately assigned to areas with higher prevalences of people of color, 

reflecting racially discriminatory attitudes in the housing market and, more broadly, a form of 

structural racism. These assignments, in conjunction with other discriminatory processes, led to 

continued and cyclical patterns of disparate investment in housing, infrastructure, and other 

resources.49,50 Today, historically redlined areas continue to have high social vulnerability51 and 

physical conditions that give rise to increased environmental burdens such as greenspace52 and 

air pollution.53 Given the documented constellation of environmental burdens due to historical 

neglect, it is possible that similar investments and policies have contributed to power outage 
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prone infrastructure. Moving from area-level to residential-level, homes in redlined areas could 

be more neglected, leading to deteriorating housing quality and by extension power outages. An 

Atlanta, Georgia study found that redlined versus other areas had higher rates of housing code 

violations such as property maintenance issues and unsafe living conditions.54 Deteriorating 

housing stock could also encompass features that increase the likelihood of a power outage, such 

as outdated circuits and worn electrical outlets.  

1.5.2 Focus on subpopulations vulnerable to the cardiovascular effects of power outages  

Identifying communities most vulnerable to the CVD consequences of outages is a health 

equity imperative, yet little is known. Outage frequency and duration likely differ across social, 

medical, and economic vulnerability factors, often disproportionately burdening low-income 

communities and communities of color.55ï58 Resilience to outage consequences (e.g., 

preparedness, baseline health, healthcare access) also varies starkly by demographic factors, with 

marginalized communities facing possibly worse outcomes, potentially via outage-related 

temperature changes.59,60 One study found that low-income families did not have the financial 

resources to obtain generators, medicine, or food to prepare for long outage events.61 The CVD 

disparities in response to outage events are not known; as climate changes and related outages 

likely disproportionately burden marginalized groups, it is imperative to identify and protect 

those most affected.  

Power outage effects may be worse for more vulnerable groups such as older adults. 

Older adults have a high prevalence of CVD conditions, which increases risk for a CVD event.62 

For those younger than 60, the prevalence of CVD was 40%, while for those aged 60-79, the 

prevalence was 78% and for those aged 80+, the prevalence was 90%.63 Moreover, older adults 

have are more likely to rely on DME64, so a power outage would prevent DME use, possibly 
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leading to cardiovascular health event. Lastly, older adults were found to be less prepared for a 

power outage. A NYC study evaluated power outage preparedness and defined preparedness as 

having a 3-day supply of food, water, medicines, and other necessities. The study found that only 

17% of older adults were prepared for an outage compared to 58% for other age groups.61 Older 

adults should be a focus for power outage health research given the subgroupôs vulnerability. 

 

1.6 Methodologies in power outage research 

Power outage data have historically been reported as large-scale events affecting large 

numbers of people, so power outage health research has not been able to account for power 

outages of all scales (i.e., small- and large-scale). As previously discussed, descriptive and health 

studies about power outages often center on large-scale power outages affecting 50,000 

electricity customers or resulting in a loss of 300 megawatts of electricity. However, outages that 

do not meet these criteria for mandated reporting also exist. Current research has not thoroughly 

engaged with the possible health effects of these smaller-scale outages that can still negatively 

impact health in similar ways to large-scale power outages. For example, power outages 

affecting 49,999 customers or resulting in a loss of 299 megawatts, which would not technically 

be considered large, could still harm population health via exposure to extreme temperatures, 

increased stress, or sudden DME failures. Even for power outages much smaller in scale, people 

can face similar issues, but more research is needed to better understand how all scales of power 

outages can affect health.  

Small-scale power outages remain understudied due to limited availability of spatially 

and temporally resolved data. There are no established, mandated processes to collect accurate 

information about small-scale outages, and collection efforts that make data publicly accessible 
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have been relatively recent (i.e., mid-2010) compared to those for large-scale outages (i.e., since 

2000). Here, I describe three major datasets on small-scale outages that I am aware of, two of 

which I incorporated into this dissertation. These datasets cover a specific state (i.e., NYS) or the 

entire US and have information on customers without power at sub-hourly increments for sub-

state areas. The NYS Department of Public Service is a governmental branch that gathers 

information about customers without power every 30 minutes within power operating localities, 

which have approximately 11,000 customers and are similar in geographic area to a ZIP code 

tabulation area. Most of the recent power outage health studies, which were conducted in NYS, 

leveraged this NYS Department of Public Service dataset. PowerOutage.us65 is a company that 

gathers and aggregates national power outage data from utility websites, providing information 

about the number of customers without power every 15 minutes at a subcounty level. In 2024, 

the DOE recently made public the Environment for Analysis of Geo-Located Energy Information 

(EAGLE-I),66 which reports customers without power every 15 minutes at the county-level from 

2014 onward for all US states. My dissertation relied on the NYS dataset and the 

PowerOutage.us dataset, as the EAGLE-I data were not available when I initiated analyses. For 

each of these datasets, researchers must contend with data processing, which includes but is not 

limited to assessing the accuracy of the number of customers without power, determining the 

total customers served in a geographic area, harmonizing these data with other area-level 

information (e.g., area-level sociodemographic data), and linking power outage data to health 

data.  

Even with these growing data collection efforts, a remaining challenge is that exposure 

assessment for power outages of varying sizes, particularly small-scale power outages, is still 

nascent. Assessing exposures involves considering intensity, frequency, and duration,67 and the 
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few health studies on small-scale power outages have engaged with some of these domains. 

However, these earlier health studies evaluating small-scale power outages often assess power 

outage exposure at the daily level. For example, some studies measured intensity as the 

proportion of maximal customers without power over all customers served in an area within a 

day, and duration as the total consecutive hours in a day where a pre-specified cut point (e.g., 

0.1% of customers without power, 50th percentile of customers without power) is exceeded.68,69 

Dominianni et al. defined a day as exposed to a localized power outage when the daily count of 

customers without power in a ZIP code exceeded 1,000 in warm months and 75 in cold months.17 

Other health studies that focused on NYS more broadly defined a day with a power outage to be 

when the proportion of maximal customers without power among all customers exceeded a 

certain cutoff (e.g., the percentage corresponding to the 50th percentile of customers without 

power in an area).69,70  

Another remaining gap is that these studies are limited to daily assessment when power 

outages may have sub-daily effects, especially if they co-occur with other exposures known to 

have rapid (e.g., hourly) effects, like extreme heat.33,34 Currently, the literature lacks information 

on potential disparities in these small-scale power outage exposures and health responses to the 

same level of exposure. Advancing health research using only large-scale power outage 

definitions possibly underestimates the extent to which power outages impact health. A recent 

simulation study reported that choices in power outage assessment casn bias health effect 

estimates to the null; examining multiple choices of assessment, thus, is crucial to be 

comprehensive in our understanding of power outage health effects.71 To date, no gold standard 

definition exists for small-scale power outages, but building upon these prior studies, this 

dissertation aims to extend power outage assessment to the hourly level (e.g., cumulative hours 
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before an adverse health outcome occurred) and consider various percentile cutoffs 

simultaneously. 

There are some studies that examine the effects of power outages on health and consider 

vulnerability factors, but more research is needed. In a narrative review, Casey et al. found that 

from 2004-2020, 50 published studies linked power outages to health outcomes, over half of 

which focused on single power outage events. The health outcomes assessed in those studies 

included carbon monoxide poisoning, cause-specific hospitalizations, gastrointestinal illness, and 

mortality.11 None of the studies incorporated assessments like cumulative hours within a day that 

provide more information about power outages than binary daily assessments, especially during 

windows of potential vulnerability like seasons with extreme temperatures. Additionally, studies 

often did not consider subpopulations that may be vulnerable to the health effects of power 

outages such as older adults who have a high prevalence of DME use and co-morbidities.64,72 

Research that includes exposures like cumulative hours within a day during windows of 

vulnerability and considers other demographic factors is crucial for advancing our understanding 

of how power outages impact health. 

 

1.7 Dissertation overview 

The overarching goal for this dissertation is to establish and advance our knowledge of 

power outages as a climate change-related health-relevant exposure, with a particular emphasis 

on cardiovascular health. Crucial for health studies, I first comprehensively assess nationwide 

power outage exposure, including small-scale and large-scale outages (study 1). Unless there are 

large investments to strengthen the electrical grid, climate change will increase power outages by 

increasing the frequency of severe weather events as well as increasing demand on the grid. 
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Understanding exposure patterns of co-occurring power outages and severe weather events 

(study 2) can inform preparedness and response strategies that minimize related health 

consequences. To continue expanding current literature on power outages and cardiovascular 

health, I examine this relationship while considering possible effect measure modification by 

sociodemographic factors among older adults (study 3). These chapters taken together aim to 

contextualize power outages under a changing climate and climate changeôs impact on 

population health. 

In Chapter 2, I characterized the spatial and temporal distribution of power outages from 

2018 ï 2020. Using the PowerOutage.us data, I examined where and when power outages 

happened. Fundamental to the study, I created definitions to assess power outage events 

considering duration and percentage of customers affected. I assessed whether power outages 

varied by county-level social vulnerability and population of older adults using DME, identifying 

geographic areas with high counts of power outages and high vulnerability. Additionally, I 

examined how often power outages co-occurred with various severe weather events. I discussed 

the need to advance research on power outages, an understudied exposure, and the importance of 

understanding the health consequences associated with exposure disparities in power outages. 

In Chapter 3, I described the nationwide spatiotemporal patterns of power outages that 

co-occur with severe weather events, expanding upon our work in Chapter 2. For this study, I 

evaluated the prevalence of 8+ hour power outage exposure that occurred on the same day as a 

single severe weather event (e.g., extreme heat alone) and multiple severe weather events (e.g., 

extreme heat and wildfire together). I discussed the significance of descriptive work linking 

power outages and various types of severe weather events to appropriately allocate resources for 

preparedness, response, and recovery. 
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In Chapter 4, I conducted an epidemiological study to evaluate the impact of power 

outages on cardiovascular hospitalizations among older adults in NYS. This 2017 ï 2018 study 

focused on the Medicare Fee-for-Service population that captures adults aged 65+. I considered 

both small-scale and large-scale outages. After stratifying by urbanicity levels, I evaluated 

possible effect measure modification by individual- and area-level characteristics separately. I 

discussed future directions for power outage health research, including continued work focused 

on identification of subpopulations vulnerable to power outages and the challenges of assessing 

exposure to power outages in health analyses. 

Lastly, in Chapter 5, I conclude this dissertation with an integration of all the study 

findings and a discussion of the current position of power outages in health research, parallel and 

complementary research topics that are important in a changing climate, and possible next steps 

in research. I examine the implications of our power outage studies for interventions and 

strategies related to preparedness, response, and recovery. 
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2.1 Abstract 

Power outages threaten public health. While outages will likely increase with climate 

change, an aging electrical grid, and increased energy demand, little is known about their 

frequency and distribution within states. Here, we characterize 2018ï2020 outages, finding an 
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average of 520 million customer-hours total without power annually across 2447 US counties 

(73.7% of the US population). 17,484 8+ hour outages (a medically-relevant duration with 

potential health consequences) and 231,174 1+ hour outages took place, with greatest prevalence 

in Northeastern, Southern, and Appalachian counties. Arkansas, Louisiana, and Michigan 

counties experience a dual burden of frequent 8+ hour outages and high social vulnerability and 

prevalence of electricity-dependent durable medical equipment use. 62.1% of 8+ hour outages 

co-occur with extreme weather/climate events, particularly heavy precipitation, anomalous heat, 

and tropical cyclones. Results could support future large-scale epidemiology studies, inform 

equitable disaster preparedness and response, and prioritize geographic areas for resource 

allocation and interventions. 

 

2.2 Introduction 

As climate change intensifies, the power grid ages, and energy demand from population 

growth increases, power outages will likely increase.73 In 2020, US electricity customers faced 

slightly over 8 hours of electricity interruptions on averageðthe highest on recordðprimarily 

driven by major events such as hurricanes, wildfires, and snowstorms.74 When outages occur, 

human health suffers.75 The United States Federal Emergency Management Agency (FEMA) 

identifies the power grid among Community Lifelines, which are fundamental services that 

society needs in order to operate.75 Documented health effects include carbon monoxide 

poisoning from improper generator use, anxiety, stress, and exacerbation of existing 

cardiovascular and respiratory conditions.76 Because outages can prevent the use of temperature-

controlling devices, risk of hypothermia and heatstroke can increase when outages occur during 

extreme cold spells and heatwaves.77 Moreover, outages can lead to acute food insecurity when 
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refrigerators lack power78, fear related to personal safety,79 and economic losses in commercial 

and industrial sectors.80 

Power outages represent acute health hazards for certain vulnerable groups. Those using 

electricity-dependent durable medical equipment (DME), such as oxygen concentrators, infusion 

pumps, and mobility devices rely on electricity to maintain their health.81,82 Others vulnerable to 

power outages include under-resourced communities and historically marginalized groups. 

Pathways include disrupted hourly employment, older and less-insulated housing stock resulting 

in dangerous indoor temperatures, lack of access to cooling facilities, and a higher burden of 

underlying chronic diseases sensitive to extreme temperatures.59,60 Other historically 

marginalized groups may face more adverse health outcomes following outages, or worse outage 

exposures.76,83  Communities with a higher proportion of Hispanic/Latino residents may 

experience longer outages following hurricane and winter storm-related events.44,41,84 

Although technical problems such as equipment failure and supply shortages can cause 

outages, severe weather events, which can physically damage the grid, are major drivers.10,76 

Power distribution infrastructure such as transmission lines are also vulnerable to extreme 

environmental events such as high temperatures, wildfires, and floods.85 From 2000-2021, 

storms and severe weather caused 83% of large-scale outages affecting at least 50,000 customers 

in the US.73 There is limited work on the link between environmental events and smaller-scale 

(but more frequent) outages.  

No standard method exists to measure power outages of health relevance, making it 

challenging to compare outage events.86 Most population health power outage studies have 

focused on a single, large event, such as Hurricane Sandy in 2012 or Hurricane Irma in 2017.76 

These studies generally did not measure customers without power and instead used the timing 
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and location of the disaster as a proxy for outage exposure.76 Presently, no national power outage 

datasets exist at the temporal or spatial resolutions necessary for health studies. Here, we address 

this gap by creating relative and absolute measures to characterize power outages across the US 

from 2018-2020 by hour at the county-level. The relative metric accounts for population size, 

while the absolute metric identifies counties with the largest count of customers without power. 

Both metrics provide important information about which counties to prioritize for intervention 

and resource allocation, especially in the context of social and medical vulnerabilities. In 

secondary analyses, we determine the overlap between weather events occurring on the same day 

as 8+ hour (a medically-relevant duration with potential health consequences) county-level 

outages and clustering of counties experiencing high outage burden and high social vulnerability.  

Between 2018-2020, we identified 231,174 1+ hour outages and nearly 17,500 8+ hour 

(medically relevant) outages at the county-level. 62.1% of the 8+ hour outages co-occur with an 

extreme weather or climate event and 8+ hour outages are 3.4x more common on days with a 

single event and 10x more common on days with multiple events. Outages are more common in 

the Northeast, South, and Appalachia. Clusters of counties in Arkansas, Louisiana and Michigan 

experience a dual burden of high outage exposure and high social and medical vulnerability.  

 

2.3 Methods 

2.3.1 Power Outages and Utility Customers Data 

From PowerOutage.US, we purchased 10-minute resolution power outage information, 

which included the number of customers without power and the time of reporting from 2017-

2020 for counties in all US states. Due to the low spatial coverage for 2017, we a priori excluded 

this year from analyses, so the study spanned 2018-2020. Customers refers to residential 
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consumers such as families and non-residential consumers such as businesses. PowerOutage.US 

gathered outage data at subcounty levels (e.g., cities census designated places) at regular 10-

minute intervals using utility providersô application programming interfaces (API). 

We summarized the coverage of our power outage data by utility type using information 

from the US Energy Information Administration (EIA). The EIA tracks information about power 

usages for each US state and should theoretically record all operating utility providers. They 

have annual data on utility providers by state and service providers by county. Our power outage 

data captured cooperatives (59.4%), which typically serve rural communities, and most investor-

owned utilities (84.4%), which tend to serve large populations. 

To generate our outage dataset, we aggregated PowerOutage.US data to the county and 

hourly level. Of the 3,142 US counties, PowerOutage.US reported some data from 3,010 

(95.8%). We completed data quality and reliability checks and removed unreliable counties from 

certain analyses (Figure 1). Broadly, we considered county APIs to be reliably reporting on 

outages if the APIs report Ó 50% of the time, and we consider an API to reliably capture 

customers within a county if reported customers covered Ó 50% of total county customers 

(Supplementary Methods 1.1 and 1.2). After applying these criteria, 2,447 counties remained, 

covering 73.7% of the US population. Most analyses focused on the 2,038 counties with 2+ 

years of reliable data.  

 

2.3.2 Power Outage Metrics: Power Outage Event and Outage Experience Definitions 

We set out to define a binary power outage variable for each county-hour (1 = power out, 

0 = power on). To do so, we had to define a threshold of customers without power over which 

we considered the county to be experiencing an outage. This relative power outage event 
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definition accounted for county total customers and enabled us to compare outage counts across 

counties with varying population sizes.   

We defined a power outage event as occurring whenever the percent of customers 

without power met or exceeded 0.1% of the county customers. Counts of customers without 

power came from PowerOutage.US data, and we estimated the total number of county customers 

based on households from the 2015-2019 American Community Survey and business 

establishments from the 2021 Census Bureau (Supplementary Methods 1.1). If county A had 

100,000 customers, it met our power outage definition when 100 customers or more lost power; 

county B, with 1 million customers, would require at least 1,000 customers to lose power to meet 

the definition. We used a 0.1% threshold corresponding to the 90th percentile of customers out 

per hour at the county-level during the study period. Prior studies have used the 90th percentile to 

determine outage events.61,87  

We computed the duration of outage events as the total time a countyôs percent of 

customers without power continuously reached or exceeded the 0.1% threshold (Supplementary 

Figure 1). We considered outages of 8+ hour and 1+ hour duration. Outages of 1+ hour duration 

would disrupt commerce and other activities, and 8+ hour outages would likely impact health by 

surpassing critical thresholds, including the maximum battery life for certain DME.82 To 

summarize 8+ hour and 1+ hour outages, we took the average of the total number of events 

annually by county over the study period. This metric is similar to the System Average 

Interruption Frequency Index (SAIFI).88 

We also calculated an absolute outage metric: annual average county-level customers 

without power. This metric identifies counties where the greatest absolute count of customers 

experienced loss of power. Because county-level customer density differs dramatically, we also 
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computed a second absolute metric: annual average county-level number of minutes without 

power per customer. This metric is similar to the System Average Interruption Duration Index 

(SAIDI).88 It can be interpreted as minutes without power experienced by the average customer 

in a county. 

Characterizing power outage exposure ï especially when investigating disparities ï 

necessitates both relative and absolute metrics. Our relative metric for outage events accounts for 

county customer density so that we may compare across counties. Our absolute metrics for 

outage experiences identify counties with the highest count of affected customers and the 

geographic distribution of total time without power.  

 

2.3.3 Severe Weather and Climate Event Data and Definitions 

We identified the following severe weather and climate events at the daily-county-level: 

anomalous heat/cold, heavy precipitation, snowfall, lightning, tropical cyclones, and wildfires 

from a variety of data sources (Supplementary Methods 2). Data sources included the Parameter-

elevation Regressions on Independent Slopes Model (temperature, precipitation), the National 

Gridded Snowfall Analysis (snowfall), the International Space Station Lightning Imaging Sensor 

(lightning), the International Best Track Archive for Climate Stewardship project (tropical 

cyclones), and the National Interagency Fire Center (wildfires). We defined a county as exposed 

to an anomalous heat event if the temperature exceeded 24°C and was above the 85th percentile 

of weekly temperatures from 1981-2010, an anomalous cold event if temperatures dipped below 

0° C and was below the 15th percentile of weekly temperatures from 1981-2010, heavy 

precipitation if daily precipitation exceeded the 85th county percentile, snowfall if 2.54 cm (1ò) 

or above of snow accumulation occurred, a lightning event if a lightning flash occurred within a 
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county, a tropical cyclone if the county boundary was within 100-km of a tropical cyclone track 

center, and a wildfire if the county intersected with a Ó 1 km2 wildfire. We identified days with a 

single, isolated event and days with multiple events separately as more severe and co-occurring 

weather and climate events likely cause more damage to the electrical grid than single events. 

We did not include wind since wind and precipitation were previously observed to be highly 

correlated.89  

 

2.3.4 Vulnerability Data and Definitions 

Those relying on electricity-dependent DME require constant access to electricity to 

maintain and manage their health. This vulnerability means power outages can rapidly worsen 

health conditions and increase mortality risk. To characterize this group, we generated county-

level prevalence of DME use among Medicare enrollees using the December 2020 emPOWER 

dataset from the US Department of Health & Human Services. We calculated quartiles of DME 

use prevalence per 1000 Medicare beneficiaries in each county for analysis. 

Another group vulnerable to the consequences of outages are disadvantaged communities 

requiring extra support before, during, and after disasters. To identify such counties, we used the 

US Centers for Disease Control and Agency for Toxic Substances and Disease Registryôs Social 

Vulnerability Index (SVI). SVI has the stated purpose to identify specific areas that may need 

additional disaster-related support. Such information about a countyôs overall social vulnerability 

can shape decisions about future preparedness strategies or resource allocation, particularly in 

the event of longer outages that may affect health. SVI is based on 16 census variables from the 

2016-2020 American Community Survey (below 150% poverty, unemployed, housing cost 

burden, no high school diploma, no health insurance, aged 65 and older, aged 17 and younger, 
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civilian with a disability, single-parent households, English language proficiency, racial and 

ethnic minority status, multi-unit structures, mobile homes, crowding, no vehicle, and group 

quarters), which are used to create 4 vulnerability themes (socioeconomic status, household 

composition & disability, minority status & language, housing type & transportation). SVI 

ranges from 0 to 1 where county indices closer to 0 indicate lower vulnerability and indices 

closer to 1 indicate higher vulnerability. We generated quartiles of SVI for analysis. 

 

2.3.5 Statistical Analysis 

Initial analyses were descriptive leveraging all reliable counties in our dataset (N = 

2,447), reporting the frequency of outages by county and total and average customer-hours 

without power. To better understand the relationship between severe weather and climate events 

and outages, we identified county-days where severe weather and climate events co-occurred 

with 8+ hour outage events. We summarized this information by month. Because this was a daily 

analysis and weather data was available for the continental US, we used only continental 

counties with 3 full years of data (n = 1,653). Additionally, we calculated a co-occurrence ratio 

of severe weather and climate events with 8+ hour outages. The co-occurrence ratio was 

computed as the proportion of county-days with severe weather or climate event type i that co-

occurred with an 8+ hour outage divided by the proportion of county-days without any weather 

or climate event that co-occurred with an 8+ hour outage. A co-occurrence ratio > 1 means that 

8+ hour outages were more likely to occur on county-days with severe weather or climate event i 

compared to days with no event and a ratio < 1 means that 8+ hour outages were less likely to 

occur on county-days with severe weather or climate event i compared to days with no event.  
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We then conducted Wilcoxon Rank Sum tests to evaluate the relationship between 

county-level annual averages of 8+ hour outage counts for counties with 2+ years of reliable data 

(n = 2,038) and DME use prevalence and SVI (vulnerability metrics). To identify spatial clusters 

of counties with both high outage exposure and high vulnerability, we ran separate bivariate 

local indicators of association (LISA) analyses, two-sided tests.90 The bivariate analyses capture 

the relationship between the value of our vulnerability metric at one county location and the 

spatial lag of 8+ hour outages in surrounding counties. We used the rgeoda package version 0.0.9 

to run 99,999 permutations, set the cluster significance at ‌ = 0.05, and applied the false 

discovery rate method to correct for multiple comparison testing.91 Because the bivariate LISA 

conducts multiple hypothesis testing for each county, the probability of spurious statistical 

significance increases. Applying the false discovery rate is recommended and limits spurious 

positive findings.92,93 We investigated whether the underlying components of SVI differed 

between high-outage-high SVI county clusters and all others and used two-sided t-tests to 

evaluate whether they differed statistically. All analyses were conducted in R version 4.1.0 

(2021-05-18). Code used to run the bivariate LISA can be found on GitHub at 

https://github.com/viviando/National-Power-Outages.94 We used the usmap R package version 

0.6.1 to generate our nationwide maps for this study.95 The package uses the U.S Census Bureau 

cartographic boundary files and the Albers equal-area conic projection. 

 

2.4 Results 

The study included 2,447 counties (77.9% of US counties) of which 2,038 (83.3%) had 

2+ years of reliable data from 2018-2020 after data quality and reliability checks (Figure 1). 

These counties experienced a median of 60 (IQR = 97) 1+ hour outages and 2 (IQR = 5) 8+ hour 

https://github.com/viviando/National-Power-Outages
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outages each year. Between 2018-2020, over 70% of included counties experienced at least one 

8+ hour outage and a total of 231,174 1+ hour outages and 17,484 8+ hour outages occurred 

(Table 1). Medically relevant 8+ outages happened more often during the summer than the 

winter and peaked during late spring and mid-summer (Figure 2). 8+ hour outages typically had 

an onset around 6 PM with a range of 3 PM-8 PM (Figure 2), coinciding with peak electricity 

use, and this pattern was especially prominent in the South (Supplementary Figure 2). In the ten 

states with the most 8+ hour outages, outages were more common in April and October 

(Supplementary Figure 3). Our analysis did not cover all counties; states with the highest percent 

of counties missing all years of data were Montana (98.2%), Alaska (93.1%), and Utah (72.4%) 

(Supplementary Table 1). 

 

Figure 1. Flowchart of US counties included in the study of power outages, 2018ï

2020. 

We state the subsets of counties used for specific analyses in colored boxes. Power 

outage data was purchased from PowerOutage.us. 
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2,447 (77.9%) counties with 
1 years of data

Nationwide Maps
Vulnerability analysis

Severe weather events analysis

Nationwide Maps

Vulnerability analysis

Nationwide Maps

132 (4.2%) counties not in PowerOutage.US

174 (5.5%) counties lacked 
reliable API reporting

389 (12.4%) counties lacked 

reliable customer coverage
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Table 1. Summary statistics of 8+ hour outages and 1+ hour outages among counties 

with 2+ years of reliable data. 

Summary statistics refer to the average yearly totals per county, which is the total of 

outage types per county that are averaged across the study period (2018ï2020). Power outage 

data was purchased from PowerOutage.us. 

 

 

 

Figure 2. Contour plot of the counts of 8+ hour outages nationwide according to 

start time of outage per month. 
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The x-axis indicates start month, the y-axis indicates the start hour of an 8+ hour outage in local 

military time, and the colors indicate the total count of outages for that month and start hour. 

Power outage data was purchased from PowerOutage.us. 

 

2.4.1 Characterizing outage events and customers without power 

In our 2,447 study counties, the highest average counts of 8+ hour outages occurred in 

the South, Maine, Michigan, and Appalachia (Figure 3a). Figure 3 also illustrates the pattern of 

data availability and reliability, with a higher prevalence of counties with 3 years of complete 

and reliable data on the East Coast (darker shading) and a low prevalence of availability and 

reliability in the middle of the U.S (lighter or no shading). The states with the highest annual 

average counts of 8+ hour outage events were Louisiana (n = 553), Texas (n = 527), Michigan (n 

= 447), Mississippi (n = 381), and North Carolina (n = 372). When we created deciles of county-

level annual average 8+ hour outage counts, the states with the highest number of counties in the 

top outage decile were Michigan (n = 32) and Louisiana (n = 29) (Supplementary Table 2).  
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Figure 3. County-level yearly average outage events lasting 8+ h and 1+ hour in 2447 

counties with 1 + years of reliable data.  

Counties shaded in white lacked any reliable data. a Geographic distribution for county-

level yearly average of 8+ hour outage events. b Geographic distribution for county-level yearly 

average of 1+ hour outage events. Power outage data was purchased from PowerOutage.us and 

county basemaps were obtained from the usmap R package version 0.6.1. 

 

The spatial distribution of 1+ hour outages generally mirrored that of 8+ hour outages but 

extended to additional counties; outages were concentrated in the South, the Northeast, 
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Appalachia, and parts of California. The lowest counts of 1+ hour outages appeared in the 

Midwest (Figure 3b). The top 5 states for highest annual average counts of 1+ hour outages were 

Texas (N=11,504), Georgia (N=10,609), Louisiana (N=7,826), Mississippi (N=7,188), and 

Alabama (N=6,240). Like 8+ hour outages, Texas, Louisiana, and Mississippi had the largest 

number of counties in the top outage decile of 1+ hour outage counts with 37, 28, and 22 

counties involved, respectively (Supplementary Table 2). 

The absolute annual average total customer hours without power partially reflected 

population size, with a high number of customers without power along the Gulf Coast, the 

Northeast Coast, and parts of the Pacific Northwest (Figure 4a). Outages resulted in an annual 

average of 5.2 million customer-hours without power across 2,447 study counties. Some counties 

in Southern states such as Louisiana, as well as throughout Appalachia, and the Northeast 

consistently experienced both high counts of outage events and high total customer-hours out. 

Overall, the state of Louisiana led with an annual average of >52 million customer-hours out, 

followed by North Carolina (38.3 million customer-hours out), California (30.3 million 

customer-hours out), Texas (30 million customer-hours out), and New York (28.8 million 

customer-hours out). Counties with the highest annual average total hours of customers without 

power were Calcasieu, LA (10.0 million), Los Angeles, CA (7.8 million), Fairfield, CT (7.6 

million), Davidson, TN (7.4 million), and Jefferson, LA (6.2 million) (Supplementary Table 3). 

When accounting for county-level customers, counties where the average customer experienced 

a high annual average of hours without power (107+ hours) concentrated around the Gulf Coast 

and the Northeast, particularly Maine (Figure 4b). Orleans (NY) led, where the average customer 

experienced 251.4 hours, or over 10 full days, without power each year. 



 33  

 

 

Figure 4. County yearly averages of customers without power.  

Counties shaded in white lacked any reliable data. a Average total customer hours 

without power. b Average total customer hours without power per customer. Panel b can be 

interpreted as the county-level annual average hours without power that an average customer in 

that county experienced. Power outage data was purchased from PowerOutage.us and county 

basemaps were obtained from the usmap R package version 0.6.1. 

 

2.4.2 Severe weather and climate events and 8+ hour outages  

We explored the role of severe weather and climate events in county-level 8+ hour power 

outages by determining days where isolated and multiple events co-occurred with outages in the 

continental counties with 3 years of reliable data (n = 1,653). Approximately 13% of county-days 
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(n = 22,793) had an 8+ hour outage, 62.1% (n = 14,156) of these county-days co-occurred with 

one or more weather or climate events (Table 2). Because multiple weather and climate events 

can occur in the same county on the same day, we divided analysis into county-days with 

isolated events and county-days with multiple events. 8+ hour outages were 3.4x more common 

on county-days with an isolated event and 10x more common on days with multiple events, 

compared to county-days without any severe weather or climate event. Every severe weather or 

climate event we evaluated, except anomalous cold alone, were related to increased occurrence 

of 8+ hour outages. Tropical cyclone county-days, while not particularly common (0.2% of 

outage county-days), were much more likely (13.7x) to co-occur with an 8+ hour outage than 

county-days without any event. When tropical cyclones happened with other severe weather or 

climate events the likelihood of an 8+ hour outage was even greater. For example, county-days 

with heavy precipitation and a tropical cyclone (representing 3.0% of total outage county-days) 

were 37.6x more likely to have an 8+ hour outage than county-days without an event. County-

days with simultaneous heavy precipitation, anomalous heat, and a tropical cyclone were 51.6x 

more likely to have an 8+ hour outage.  

Table 2. County-day co-occurrence of severe weather or climate events and 8+ hour 

outages.  

Analysis included the 1653 continental counties with 3 years of reliable data. We defined 

co-occurrence if the weather/climate event occurred in the same county on the same day the 8+ 

hour outage began. We separated snowfall out from heavy precipitation. a) The co-occurrence 

ratio was the proportion of county-days with severe weather or climate event type i that co-

occurred with an 8+ hour outage divided by the proportion of county-days without any weather 

or climate event that co-occurred with an 8+ hour outage. A co-occurrence ratio > 1 means that 

8+ hour outages were more likely to occur on county-days with severe weather or climate event i 

compared to days with no event and a ratio <1 means that 8+ hour outages were less likely to 

occur on county-days with severe weather or climate event i compared to days with no event. b) 

An isolated event was a county-day where only a single severe weather or climate event 

occurred. We defined a county exposed to lightning if a lightning flash happened, tropical 

cyclone if the county was within 100 km of a cyclone path, wildfire if the county intersects a 

km2 wildfire, heat if temperatures exceed 24 ÁC and that is above the 85th percentile, cold if 

temperatures are below 0 ÁC and below the 15th percentile, snowfall if snow accumulation > 1 
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inch, and heavy precipitation if precipitation > 85th percentile. c) Multiple events indicate 

county-days where multiple severe weather or climate events occurred. We include the top 7 

most common multiple event types (among power outage days) plus all other multiple events 

grouped and provide the full breakdown in Supplemental Table 3. Power outage data was 

purchased from PowerOutage.us. 

 

While tropical cyclones seemed to confer the greatest increase in 8+ hour outages, other 

events were more common. On county-days when 8+ hour outage occurred in conjunction with a 

single weather or climate event, 75.2% (n = 8,507) happened with heavy precipitation. When 

heavy precipitation county-days occurred, 8+ hour outages happened 4.7x more frequently than 

county-days without an event. Over a third (n = 2,846) of days when a county faced 8+ hour 

outages co-occurred with multiple weather or climate events. The most common multiple events 

co-occurring with 8+ hour outages were heavy precipitation and anomalous heat (32.2%), heavy 

precipitation and tropical cyclones (23.9%) and heavy precipitation and lightning (22.6%). Other 

multiple event types occurred on the remaining 606 county-days with an 8+ hour outage and a 

multiple event (Supplementary Table 4).  

Severe weather or climate event 
County-days,  
N (%) 

8+ hour outage 
county-days,  
N (%) 

Co-
occurrence 
Ratioa 

Total 1,799,319 (100.0) 22,793 (100.0)  -  

None 1,265,213 (70.2) 8,637 (37.9)  - 

Isolated eventb 492,489 (27.4) 11,310 (49.7) 3.4 

      Heavy precipitation 267,823 (14.9) 8,507 (37.3) 4.7 

      Snowfall 25,523 (1.4) 1,172 (5.1) 6.7 

      Anomalous heat 131,727 (7.3) 1,090 (4.8) 1.2 

      Anomalous cold 57,924 (3.2) 344 (1.5) 0.9 

      Wildfire 5,381 (0.3) 84 (0.4) 2.3 

      Lightning 3,578 (0.2) 63 (0.3) 2.6 

      Tropical cyclone 533 (0.03) 50 (0.2) 13.7 

Multiple eventc 41,617 (2.3) 2,846 (12.5) 10.0 

      Heavy precipitation-
anomalous heat  

17,415 (1.0) 917 (4.0) 7.7 
 

      Heavy precipitation-cyclone 2,650 (0.2) 679 (3.0) 37.5  

      Heavy precipitation-lightning 8,142 (0.5) 644 (2.8) 11.6  

      Snowfall-anomalous cold 7,151 (0.1) 250 (1.1) 5.1  

      Heavy precipitation-
anomalous cold 

1,779 (0.1) 134 (0.6) 11.0  

      Heavy precipitation-cyclone- 
anomalous heat 

244 (0.0) 86 (0.4) 51.6  

      Heavy precipitation-
anomalous heat-lightning 

1,197 (0.1) 78 (0.3) 9.5  

      Other 3,039 (0.2) 58 (0.3) 2.8  
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Seasonal and geographic patterns of county-level 8+ hour outage-days and severe 

weather and climate type emerged. For isolated events nationwide, heavy precipitation and 

snowfall predominated in the winter months, anomalous heat in the summer months, and tropical 

cyclones and wildfires played a role between July and November (Figure 5a). Most days with 8+ 

hour outages in the Northeast, Midwest, and South happened simultaneously with heavy 

precipitation. Snowfall contributed more 8+ hour outages in the winter in the West, and wildfires 

made up nearly 75% of co-occurring events in the West in September and October 

(Supplementary Figure 4a). Regarding outage county-days co-occurring with multiple events, 

during summer months the heavy precipitation-anomalously hot temperatures combination 

happened most often. During the fall, heavy-precipitation and tropical cyclone predominated, 

while snowfall and anomalous cold was the most common during winter and into spring when 

heavy precipitation and lightning took over as the most frequency combination (Figure 5b). 
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Figure 5. Monthly distribution of severe weather or climate events on days they co -

ÖÊÊÜÙÙÌËɯÞÐÛÏɯƜɷǶɷÏÖÜÙɯÖÜÛÈÎÌÚɯÈÔÖÕÎɯÊÖÜÕÛÐÌÚɯÞÐÛÏɯƗɯàÌÈÙÚɯÖÍɯËÈÛÈ. 

ÈȺɯ(ÚÖÓÈÛÌËɯÚÌÝÌÙÌɯÞÌÈÛÏÌÙɯÈÕËɯÊÓÐÔÈÛÌɯÌÝÌÕÛÚɯȹÕɷǻɷƕƕȮƗƕƔɯÊÖÜÕÛà-days). b) Multiple 

ÚÌÝÌÙÌɯÞÌÈÛÏÌÙɯÈÕËɯÊÓÐÔÈÛÌɯÌÝÌÕÛɯÊÖÔÉÐÕÈÛÐÖÕÚɯȹÕɷǻɷƖȮƜƘƚɯÊÖÜÕÛà-days). An isolated event was a 

county-day where only a single severe weather or climate event occurred and multiple events 

were county-days where more than one event occurred. We defined a county exposed to 

ÓÐÎÏÛÕÐÕÎɯÐÍɯÈɯÓÐÎÏÛÕÐÕÎɯÍÓÈÚÏɯÏÈ××ÌÕÌËȮɯÛÙÖ×ÐÊÈÓɯÊàÊÓÖÕÌɯÐÍɯÛÏÌɯÊÖÜÕÛàɯÞÈÚɯÞÐÛÏÐÕɯƕƔƔɷÒÔɯÖÍɯÈɯ

ÊàÊÓÖÕÌɯ×ÈÛÏȮɯÞÐÓËÍÐÙÌɯÐÍɯÛÏÌɯÊÖÜÕÛàɯÐÕÛÌÙÚÌÊÛÚɯÈɯȁɷÒÔƖɯÞÐÓËÍÐre, anomalous heat if temperatures 

ÌßÊÌÌËɯƖƘɷȘ"ɯÈÕËɯÛÏÈÛɯÐÚɯÈÉÖÝÌɯÛÏÌɯƜƙÛÏɯ×ÌÙÊÌÕÛÐÓÌȮɯÈÕÖÔÈÓÖÜÚɯÊÖÓËɯÐÍɯÛÌÔ×ÌÙÈÛÜÙÌÚɯÈÙÌɯÉÌÓÖÞɯ

ƔɷȘ"ɯÈÕËɯÉÌÓÖÞɯÛÏÌɯƕƙÛÏɯ×ÌÙÊÌÕÛÐÓÌȮɯÚÕÖÞÍÈÓÓɯÐÍɯÚÕÖÞɯÈÊÊÜÔÜÓÈÛÐÖÕɯǿɯƕɯÐÕÊÏȮɯÈÕËɯÏÌÈÝàɯ

precipitation if precipitation > 85th perc entile. Power outage data was purchased from 

PowerOutage.us. 

 

2.4.3 High 8+ hour outage exposure and vulnerability factors 

Our vulnerability analyses relied on the 2,038 counties with 2+ years of reliable data. We 

categorized counties with SVI indices in the 4th quartile (range: 0.77ï1) as high vulnerability.  

We observed high SVI in parts of the West Coast, the Southeast, and throughout the South 

(Supplementary Figure 5a). Counties in the highest SVI quartile experienced an annual median 
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of 3 (IQR = 5) 8+ hour outages and 80 (IQR = 83) 1+ hour outages compared to an annual 

median of 1 (IQR = 4) 8+ hour outages and 40 (IQR = 73) 1+ hour outages for counties in the 

lowest SVI quartile (Table 3, Wilcoxon Rank Sum p-value <0.01). Outages for counties with the 

top SVI quartile occurred most often in April, June, and October (Figure 6a). This trend persisted 

across census regions, driven by the South (Supplementary Figure 6).  

Table 3. #ÐÚÛÙÐÉÜÛÐÖÕɯÖÍɯƕɷǶɷÏÖÜÙɯÈÕËɯƜɷǶɷÏÖÜÙɯÖÜÛÈÎÌÚɯÉàɯØÜÈÙÛÐÓÌɯÖÍɯ25(ɯÈÕËɯ

prevalence of Medicare DME users per 1000 .  

Analysis includes 2038 counties with 2+ years of reliable data. a) The Wilcoxon rank sum test p-

value < 0.01 when comparing the median of 8+ hour power outages in (1) counties belonging to 

the highest SVI (social vulnerability index) quartile versus all other counties and (2) counties 

belonging to the highest DME (durable medical equipment) use quartile versus all other 

counties. Power outage data was purchased from PowerOutage.us. 

 

 

Metric Quartile 
Quartile 
values 

Total count, N 
Median (IQR) 

count, N 
Max count, N 

1+ 
hour 

8+ hour 1+ hour 8+ hour 
1+ 

hour 
8+ hour 

SVI 

Q1 [0-0.28] 22,468 1,185 40 (73) 1 (4) 195 25 

Q2 
(0.28-
0.53] 

28,228 1,405 57 (92) 2 (4) 217 22 

Q3 
(0.53-
0.77] 

34,911 1,678 68 (99) 2 (5) 330 26 

Q4 (0.77-1] 40,600 1,888 80 (83) 3 (5)a 414 35 

DME 
use, per 

1000 
Medicare 
enrollees 

Q1 [0-45] 32,211 1,616 62 (95) 2 (5) 234 26 

Q2 (45-58] 33,565 1,704 63 (98) 2 (5) 394 35 

Q3 (58-74) 35,276 1,765 68 (98) 2 (5) 414 25 

Q4 (74-478] 25,155 1,071 42 (82) 1 (3)a 217 22 
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Figure 6. "ÖÕÛÖÜÙɯ×ÓÖÛɯÖÍɯÛÏÌɯÊÖÜÕÛɯÖÍɯƜǶɷÏÖÜÙɯÖÜÛÈÎÌÚɯÈÊÊÖÙËÐÕÎɯÛÖɯÚÛÈÙÛɯÛÐÔÌɯÖÍɯÖÜÛÈÎÌɯ

per month by county SVI and DME use quartile.   

Analysis includes 2038 counties with 2+ years of reliable data. a) SVI quartile 

category. b) Medicare DME use per 1000 Medicare enrollees quartile category. DME, durable 

medical equipment; SVI, social vulnerability index. Power outage data was purchased from 

PowerOutage.us. 
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DME analyses also included the 2,038 counties with 2+ years of reliable data. The 4th 

quartile for our DME metric ranged from 74ï478 Medicare DME users per 1,000 Medicare 

beneficiaries and most counties in this category were in the Mountain West, parts of the South, 

and Appalachia (Supplementary Figure 5b). Counties in the highest DME use prevalence quartile 

experienced a yearly median of 1 (IQR = 3) 8+ hour outages and 42 (IQR = 82) 1+ hour outages, 

significantly lower counts compared to the other three quartiles (Figure 6b, Wilcoxon Rank Sum 

test p-value < 0.01).  

We used bivariate LISA analysis with a false discovery rate method to identify clusters of 

counties with a dual burden of high 8+ hour power outage counts and high SVI (4th quartile) or 

high DME use prevalence (4th quartile). We identified 63 counties in 7 states with both high 8+ 

hour outages and high SVI. These high-high county clusters were largely concentrated in 

Louisiana (n = 26), Mississippi (n = 12), Arkansas (n = 9), and Michigan (n = 8) (Figure 7a). 

Among high outage-high SVI counties compared to all others, the components of SVI 

contributing to a high SVI score were higher percentages of ñracial and ethnic minorityò 

individuals (40.4% vs. 24.0%), individuals living below 150% poverty (34.0% vs. 24.3%), and 

those living in mobile homes (20.1% vs. 12.4%). T-tests also showed that these differences were 

statistically significant (p-value < 0.05) (Supplementary Table 4). For Medicare DME use 

prevalence, there were 38 counties in 8 states with high annual average counts of 8+ hour 

outages and high DME use prevalence. States with the most high-high clusters were Arkansas (n 

= 12), Michigan (n = 10), and Louisiana (n = 9) (Figure 7b). 
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Figure 7. !ÐÝÈÙÐÈÛÌɯ+ÖÊÈÓɯ2×ÈÛÐÈÓɯ"ÓÜÚÛÌÙÐÕÎɯ ÕÈÓàÚÐÚɯȹ+(2 ȺɯÖÍɯƜǶɷÏÖÜÙɯÖÜÛÈÎÌÚɯÈÕËɯ

SVI and DME use quartiles.   

The analysis includes 2038 counties. a) SVI and 8+ hour outage LISA. Counties in red 

indicate high SVI and high 8+ hour outage counts. b) Medicare DME users and 8+ hour outage 

LISA. Counties in red indicate high prevalence of Medicare DME users and high 8+ hour outage 

counts. DME, durable medical equipment; SVI, social vulnerability index. Power outage data 

was purchased from PowerOutage.us and county basemaps were obtained from the usmap R 

package version 0.6.1. 
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2.5 Discussion 

This study used hourly county-level data between 2018-2020 from 2,447 US counties, 

covering 73.7% of the US population, to provide a sub-state national analysis of power outages 

affecting Americans. Over 70% of study counties experienced at least one 8+ hour outage during 

the study period. Medically relevant 8+ hour outages were prevalent in the South, Northeast, and 

Appalachia and some areas on the West Coast, while 1+ hour outages patterned similarly with a 

higher concentration in the South. Most outages co-occurred with severe weather or climate 

events, particularly heavy precipitation, anomalous heat, and tropical cyclones. We observed 

clusters of counties facing both frequent 8+ hour outages and high social and medical 

vulnerability measured by SVI and Medicare DME use prevalence. Louisiana and Arkansas had 

many counties with high 8+ hour outage-high SVI and high 8+ hour outage-high DME use 

prevalence.  

Few studies have evaluated power outage exposure nationally. Prior studies have used 

US Department of Energy data and characterized ñelectric emergency incidents and 

disturbancesò at the state-level. This included outages affecting 50,000+ customers or an 

unplanned loss of 300 MW. Most such outage events affected coastal states.10,76 The EIA reports 

yearly summaries of annual outage interruptions at the state level and found that 2020 had the 

longest average durations of outage events.74 Our county-level study evaluating national power 

outage exposure at a sub-state geographic scale contributes to the growing literature on outages 

as an environmental health exposure. 

We used commercial data from PowerOutage.US to generate relative metrics that 

accounted for differences in county customer counts and an absolute metric that based on total 

annual customer hours without power. Both metrics have utility but provide different 
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information. Relative metrics describe disparities and are commonly used to evaluate health 

inequities, while absolute metrics measure the total burden of exposure in a population.96 A 

strength of our study is that we provide both types of metrics for use in a range of contexts, from 

health studies to policy to emergency preparedness and management. 

We observed that most county-days with an 8+ hour outage coincided with one or more 

severe weather or climate events. Prior national state-level studies reported that storms and 

severe weather led to over 50% of outages.10,73 When evaluating blackouts, outages affecting 

50,000+ customers or a loss of 300 MW, Hines et al. found that wind/rain-driven blackouts 

increased between 1984-2006 across all US regions.97 As severe weather and climate events 

increase with climate change, this trend is likely to continue.98 Our study identified specific event 

types most likely to co-occur with 8+ hour outages regionally and seasonally, with heavy 

precipitation (year-round) and snowfall (winter) predominating in the Northeast, Midwest, and 

South and snowfall (winter) and wildfire (fall) leading in the West. Utilities, customers, and 

policymakers could use this information for planning and resource allocation. We also found that 

nearly 40% of county-days with 8+ hour outages occurred without one of the included severe 

weather or climate event that our study considered. These cases were likely due to technical 

problems such as equipment failure or transmission delays.10 Although weather and climate 

events seem to drive recent large-scale outages, issues with the aging electrical grid and 

increases in demand remain, both of which may be contributors to smaller-scale outages at the 

county level.  

A robust literature has established that environmental exposures such as air pollution and 

drinking water violations disproportionately affect certain groups such as low-income, 

communities of color, and under-resourced groups.99,100 However, the environmental justice 
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literature has not equally engaged with power outages, power restoration, or their possible 

inequitable distribution. Prior energy justice studies have noted that natural disasters can 

accentuate disparities in power outages and restoration. For example, power restoration time 

reflects which communities are prioritized and by extension which communities are neglected. In 

Puerto Rico after Hurricane Maria, Sotolongo et al. observed that rural and Black communities 

experienced the longest restoration times,101 and Tormos-Aponte et al. found that social 

vulnerability and political marginalization were linked to longer wait times for the arrival of 

restoration crews.102 During the Texas winter storm in 2021, Flores et al. observed that counties 

with a higher proportion of Hispanic/Latino residents faced more severe outages and that Black 

individuals reported more day-long outages via questionnaires.41 In Florida after Hurricane Irma, 

higher percentages of Hispanic/Latino populations were associated with longer outages.44 Our 

nationwide study found significantly higher median annual counts of 1+ and 8+ hour outages in 

high versus low SVI counties.  

Studies have previously incorporated SVI into research about COVID-19, heat exposure, 

and hurricanes.103ï105 Flanagan et al. demonstrated SVIôs utility in informing policy and 

intervention for those most affected by disaster events like Hurricane Katrina.104 Our study 

identified counties that experienced high 8+ hour outage exposure and high SVI, largely 

concentrated in Louisiana, Mississippi, Arkansas, and Michigan. These counties versus all others 

had significantly higher proportions of residents living in poverty, of "racial/ethnic minority 

status,ò and living in mobile homes, making them potentially more vulnerable to disasters and 

likely in need of more resources to deal with such events. For example, the co-occurrence of 

natural disasters and outages has the potential to exacerbate adverse health outcomes among 

vulnerable communities. This can occur in the case of co-occurring anomalous temperatures and 
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outages where disadvantaged groups may have worse baseline health, lower access to generators, 

higher occupational exposures, and more urban heat island effect exposure.76,106 Further, New 

Yorkers living in public housing after Hurricane Sandy reported inability to purchase basic 

necessities because of widespread power outages in stores.79 Outages shaped some participantsô 

decision to remain in place despite evacuation warnings because people worried about personal 

safety and property theft.79 Communities with high vulnerability face a particular set of concerns 

during outage events, which have implications for their health, so it is important to allocate 

resources to these communities to support them during outage events. 

We found lower median annual 8+ hour outage exposure (1 versus 2) in the highest 

quartile of Medicare DME use compared to other quartiles. Despite this trend, it is crucial to 

consider that DME users are particularly susceptible to the health consequences of outages. Prior 

research showed that during outages, emergency rooms saw a higher proportion of DME users 

seeking care and hospitals needed to make external referrals for treatment.16,107 Medicare DME 

users may be especially vulnerable because they are either older adults or individuals with 

disabilities. Longer outages especially endanger DME users due to possible limited battery life of 

equipment. For example, typical battery life ranges from 3ï4 hours for oxygen concentrators on 

the lowest settings.82 Emergency planning guidance tends to place the onus on DME users to 

adequately prepare.108 A study in Michigan found that only a quarter of older adults using 

essential electricity-dependent medical equipment had an alternative power source.109 In New 

York City, those with electricity-dependent household members had lower perceived 

preparedness (32%) than those without a DME user at home (47%).61 Data from California 

suggests that DME use prevalence and equipment rental days have increased over time, 

particularly among lower SES individuals (e.g., users of Medicaid).110 While we did not identify 
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disproportionate exposure to 8+ hour outages among Medicare DME users, given the growing 

Medicare DME population, their high vulnerability to power outages, and our findings of 

geographic clustering of high 8+ hour outage exposure and high concentrations of DME users, 

emergency preparedness officials should prioritize this demographic in planning.111  

Our study identified clusters of counties that experienced high 8+ hour outage exposure 

and were either socially or medically vulnerable. Knowledge about vulnerability can inform 

equitable disaster preparedness and response, and several organizations have begun efforts to 

collect it. Though not designed explicitly for power outages, the California Office of 

Environmental Health and Hazard Assessment created the California Communities 

Environmental Health Screening Tool (CalEnvironScreen) to identify specific communities most 

affected by social stressors and various sources and forms of pollution.112 The toolôs purpose is 

to inform and guide regulations with environmental justice in mind. We used other vulnerability 

metrics, the CDCôs SVI and the Department of Health and Human Servicesô emPOWER dataset, 

which are part of larger efforts to identify vulnerable communities with the goal of disaster 

preparation.111,113 Prior studies leveraged medical records from hospital databases to map the 

location of DME users in Massachusetts and Centers for Medicaid and Medicare Serviceôs list of 

individuals using oxygen concentrators or ventilators in New Orleans,114 proposing that there are 

publicly available data and sources for informing disaster preparedness as well.98,110 While social 

vulnerability is increasingly integrated into disaster management for equitable emergency 

response, it lacks a major role in grid investment strategies. Initial work has integrated social 

vulnerability into micro-grid strategies, considering critical infrastructure locations under 

different outage scenarios.115 Our results point to US counties where medically and socially 
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vulnerability overlaps with high outage burden, information that could guide investments to 

reduce societal burdens from outages among the most vulnerable.  

Our study had limitations, several related to the PowerOutage.US data. Not all US 

utilities appeared in the dataset, with small rural utilities most often absent. Due to a combination 

of the proportion of customer coverage and temporal missingness, we lacked reliable data on 563 

counties, many of which were in the Midwest and Mountain West. However, our report still 

represents the most comprehensive, county-level summary of power outages to date, covering 

2,447 (78.9%) US counties. Our data spanned only 3 years, so we could not evaluate long-term 

trends. We assessed power outages at the county-level, which did not account for sub-county 

heterogeneity in exposure. For example, a county-level outage could occur due to either several 

minor sub-county outages or a single large outage at one sub-county location. Further, our 

county-aggregated data did not ensure the same customers were without power during 1+ and 8+ 

hour outages. For example, in one outage definition, we required 0.1% of total county customers 

to be without power for 8+ hours, but the composition of the 0.1% without power could change 

during the outage. Spatiotemporal granularity is necessary for accurate outage exposure 

measurement, so future studies, particularly those interested in linking outages to individual 

health outcomes, should consider exposure at a sub-county geographic resolution such as the 

household or building level, perhaps using improved power utility data, internet-connected 

devices, or satellite imagery.87,116ï119 Finally, we identified county-days where severe weather 

and climate events co-occurred with outages, but due to data limitations, we could not causally 

link severe weather and climate events to outages. Future studies that have access to cause-

specific outage data would add to this growing literature.  
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There were also limitations with selected vulnerability metrics. As with the power outage 

data, county-level measures of vulnerability may have masked sub-county level trends. While we 

found a correlation between county-level outages and high SVI, it is possible this relationship 

would differ with finer-scale data. SVI is a summed rank of many vulnerability factors, which 

comprehensively describes county composition but may also include factors less relevant to 

power outage vulnerability. The metric is constructed to identify counties vulnerable to disasters 

but not designed specifically for power outages. Future studies may be interested in evaluating 

individual sociodemographic characteristics or other metrics at finer spatial resolutions. 

Regarding DME use prevalence, the emPOWER dataset undercounts total DME users as it only 

covers Medicare recipients. However, DME use increases with age and disability, and older 

adults and individuals with disabilities are eligible for Medicare, so we likely capture the 

majority of DME use.110  

2.6 Conclusion 

Despite health consequences of outages, few studies have characterized their duration, 

geographic distribution, linkage to weather/climate events, or exposure disparities. Policymakers 

and public health and emergency preparedness officials need this data to equitably allocate 

resources to communities most burdened by and vulnerable to outage events. Our county-level 

power outage exposure data could also support future large-scale epidemiology studies,76 as we 

continue to learn more about the health effects of these primarily climate-driven events. The 

absolute and relative power outage metrics generated herein can inform future policy about 

electricity and healthcare infrastructure planning in the face of climate change.  
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2.8 Supplementary Information  

Supplementary Methods 1. Steps to generate reliability metrics.  

  

1.1 Estimate population served in each county  

¶ Obtain EIA data (Customers excel documents) of appropriate year here: 

https://www.eia.gov/electricity/data/eia861/  

¶ Exclude reports of customers related to Part B ï ñEnergy-Only Servicesò. Customers 

reported for Part B are the same as those reported for Part C ï ñTDUò. They are both part of 

the same power delivery pipeline (distribution and delivery), and we only kept Part C.  

¶ Flag the customer numbers related to Part D ï ñRPM + TDUò. Texas has a different system 

and reports customers for retail marketers and transmission distributions jointly rather than 

other states that report Part A ï ñRPMò and Part C ï ñTDUò. To retain customer data for 

Texas, we flag Part D.  

¶ Calculate the total customers per state per utility per year as Part A + Part C for non-Texas 

states and Part D for Texas.  

¶ Keep customer values only if the combination of state-utility -year appears in the POUS 

dataset. If a combination does not appear in POUS, then including them in our customer 

counts will overestimate our values for total customers served by our POUS utilities.  

¶ Obtain county level data about the number of households from the 2015-2019 ACS.  

¶ Obtain county level data about establishments about the county business patterns from the 

Census Bureau, which was released in 2021.  

¶ Merge county level data about household numbers and establishment numbers by fips.   

¶ Calculate estimates for the total customers served at the state level by summing values about 

households and establishments. We assume that households and establishments approximate 

electricity customers.  

¶ Generate proportions for each county within the state as (total households and establishments 

in a county)/(total households and establishments in the state). These proportions represent 

the percentage of customers out in a county relative to all customers out in the state.  

¶ Scale down customers from the state to the county level by multiplying the proportions 

generated in step 10 and the total customers reported for that state.  

https://www.eia.gov/electricity/data/eia861/


 50  

 

 

1.2 Determine reliable API reporting for a county  

¶ Background: Because API data are reported at the utility-subcounty level (e.g., utility A in 

city A, utility B in city A, utility C in city A), we want to identify APIs that are reliably 

reporting information. An extreme case that does occur is that an API at a subcounty level 

reports outage data only once during the entire 3-year study period from 2017 ï 2020. We 

would want to exclude this information from our analysis as data from such APIs are not 

accurately reporting customers without power.   

¶ General steps:   

o For each utility-subcounty, identify the first and last date time, which will be the 

utility -subcounty report time.  

o Check the frequency with which the utility-subcounty API reports. The frequency is 

the total number of observations between the first and last date time.   

o If the frequency (total observations) of a utility-subcounty is less than or equal to 50% 

of the utility-subcounty report time, then we consider that utility-subcounty API 

unreliable and exclude.  

o For the remaining utility-subcounty combinations, aggregate metrics (e.g., customers 

without power) to the county hour.  

¶ Notes:  

o When an API is nonresponsive, which according to POUS documentation is indicated 

by a duplicated subcounty-utility -date, then we assume that the last observation is 

carried forward for a maximum of 4 hours.   

o When an API reports a high customer out number for a suspiciously long time (e.g., 

90% customers without power for 60 days), we force the value to return to baseline 

(median) customers without power for that subcounty-utility.  

  

1.3 Determine reliable customer coverage for a county  

¶ Background: Although POUS data has information about customers served, the variable is 

not reliable on its own. We create a metric as a proxy for how many customers are covered in 

our POUS data at the county level.   

¶ General steps:  

o For each county, extract the maximum number of customers served reported from the 

POUS dataset and maximum number of customers downscaled from the state to the 

county (generated from ñEstimate population served in each countyò)  

o Calculate the proportion covered as the maximum customers served total (numerator) 

over the maximum downscaled customer estimates (denominator).  

o Apply a threshold for the proportion of customers covered. For our study, we used a 

50% minimum threshold.   
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Supplementary Methods 2. Description of severe weather and climate event data sources, 

temporal scale, study definition, and comments/concerns/caveats. 

 

1. Tropical Cyclones 

¶ Data source: IBTrACS 

¶ Temporal scale: 3-hour resolution (aggregated to daily)  

¶ Current definition: Counties are assigned as ñexposedò if they cross a 100 km buffer of a 
given cyclone track at any point in a day  

¶ Comments/concerns/caveats: The 100 km buffer is imperfect as hurricane exposure 

comprises several heterogeneous exposures (e.g., wind, tornados, precipitation, etc.) 

Literature used to decide on this buffer includes Anderson et al. and Grabich et al.   

 

2. Lightning 

¶ Data source: International Space Station (ISS) Lightning Imaging Sensor (LIS) 

¶ Temporal scale: time of occurrence 

¶ Current definition: Counties are considered exposed if a lightning flash occurs within the 

county boundaries at any point of the day. Timezone originally in UTC. 

¶ Comments/concerns/caveats: None. 

 

3. Snowfall 

¶ Data source: National Gridded Snowfall Estimates  

¶ Temporal scale: daily (noon to noon) 

¶ Current definition: Snowfall is defined as days in which snow accumulation aggregated to 

counties via spatial weighting was equal to or greater than 1 inch. 

¶ Comments/concerns/caveats: None. 

 

4. Anomalous Heat/Cold 

¶ Data source: PRISM  

¶ Temporal scale: Daily (1200-1200/noon-noon UTC) 

¶ Current definition: Anomalous heat exposure is defined as a day above 24 C and that is 

above the 85th percentile based on average weekly temperature over 30 years (1981-2010). 

Anomalous cold defined as when temperatures reached below 0° C and below the 15th 

percentile based on average weekly temperature over the same 30 year period (1981-2010).  

¶ Comments/concerns/caveats: None.  

 

5. Wildfires 

¶ Data source: NIFC  

¶ Temporal scale: Daily 

¶ Current definition: Wildfire exposure is defined as a day in which a county intersects a 1 

km2 wildfire from the date of discovery to the containment.  

¶ Comments/concerns/caveats: Controlled burns are excluded from the exposure data set at this 

time. Temporal data for this dataset is limited, and it has been supplemented by data from 

NIFC. In cases in which a discovery date but no containment data is available, fire out date 

or control date are used. If no end date is available, multivariate imputation by chained 

equations was used (using imputation by classification and regression trees method). 

https://www.ncei.noaa.gov/products/international-best-track-archive?name=ib-v4-access
https://ehp.niehs.nih.gov/doi/10.1289/EHP6976?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed
https://ascelibrary-org.ezproxy.cul.columbia.edu/doi/full/10.1061/%28ASCE%29NH.1527-6996.0000204
https://ghrc.nsstc.nasa.gov/lightning/data/data_lis_iss.html
https://www.nohrsc.noaa.gov/snowfall/index.html?season=2017-2018&date=2021010112&version=0&format=.tif
https://prism.oregonstate.edu/
https://data-nifc.opendata.arcgis.com/datasets/nifc::interagencyfireperimeterhistory-all-years-view/about
https://data-nifc.opendata.arcgis.com/datasets/nifc::wfigs-wildland-fire-locations-full-history/about
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Furthermore, 159 records that were not successfully linked to the discovery date or 

containment date were manually searched using the NFIC, CAL FIRE FRAP, and ICS-209-

PLUS. These boundaries are static and do not capture the dynamism of the fire boundaries.  

 

6. Heavy Precipitation 

¶ Data source: PRISM  

¶ Temporal scale: Daily (1200-1200/noon-noon UTC) 

¶ Current definition: Daily total, gridded precipitation totals were aggregated to counties via 

spatial weighting. Heavy precipitation defined as > 85th percentile for a specific county. 

¶ Comments/concerns/caveats: None. 

 

7. Multiple Events 

¶ Data source: NA 

¶ Temporal scale: daily 

¶ Current definition: Multiple events are defined as county days with greater than one severe 

weather event, that is, a county that experiences more than one of the following in a day: a 

tropical cyclone, lightning strike, snowfall, anomalous heat or cold, a wildfire, or heavy 

precipitation.  

¶ Comments/concerns/caveats: None. 

 

 

 

 

 

 

 

 

 

https://data-nifc.opendata.arcgis.com/datasets/nifc::wfigs-wildland-fire-locations-full-history/explore?location=-0.000000%2C0.000000%2C1.85
https://frap.fire.ca.gov/mapping/gis-data/
https://prism.oregonstate.edu/
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Supplementary Figure 1. County threshold of customers out to determine power outage 

event. Exceeding threshold of customers out meant a county experienced an outage. The 

threshold based on 0.1% customers out, corresponding to the 90th percentile of customers out 

per hour at the county -level during the study period.  Transparent counties (NA) indicate that 

8+ hour outages did not occur there. 
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Supplementary Figure 2. Contour plot of the regional counts of 8+ hour outages according to 

start time of outage per month. Transparent areas indicate that 8+ hour outages did not occur 

in that region at that time.  
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Supplementary Figure 3. Total monthly counts of 8+ hour outages across the study period for 

counties with 2+ years of data. States with the highest total counts of 8+ hour outages were highlighted. 
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a 

 
b 

 
 

Supplementary Figure 4. Census region monthly distribution of severe weather or climate 

events on days they co-occurred with 8+ hour outages among counties with 3 years of data . a 

Isolated severe weather and climate events (n = 11,310 county-days). b Multiple severe weather 

and climate event combinations (n = 2,846 county-days). An isolated event was a county-day 

where only a single severe weather or climate event occurred, and multiple events were county-

days where more than one event occurred. We defined a county exposed to lightning if a 

lightning flash happened, tropical cyclone if the county was within 100km of a cyclone path, 

wildfire if the county intersects a 1 km2 wildfire, anomalous heat if temperatures exceed 24°C 

and that is above the 85th percentile, anomalous cold if temperatures are below 0° C and below 

the 15th percentile, snowfall if snow accumulation > 1 inch, and heavy precipitation if 

precipitation > 85th percentile. Data used to generate plots are described in Supplementary 

Methods 2. Transparent areas indicate no weather events co-occurred with outages in that 

region during that time.  
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Supplementary Figure 5. Counties classified by their vulnerability metric among counties 

with 2+ years of reliable data (n = 2,038). a SVI (social vulnerability index) quartile shows that 

counties with the highest SVI occur in parts of the West coast but largely in the Southeast and 

South. SVI data are publicly available at 

https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html.  

b Medicare DME (durable medical equipment) use prevalence per 1000 Medicare beneficiaries 

by quartile illustrates that counties with the highest prevalence exist in the Mountain West and 

Appalachia. Medicare DME use data are publicly available at 

https://emp owerprogram.hhs.gov/empowermap.  
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Supplementary Figure 6. Contour plot showing the temporal distribution of 8+ hour outage 

start times by county SVI quartile and US census region. Transparent areas indicate that 8+ 

hour outages did not occur in that region at that time.  
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Supplementary Table 1. Description of total counties in the US and counts of total yearly 

availability of reliable power outage data.  

 

State 
Total 

Counties 

Counties with 3 

years of reliable 

data 

Counties with 2 

years of reliable 

data 

Counties with 1 

years of reliable 

data 

Counties with 0 

years of reliable 

data 

AL 67 44 (66%) 5 (7%) 4 (6%) 14 (21%) 

AK 29 2 (7%) 0 (%) 0 (%) 27 (93%) 

AZ 15 5 (33%) 1 (7%) 0 (%) 9 (60%) 

AR 75 54 (72%) 10 (13%) 7 (9%) 4 (5%) 

CA 58 22 (38%) 16 (28%) 2 (3%) 18 (31%) 

CO 64 12 (19%) 10 (16%) 14 (22%) 28 (44%) 

CT 8 8 (100%) 0 (%) 0 (%) 0 (%) 

DE 3 3 (100%) 0 (%) 0 (%) 0 (%) 

DC 1 1 (100%) 0 (%) 0 (%) 0 (%) 

FL 67 41 (61%) 14 (21%) 9 (13%) 3 (4%) 

GA 159 107 (67%) 23 (14%) 10 (6%) 19 (12%) 

HI 5 2 (40%) 0 (%) 0 (%) 3 (60%) 

ID 44 10 (23%) 7 (16%) 14 (32%) 13 (30%) 

IL 102 43 (42%) 7 (7%) 32 (31%) 20 (20%) 

IN 92 51 (55%) 19 (21%) 16 (17%) 6 (7%) 

IA  99 14 (14%) 17 (17%) 43 (43%) 25 (25%) 

KS 105 34 (32%) 28 (27%) 12 (11%) 31 (30%) 

KY 120 79 (66%) 8 (7%) 20 (17%) 13 (11%) 

LA 64 51 (80%) 9 (14%) 0 (%) 4 (6%) 

ME 16 16 (100%) 0 (%) 0 (%) 0 (%) 

MD 24 24 (100%) 0 (%) 0 (%) 0 (%) 

MA 14 10 (71%) 4 (29%) 0 (%) 0 (%) 

MI  83 51 (61%) 17 (20%) 2 (2%) 13 (16%) 

MN 87 30 (34%) 13 (15%) 8 (9%) 36 (41%) 

MS 82 53 (65%) 1 (1%) 7 (9%) 21 (26%) 

MO 115 27 (23%) 22 (19%) 52 (45%) 14 (12%) 

MT 56 0 (%) 0 (%) 1 (2%) 55 (98%) 

NE 93 13 (14%) 15 (16%) 5 (5%) 60 (65%) 

NV 17 4 (24%) 2 (12%) 1 (6%) 10 (59%) 

NH 10 10 (100%) 0 (%) 0 (%) 0 (%) 

NJ 21 21 (100%) 0 (%) 0 (%) 0 (%) 

NM 33 8 (24%) 3 (9%) 3 (9%) 19 (58%) 

NY 62 62 (100%) 0 (%) 0 (%) 0 (%) 

NC 100 75 (75%) 11 (11%) 9 (9%) 5 (5%) 
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ND 53 3 (6%) 13 (25%) 6 (11%) 31 (58%) 

OH 88 72 (82%) 9 (10%) 4 (5%) 3 (3%) 

OK 77 48 (62%) 18 (23%) 5 (6%) 6 (8%) 

OR 36 15 (42%) 3 (8%) 8 (22%) 10 (28%) 

PA 67 64 (96%) 1 (1%) 1 (1%) 1 (1%) 

RI 5 5 (100%) 0 (%) 0 (%) 0 (%) 

SC 46 16 (35%) 6 (13%) 23 (50%) 1 (2%) 

SD 66 2 (3%) 8 (12%) 14 (21%) 42 (64%) 

TN 95 31 (33%) 21 (22%) 13 (14%) 30 (32%) 

TX 254 142 (56%) 19 (7%) 46 (18%) 47 (19%) 

UT 29 5 (17%) 2 (7%) 1 (3%) 21 (72%) 

VT 14 10 (71%) 3 (21%) 0 (%) 1 (7%) 

VA 133 120 (90%) 4 (3%) 2 (2%) 7 (5%) 

WA 39 15 (38%) 9 (23%) 5 (13%) 10 (26%) 

WV 55 55 (100%) 0 (%) 0 (%) 0 (%) 

WI 72 61 (85%) 1 (1%) 9 (13%) 1 (1%) 

WY 23 6 (26%) 2 (9%) 1 (4%) 14 (61%) 
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Supplementary Table 2. Top 5 states by total outage count, counties with outage counts in 

top decile, and percentage of counties in top decile.  

 

Total Outage Count 

States with the greatest number of counties with  

Outage Counts in Top Decile 

8+ Hour 1+ Hour 8+ Hour 1+ Hour 

Louisiana (553) Texas (11,504) Michigan (32) Texas (37) 

Texas (527) Georgia (10,609) Louisiana (29) Louisiana (28) 

Michigan (447) Louisiana (7,826) Mississippi (18) Alabama (22) 

Mississippi (381) 

Mississippi 

(7,188) Texas (18) Mississippi (22) 

North Carolina 

(372) Alabama (6,240) 

New York and  

Virginia (15) 

Pennsylvania and 

Georgia (14) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 62  

 

Supplementary Table 3. Top 5 States with highest total customer -time and top 5 counties 

with highest total customer -time during our study period.  

 

Geography  

State Total Average Customer-Time 

   Louisiana        52,182,771  

   North Carolina        38,267,104  

   California        30,281,140  

   Texas        30,027,869  

   New York        28,780,714  

County  

   Calcasieu (LA)       10,045,051  

   Los Angeles (CA)         7,815,756  

   Fairfield (CT)         7,551,849  

   Davidson (TN)         7,361,656  

   Jefferson (LA)         6,156,641  
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Supplementary Table 4. County -day co-occurrence of severe weather or climate events and 8+ 

hour outages, including all combinations of multiple events.  Analysis included the 1,653 

continental US counties with 3 years of reliable data. We defined co-occurrence if the weather or 

climate event occurred in the same county on the same day the 8+ hour outage began. Note that 

we separated snowfall out from heav y precipitation.  a The co-occurrence ratio was computed as 

the proportion of county -days with severe weather or climate event type i that co-occurred with 

an 8+ hour outage divided by the proportion of county -days without an y weather or climate 

event that co-occurred with an 8+ hour outage. A co-occurrence ratio > 1 means that 8+ hour 

outages were more likely to occur on county -days with severe weather or climate event i 

compared to days with no event and a ratio < 1 means that 8+ hour outages were less likely to 

occur on county-days with severe weather or climate event i compared to days with no event . b 

An isolated event was a county-day where only a single severe weather or climate event 

occurred. We defined a county exposed to lightning if a lightning flash happened, tropical 

cyclone if the county was within 100km of a cyclone path, wildfire if the county intersects a 1 

km 2 wildfire, anomalous heat if temperatures exceed 24°C and that is above the 85th percentile, 

anomalous cold if temperatures are below 0° C and below the 15th percentile, snowfall if snow 

accumulation > 1 inch, and heavy precipitation if precipitation > 85 th percentile. c Multiple 

events indicate county-days where multiple severe weather or climate events occurred. 

 

Severe Weather or Climate Event 
County-Days,  

N (%) 

8+ Hour Outage 

County-Days,  

N (%) 

Co-

occurrence 

Ratio a  

Total 1,799,319 (100.0) 22,793 (100.0) - 

None 1,265,181 (70.3) 8,629 (37.9) 0.5 

None 1,265,213 (70.2) 8,637 (37.9)  - 

Isolated eventb 492,489 (27.4) 11,310 (49.7) 3.4 

      Heavy precipitation 267,823 (14.9) 8,507 (37.3) 4.7 

      Snowfall 25,523 (1.4) 1,172 (5.1) 6.7 

      Anomalous heat 131,727 (7.3) 1,090 (4.8) 1.2 

      Anomalous cold 57,924 (3.2) 344 (1.5) 0.9 

      Wildfire 5,381 (0.3) 84 (0.4) 2.3 

      Lightning 3,578 (0.2) 63 (0.3) 2.6 

Multiple Eventsc 41,576 (2.3) 2,846 (12.5) 5.4 

      Heavy Precipitation- 
17,415 (1.0) 917 (4.0) 7.7 

      Anomalous Heat                           

      Heavy Precipitation- 
2,650 (0.2) 679 (3.0) 37.6 

      Cyclone 

      Heavy Precipitation- 
8,142 (0.5) 644 (2.8) 11.6 

      Lightning 

      Snowfall- 
7,151 (0.4) 250 (1.1) 5.1 

      Anomalous Cold  
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      Heavy Precipitation- 
1,779 (0.1) 134 (0.6) 11.0 

      Anomalous Cold  

      Heavy Precipitation-  

244 (0.0) 86 (0.4) 51.7       Cyclone- 

      Anomalous Heat 

      Heavy Precipitation- 

1,197 (0.1) 78 (0.3) 9.5       Anomalous Heat- 

      Lightning  

      Anomalous Heat- 
985 (0.1) 16 (0.1) 2.4 

      Lightning 

      Heavy Precipitation- 

39 (0.0) 14 (0.1) 52.6       Cyclone- 

      Lightning 

      Heavy Precipitation- 
949 (0.1) 9 (0.0) 1.4 

      Wildfire  

      Anomalous Heat-  
570 (0.0) 6 (0.0) 1.5 

      Wildfire  

      Snowfall- 
24 (0.0) 4 (0.0) 24.4 

      Lightning 

      Snowfall - 
58 (0.0) 3 (0.0) 7.6 

      Wildfire 

      Cyclone- 
41 (0.0) 3 (0.0) 10.7 

      Anomalous Heat 

      Snowfall - 

7 (0.0) 0 (0.0) 0.0       Anomalous Cold- 

      Wildfire 

      Anomalous Cold- 
60 (0.0) 1 (0.0) 2.4 

      Wildfire 

      Heavy Precipitation- 

5 (0.0) 1 (0.0) 29.3 
      Cyclone- 

      Anomalous Heat- 

       Lightning  

      Heavy Precipitation- 

141 (0.0) 0 (0.0) 0.0       Anomalous Heat- 

      Wildfire 

      Lightning- 
72 (0.0) 0 (0.0) 0.0 

      Wildfire 

      Heavy Precipitation- 

48 (0.0) 0 (0.0) 0.0       Lightning- 

      Wildfire 

      Anomalous Heat- 25 (0.0) 0 (0.0) 0.0 
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      Lightning- 

      Wildfire 

      Anomalous Cold- 

7 (0.0) 0 (0.0) 0.0       Snowfall - 

      Lightning  

      Anomalous Cold- 
2 (0.0) 0 (0.0) 0.0 

      Lightning 

      Heavy Precipitation-  

2 (0.0) 0 (0.0) 0.0       Anomalous Cold- 

      Lightning  

      Heavy Precipitation- 

2 (0.0) 1 (0.0) 73.3 
      Anomalous Heat- 

      Lightning- 

      Wildfire 

      Cyclone- 

1 (0.0) 0 (0.0) 0.0       Anomalous Heat- 

      Wildfire  

      Heavy Precipitation- 

1 (0.0) 0 (0.0) 0.0       Anomalous Cold- 

      Wildfire  
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Supplementary Table 5. Attributes of counties with high SVI and high 8+ hour outage 

exposure. *denotes p-value < 0.05 from two-sided t-test comparison of SVI, social vulnerability 

index from the Centers for Disease Control and Prevention and Agency for Toxic Substances 

and Disease Registry. 

SVI Theme Variable 
High-High 

Cluster 

All Other 

Clusters 
Difference 

 

P-value 

Socioeconomic 

Status 

Below 150% 

Poverty (%)* 
34.0 24.3 9.7 

<0.01 

Unemployed (%)* 7.1 5.2 2.0 <0.01 

Housing Cost 

Burden (%) 
22.7 22.3 0.5 

0.5 

No High School 

Diploma (%)* 
16.2 12.3 3.9 

<0.01 

No Health 

Insurance (%) 
9.8 9.5 0.3 

0.5 

Household 

Characteristics 

Aged 65 and Older 

(%)* 
17.9 19.3 -1.3 

<0.01 

Racial/Ethnic 

Minority Status 

Aged 17 and 

Younger (%) 
22.5 22.1 0.4 

0.2 

Civilian with a 

Disability (%)* 
18.2 16.0 2.2 

<0.01 

Single-Parent 

Household (%)* 
8.0 5.8 2.2 

<0.01 

English Language 

Proficiency (%)* 
1.0 1.6 -0.7 

<0.01 

Racial and Ethnic 

Minority (%)*  
40.4 23.9 16.5 

<0.01 

Housing Type & 

Transportation 

Multi -Unit Homes 

(%)* 
3.3 4.8 -1.5 

<0.01 

Mobile Homes 

(%)* 
20.1 12.4 7.7 

<0.01 

Crowding (%) 2.4 2.4 0.0 0.9 

No Vehicle (%)* 8.1 6.1 2.0 <0.01 

Group Quarters 

(%)* 
5.4 3.5 2.0 

<0.01 
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3.1 Abstract 

In the United States, severe weather-driven power outages are increasing in frequency 

and duration, likely with health consequences. Previous studies examined individual severe 

weather events (e.g., heatwaves) and focused on large outages in metropolitan areas. Here, we 

described nationwide spatiotemporal patterns of individual (e.g., tropical cyclone alone) and 

simultaneous (e.g., tropical cyclone + anomalous heat) severe weather events co-occurring with 

8+ hour outages. We used hourly county-level PowerOutage.us data from 2018ï2020 to define 

8+ hour outages as whenever the daily proportion of customers without power was Ó0.1% for Ó8 

continuous hours. We conducted analyses at the daily and county (county-day) level and 

identified county-days with severe weather events, including anomalous cold, anomalous heat, 

anomalous precipitation, snowfall, tropical cyclones, and wildfire. Of 1,657 counties with 

reliable outage data, 1,205 (72.7%) experienced an 8+ hour outage co-occurring with an 

individual severe weather event, and 904 (54.6%) with multiple simultaneous severe weather 

events. Anomalous precipitation events co-occurring with outages were the most common, 

affecting 1,170 (70.6%) counties. These outages concentrated along the Gulf Coast, the 

Northeast, Michigan, and Southern California. Co-occurrence with anomalous heat happened the 

second most frequently, affecting 839 (50.6%) counties, mostly in Southeastern states. Among 

all county-days with a severe weather event, tropical cyclonesïthough rarer and primarily 

affecting the Eastern Seaboardïco-occurred with an 8+ hour outage 24% of the time. On the 

West Coast, wildfires were increasingly likely to co-occur with weather-related outages from 

2018ï2020. Among multiple simultaneous weather events, 8+ hour outages co-occurred with 

anomalous precipitation-anomalous heat on 1,155 county-days in 40 states, anomalous 

precipitation-tropical cyclone on 705 county-days in 24 states, and anomalous cold-snowfall on 
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259 county-days in 27 states. Our results can help guide efforts to strengthen the electricity grid, 

prepare communities for multi-hazard events, and allocate resources for adaptation and recovery. 

 

3.2 Introduction 

From 2000-2023, weather caused 80% of large-scale power outagesðthose that affected 

over 50,000 customers or resulted in a 300-megawatt loss of powerðin the United States (US).2 

Severe weather driven power outages often happen when severe weather physically damages 

energy infrastructure and service pathways used for distribution and delivery. For example, 

extreme heat can cause power lines to sag, sparking fires and damaging electrical wires. 

Cyclones can uproot electrical poles or flood electrical substations. Extreme temperatures, such 

as cold spells and heat waves, can also increase energy demand, taxing the energy system and 

increasing the likelihood of power outages.120,121 Climate change has increased the frequency of 

severe weather events, thus raising the prevalence of severe weather and related outages.122  

Co-occurring severe weather and power outages have several societal consequences. 

These include economic costs. In 2021, Texas experienced a 10-day power outage partly caused 

by severe cold weather. The event resulted in economic losses estimated at $130 billion. Beyond 

economic losses, co-occurring severe weather and power outages can damage human health. 

Power outages can also cut power to air conditioners/fans during heatwaves or heat 

pumps/furnaces during cold weather, heightening health risks via temperature-related 

exposure.11,123 Simulation studies found that co-occurring outages and heatwaves could lead to a 

doubling of heat-related death rates compared to heatwaves alone.22,124 The 2021 Texas Power 

Crisis during extremely cold conditions was linked to increased hypothermia125 and mortality.126 

Power outages co-occurring with extreme cold or extreme heat may be particularly threatening to 
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those in poorly insulated buildings.127 Power outages co-occurring with thunderstorms have been 

linked to increased hospitalizations for cardiovascular20 and respiratory21,128 conditions. For other 

severe weather, such as tropical cyclones or extreme precipitation, power outages may 

exacerbate pre-existing health conditions or increase stress, precipitating worse health endpoints. 

Sometimes multiple severe weather events, e.g., extreme heat and precipitation, co-occur with 

power outages, likely magnifying adverse health effects. In the summer of 2024, Hurricane Beryl 

hit Houston, Texas.129 Cyclone-related damage halted public transportation, which can limit 

healthcare access and induce stress. Power outages stopped oxygen machines and air 

conditioners from working. Extreme heat, which reached 105 degrees Fahrenheit, can bring 

about heat-related illnesses. Taken together, this cyclone-extreme heat-power outage event can 

become a complex disaster scenario. However, these multi-co-exposures remain understudied.   

Few have studied power outages that co-occur with severe weather. Most have focused 

on power outages and a single severe weather event (e.g., heatwave) in specific cities (e.g., 

Phoenix).22,123,130 Mukherjee et al. evaluated several severe weather types in combination (e.g., 

heatwaves, hurricanes, winter storms, thunderstorms) and their co-occurrence with large-scale 

power outages (i.e., outages that affected 50,000+ customers or had 300-megawatt power loss).10 

To date, few studies40,131 have included co-occurring severe weather events and smaller-scale 

power outages across a wide geographic scope. 

Multiple ï 2 or more ï simultaneous severe weather events appear to drastically increase 

the chances of a power outage. In New York, compared to days with no severe weather, 8+ hour 

outages power outages were 391x more prevalent during a heat and heavy precipitation event 

compared to heat alone (9x) or precipitation alone (30x).131 This trend was also observed 

nationally. In a 2018-2020 nationwide study, 8+ hour outages were 11x more common during 
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co-occurring heavy precipitation and anomalous cold than heavy precipitation alone (4.7x) or 

anomalous cold alone (0.9x).40 Neither of these studies examined the spatial distribution of 

power outages co-occurring with 2+ severe weather events despite its importance for shaping 

targeted interventions and preparedness strategies. It is crucial to investigate where and when all 

multi-severe weather events and 8+ hour power outages co-occur. 

In this US nationwide study, we characterized the spatial and geographic patterns of 8+ 

hour power outages co-occurring with (1) individual severe weather events and (2) multiple (i.e., 

2+) simultaneous severe weather events. We leveraged 2018-2020 hourly county-level power 

outage data and focused on anomalous cold, anomalous heat, anomalous precipitation, cyclones, 

snowfall, and wildfires. Understanding spatiotemporal co-occurrence patterns can inform future 

energy policy to strengthen the energy grid, resilience strategies to protect human health, and 

resource allocation for preparedness. 

 

3.3 Methods 

3.3.1 Power outages data and definition 

We used 2018ï2020 PowerOutage.us data on electrical customers without power for US 

sub-counties (e.g., town, city) at 10-minute increments. An electrical customer can be a residence 

(e.g., single-family unit) or a business (e.g., store). We aggregated data to the county and hourly 

level as the average count of customers without power.40 We only included counties with reliable 

data, defined as having Ó50% coverage of county-wide electrical customers and Ó50% reporting 

for the full 3-year period in the study.  

Because longer-duration power outages may have societal and health implications, we 

focused our analyses on power outages lasting 8+ hours, as done previously.40 We defined 
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outages lasting 8+ hours to be when the proportion of customers without power in a county-hour 

exceeded 0.1% for at least 8 consecutive hours. We selected an 8-hour period because this 

duration may be a cut point for health consequences such as the battery life for electricity-

dependent durable medical equipment.82 We identified county-days with an 8+ hour power 

outage that happened on the same day as individual or multiple severe weather events. 

3.3.2 Individual severe weather events  

We gathered data on anomalous cold, anomalous heat, anomalous precipitation, cyclones, 

snowfall, and wildfire, aggregating each severe weather event type to the county-daily level.40 

For anomalous cold, heat, and precipitation, we leveraged Parameter-elevation Regressions on 

Independent Slopes Model estimates reported daily at 30 arc-seconds (~1 km).132 Anomalous 

cold was defined as county-daily temperatures below 0°C and the 15th percentile of historical 

county weekly averages from 1981-2010. We defined anomalous heat as when a countyôs daily 

temperature exceeded 24 °C and the 85th percentile of historical county weekly averages from 

1981-2010. Anomalous precipitation was defined as when precipitation surpassed the county-

weekly average 85th percentile of historical weekly averages from 1981-2010. Using the 

International Best Track Archive for Climate Stewardship project, we identified daily cyclones 

and determined county-days to be exposed if they were within 100km of the cyclonic path.133 For 

snowfall, we extracted 24-hour accumulation data from the National Gridded Snowfall Estimates 

and defined exposure as when there was Ó 1ò snow in a 24-hour county-day.134 For wildfires, we 

relied on the National Interagency Fire Center and defined exposure as when county-days 

overlapped with a Ó 1 km2 actively burning wildfire.135  

3.3.3 Co-occurring individual severe weather and 8+ hour power outage events 
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First, we characterized all co-occurring individual severe weather events with 8+ hour 

power outages. An individual severe weather event that co-occurred with an 8+ hour power 

outage does not necessarily mean that the individual severe weather event caused the 8+ hour 

power outage.  These individual severe weather events were not necessarily isolated events. For 

example, if a county-day faced an 8+ hour power outage, anomalous heat, and a cyclone, in the 

individual hazard analysis, we would consider the county exposed to two individual severe 

weather events that coincided with an 8+ hour power outage. This information can be used to 

prepare for the most common individual severe weather events that co-occur with 8+ hour power 

outages. 

3.3.4 Co-occurring multiple simultaneous severe weather and 8+ hour power outage events 

In a second analysis, we identified multiple simultaneous severe weather events as 2+ 

severe weather events that coincided with an 8+ hour power outage. A multiple severe weather 

event that co-occurred with an 8+ hour power outage does not necessarily mean that the multiple 

simultaneous severe weather event caused the 8+ hour power outage.  Continuing with our 

previous example, an 8+ hour power outage that co-occurred with anomalous heat and a cyclone 

would be identified as part of a multiple simultaneous severe weather co-occurrence. These 

results provide details on the most common severe weather events that happen simultaneously 

and co-occur together with 8+ hour power outages. 

3.3.5 Statistical analysis 

We conducted descriptive analyses on co-occurring severe weather events and 8+ hour 

power outages by characterizing their spatiotemporal distribution. We quantified co-occurring 

individual severe weather and 8+ hour power outage events in several domains: spatially at the 

county level, on a relative scale at the state level, and temporally at the monthly level. We 
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calculated the probability of an 8+ hour outage given (1) an individual severe weather event and 

(2) a multiple simultaneous severe weather event (Equation 1). To do so, we set the numerator 

to be the number of county-days with an 8+ hour power outage co-occurring with a severe 

weather type and the denominator to be the number of county-days with the severe weather type.  

 

Equation 1. Probability of 8+ hour power outage given severe weather type i.  

▪◊□╫▄► ▫█ ╬▫◊▪◄◐▀╪◐▼ ◌░◄▐ ╪▪ ▐▫◊► ▬▫◌▄► ▫◊◄╪▌▄ ╬▫▫╬╬◊►►░▪▌ ◌░◄▐ ▼▄○▄►▄ ◌▄╪◄▐▄► ◄◐▬▄ ░

▪◊□╫▄► ▫█ ╬▫◊▪◄◐▀╪◐▼ ◌░◄▐ ╪ ▼▄○▄►▄ ◌▄╪◄▐▄► ◄◐▬▄ ░
 

 

We also described co-occurring simultaneous multiple (2+) severe weather types and 8+ 

hour power outages at the state level over the study period. Code used for this analysis is 

available on GitHub (https://github.com/viviando/power_outage-severe_weather). 

3.4 Results 

3.4.1 Study characteristics 

This study consisted of 1,657 US counties (containing 156,770,930 electrical customers) 

with 3 years of reliable power outage data from 2018ï2020 (1,816,072 total county-days). 

During the study period, the most frequent severe weather type was anomalous precipitation 

(301,885 county-days, 16.6%), followed by anomalous heat (152,557 county-days, 8.4%), 

anomalous cold (68,369 county-days, 3.8%), snowfall (33,275 county-days, 1.8%),  wildfire 

(7,342 county-days, 0.4%), and cyclone (3,513 county-days, 0.2%) (Table 1). From 2018ï2020, 

most counties (n =1,229 [74.1%] containing 116,767,905 electrical customers) faced at least one 

day when an 8+ hour power outage co-occurred with an individual severe weather event, and 880 

counties (53.1%; 96,204,715 electrical customers) experienced an 8+ hour power outage that co-

occurred with multiple simultaneous severe weather events. There were 22 states where at least 
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80% of counties with reliable power outage data had co-occurrence with an individual severe 

weather event and 9 states (DE, AL, MI, LA, MS, NH, GA, SC, VT) where at least 80% of 

counties with reliable power outage data had co-occurrence with multiple simultaneous severe 

weather events (S1 Table).  

3.4.2 Individual severe weather and 8+ hour power outage events 

The co-occurrence of individual severe weather and 8+ hour power outages varied 

geographically by severe weather type. Outages co-occurring with anomalous precipitation 

events were the most common, affecting 1158 (69.9%) counties, and concentrated along the Gulf 

Coast, Northeast, Michigan, and counties with data in Southern California (Fig 1). Co-

occurrence with anomalous heat occurred the second most frequently, affecting 742 (44.8%) 

counties, mostly in Southeastern states such as Louisiana. 8+ hour power outages co-occurring 

with snowfall impacted 480 (27.5%) counties, which concentrated in the Northeast, particularly 

Maine, and many West Coast counties. Cyclones co-occurring with 8+ hour power outages 

affected 455 counties (27.5%) with a distinct geographic pattern, affecting counties along the 

Eastern Seaboard. Anomalous cold-8+ hour outages impacted 388 (23.4%) counties in areas 

similar to those affected by snowfall-outages, namely the Northeast and West Coast. Lastly, co-

occurrence of wildfires and 8+ hour power outages happened in 25 (1.5%) counties, largely on 

the West Coast and a few on the East Coast.  
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Figure 1. Cumulative county -days of individual severe weather events co -occurring 

with an 8+ hour power outage from 2018 ɬ2020.  

Results are on the 1,657 counties with 3 years of reliable power outage data (1,816,072 

total county -days). The maps on the left share a common legend, and the maps on the right 

share a second common legend. White areas were excluded from the study because they lacked 

3 years of reliable data. The individual severe weather events were not necessarily isolated 

events and could have also co-occurred with another severe weather event.  

 

We found that when a county-day had cyclone exposure, the probability of an 8+ hour 

power outage co-occurring was 0.24, much higher than any other individual weather type (Table 

1). For comparison, the second-ranking probability of an 8+ hour power outage given anomalous 

precipitation was 0.04. Multiple simultaneous weather events more often had higher probabilities 

of co-occurring with an 8+ hour power outage. When a county-day faced anomalous heat-
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anomalous precipitation-cyclone, the probability of an 8+ hour power outage co-occurring was 

0.36 (Table 2). Given anomalous precipitation-cyclone, the probability of an 8+ hour outage was 

0.26.  

Table 1. Summary of individual severe weather events and probability of an 8+ hour 

power outage co-occurring on the same county -day from 2018ɬ2020.  
Results are on the 1,657 counties with 3 years of reliable power outage data (1,816,072 

total county-days). The individual severe weather events were not necessarily isolated events and 
could have also co-occurred with another severe weather event.  

 

 

Table 2. Summary of multiple simultaneous severe weather events and probability of 

an 8+ hour power outage co-occurring on the same county -day from 2018ɬ2020. 

Results are on the 1,657 counties with 3 years of reliable power outage data (1,816,072 

total county -days). Percents of county-days with multiple simultaneous severe weather events 

are relative to 1,816,072 county-days in the study. 
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While anomalous precipitation was the most common individual severe weather event to 

co-occur with 8+ hour power outages in most states (Fig 2), we observed geographic, yearly, and 

seasonal variations in predominant severe weather types. Snowfall frequently co-occurred in the 

Northeast (especially in Vermont, New Hampshire, and Maine), Mountain West, and West 

Coast. More varied severe weather events co-occurred with 8+ hour power outages in Western 

states. In these states, we also noted a potential upward trend over the study period in the 

proportion of 8+ hour power outages co-occurring with wildfires.  
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Figure 2. Composition of county -day severe weather types that co-occurred with an 8+ 

hour outage aggregated to state from 2018ɬ2020. 

Results are on the 1,229 counties that experienced an individual severe weather event 

with an 8+ hour outage, and that had 3 years of reliable power outage data. Because we only 

included counties with 3 years of reliable data and at least one power outage-severe weather co-

occurrence, some state-years lacked any events (e.g., North Dakota in 2018 and 2019). 

 

Co-occurring severe weather and 8+ hour power outages exhibited seasonality. Co-

occurring precipitation and 8+ hour power outages were common year-round, peaking in April. 

Winter months included more co-occurring anomalous cold, anomalous precipitation, and 

snowfall with 8+ hour power outage county-days, while co-occurring anomalous heat 

predominated in summer months (Fig 3). Although the most common typologyïanomalous 

precipitation and 8+ hour outagesïco-occurred year-round, anomalous heat and 8+ hour outages 

were equally prevalent and, at times, the most frequent event during the summer months. 
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September through November included the widest variety of co-occurring individual severe 

weather events and 8+ hour power outages, featuring all combinations. When occurring without 

a severe weather event, 8+ hour power outages burdened counties throughout the year and were 

most common from March through September (S1 Fig).  

 

Figure 3. Cumulative days of severe weather types co -occurring with an 8+ hour 

outage by month in US counties from 2018 ɬ2020. 

Results are on the 1,229 counties that experienced an individual severe weather event 

with an 8+ hour outage, and that had 3 years of reliable power outage data. 

3.4.3 Co-occurring multiple severe weather events and 8+ hour power outages 

Among counties with any co-occurrence, over half (880, 53.1%) also experienced an 8+ 

hour power outage co-occurring with multiple simultaneous severe weather events. Typically, 8+ 

hour power outages co-occurred with two, but occasionally three, simultaneous severe weather 

events (Fig 4). Nationwide, anomalous heat paired most often with anomalous precipitation, 
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followed by cyclone-anomalous precipitation, and anomalous cold-snowfall in co-occurrence 

with 8+ hour power outages (Fig 5). From 2018ï2020, 8+ hour power outages co-occurred with 

simultaneous anomalous precipitation and extreme heat on 1,003 county-days in 39 states, 

anomalous precipitation-cyclone on 695 county-days in 24 states, and anomalous cold-snowfall 

on 252 county-days in 27 states. Among multiple simultaneous weather events, anomalous 

precipitation-anomalous heat co-occurring with 8+ hour outages happened most frequently 

nationally; however, it did not predominate in every state (S3 Table). For example, the pairing of 

anomalous precipitation-cyclone led in North Carolina, Alabama, Mississippi, South Carolina, 

Maryland, and Massachusetts. Despite a smaller geographic range, 8 states experienced wildfire-

involved multi-event power outages, with a total of 23 county-days. Though rare, we observed 

unexpected co-occurrence combinations of severe weather such as anomalous cold-wildfire and 

snowfall-wildf ire. The most common triple weather event was simultaneous anomalous heat, 

anomalous precipitation, and a cyclone co-occurring with an 8+ hour power outage. This took 

place on 90 county-days, 47 of which were in Georgia. 



 82  

 

 

Figure 4. Cumulative county -days of multiple (2+) simultaneous severe weather 

events that co-occurred with an 8+ hour power outage by US state from 2018 ɬ2020. 

Results are on the 880 counties that experienced a multiple simultaneous severe weather 

event with an 8+ hour outage, and that had 3 years of reliable power outage data. The left-most 

column reports total state-level county -days of multiple severe weather events co-occurring 

with a power outage. The first row reports total county -days for any multiple simultaneous 

severe weather events co-occurring with a power outage and for each multiple severe weat her 

combination. The x-axis is ordered from most (left) to least (right) frequent co -occurring severe 

weather event types across all states. 
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Figure 5. Frequency of multiple simultaneous severe weather event types that co -

occurred with a power outage from 2018 ɬ2020. 

Results are on the 880 counties that experienced a multiple simultaneous severe weather 

event with an 8+ hour outage, and that had 3 years of reliable power outage data. The perimeter 

of this circle is like a pie chart. The whole pie represents all county-outage-days exposed to 

multiple simultaneous severe weather events in our study. The colors around the perimeter 

indicate the proportion and count of county -outage-days exposed to each type of multiple 

simultaneous severe weather event. From the bottom right counter-clockwise, the perimeter 

highlighted in red indexes county -outage-days exposed to anomalous heat, green indicates 

anomalous precipitation, yellow indicates cyclone, blue indicates snowfall, orange indicates 

wildfire, and navy indicates anomalous  cold. The shading inside the circle indicates how these 

severe weather types happened simultaneously with an 8+ hour outage. When the interior of 

the circle is shaded with red, but the perimeter is green, this indicates that the red shaded 

county-days of anomalous precipitation happened simultaneously with anomalous heat during 

an 8+ hour outage. For multiple weather events with 3 types of severe weather co-occurring 

with an 8+ power outage, we included each unique pair as separate connections. 
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3.5 Discussion 

In this national analysis spanning 1,657 US counties from 2018ï2020, we found that 

74.1% of counties experienced an individual severe weather event co-occurring with an 8+ hour 

power outage, and 53.1% of counties endured multiple simultaneous weather events with an 8+ 

hour power outage. Climate change and an aging electrical grid continue to drive more weather-

related outages. Prior studies have described overall patterns of power outages,2,40 but none have 

characterized the spatiotemporal distribution to unveil where and when which types of severe 

weather events co-occurred with power outages. Such knowledge would enable targeted 

preparedness and investment strategies.  

Precipitation and anomalous heat most frequently co-occurred with 8+ hour power 

outages geographically and temporally. Our findings are consistent with prior work documenting 

rain-related weather as the biggest driver in larger power outages.2,131 In a 2000-2023 study on 

large power outages, Climate Central reported winter weather (i.e., snow, ice) as the second 

largest driver of power outages, while anomalous heat held the second-ranking spot in our 

analysis. Differences likely arose because our study covered 2018-2020, which likely captured 

warmer days given climate change-driven increasing temperatures. Additionally, their study was 

able to identify causes, while ours focused on co-occurrence, which could result in differences. 

However, despite the high prevalence of co-occurrence with anomalous precipitation and 

anomalous heat, cyclones ï though rarer ï were most likely to co-occur with 8+ hour power 

outages. We found that during 24% of cyclone county-days, an 8+ hour power outage co-

occurred, supporting prior work on cyclones as a major cause of power outages.136,137 
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Cyclones have devastating impacts on population health, and power outages may 

contribute to their health consequences. Previous US studies observed that cyclones were 

associated with increased excess deaths138,139 and hospitalizations139,140 with effects being worse 

for high-poverty140 and socially vulnerable areas.138 Power outages could be an indirect pathway 

between cyclones and health outcomes.141 For example, power outages may cause life-sustaining 

medical device failure (e.g., nebulizers, oxygen tanks). They may also make temperature-

controlling units (e.g., air conditioners and fans) unusable. They may also increase injuries due to 

generator use, natural gas use, and lack of indoor lighting. When power outages co-occur with 

cyclones, the disaster conditions created by the cyclone may make dealing with injuries or the 

consequences of heat or medical equipment failure impossible, increasing hospitalizations. A 

New York State study found that about half the effects of major storms, which included 

hurricanes, on chronic obstructive pulmonary disease could be attributed to power outages.70 

Therefore, power outages may be an important mediator in the relationship between cyclones 

and population health.  

Our results showed that the incidence of 8+ power outages co-occurring with wildfires 

increased over the study period on the West Coast. Over the 3-year period, the proportion of 

power outages co-occurring with wildfires grew in California (2018: 22%, 2019: 26%, 2020: 

29%), Oregon (2018: 10%, 2019: 0%, 2020: 33%), and Washington (2018: 10%, 2019: 0%, 

2020: 13%). As wildfires become more frequent and severe with climate change,142 they 

heighten the likelihood of power outages by damaging the electrical grid (e.g., fires burning 

down electrical poles)143 or prompting proactive responses, such as public safety power shutoffs 

(PSPS).144,145 Although there is a robust literature on risk management for wildfires146 and 

resilience strategies for power outages,145,147,148 studies documenting the co-occurrence of 



 86  

 

wildfires and power outages are limited. In a national 2000-2016 study assessing the cause of 

major power outages, Mukherjee et al. combined heatwaves and wildfires into one category, 

making it difficult to estimate the burden of wildfire-related power outages.10 By creating a 

separate category for wildfire, we identified a potentially increasing trend of co-occurring 

wildfires and outages on the West Coast. Recognizing this trend is crucial to future disaster 

preparedness and mitigation strategies, especially when balancing the benefits and drawbacks of 

wildfire-related PSPS.   

This study had several limitations. We relied on separate datasets for 8+ hour power 

outages and severe weather events. Consequently, we could not determine if severe weather 

definitively caused 8+ hour power outages or simply co-occurred with them. In a 2024 Climate 

Central report, investigators had data from utility companies documenting the causes of large 

outages.2 Future studies could use this dataset to evaluate multiple simultaneous severe weather 

events as causal drivers of large-scale outages. Even though we could not determine causality, 

characterizing where and when severe weather and 8+ hour power outages co-occur is still 

important, since co-occurring severe weather may modify the effects of power outage on 

health.20,128,149 Outages that co-occur with extreme heat or cyclones may have much more severe 

health consequences than outages that happen during fair weather.  Lastly, although we applied 

reliability metrics for our study counties, we have no information on counties missing all utility 

data. These counties were most often in the Southwest and Mountain West. As such, our findings 

may not generalize to these regions. To enhance knowledge on patterns of power outages and 

severe weather in these areas, future studies should seek and leverage data in these regions (i.e., 

including data from smaller electricity collectives). 
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3.6 Conclusion 

Our study contributes to the sparse body of literature examining severe weather events 

that co-occur with power outages. Co-occurring severe weather events and power outagesïwhich 

took place in nearly 75% of counties with reliable power outage dataïcould lead to complex 

multi-hazard disasters. Understanding that 8+ power outages most commonly co-occur with 

anomalous precipitation, most likely co-occur with cyclones, and where different weather-outage 

combinations take place is crucial for mitigation, preparedness, and response tactics. Moreover, 

recognizing that power outages also co-occur with 2+ simultaneous severe weather events is 

important for novel response strategies to protect population health.150,151 Further research is 

required to examine the effects of these multi-hazard exposures on human health. Simulations of 

different combinations in different locations will be essential for a coordinated preparedness 

campaign and relief effort. Such research may shape preparedness and relief efforts to minimize 

mortality and morbidity.  
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3.8 Supplementary information 

 

S1 Fig. Cumulative days of 8+ hour outage without a severe weather event by month in US 

counties from 2018ɬ2020. Results are on the 1,657 counties with 3 years of reliable power outage 

data (1,816,072 total county-days). 

 

 

 

 

 

 

 

 

 



 89  

 

S1 Table. Cumulative reliable counties per state, reliable counties with an individual severe 

weather event co-occurring with an 8+ hour power outage, and reliable counties with 

multiple simultaneous severe weather events co -occurring 8+ hour power outage from 2018ɬ

2020. Results are on the 1,657 counties with 3 years of reliable power outage data (1,816,072 total 

county-days). The individual severe weather events were not necessarily isolated events and 

could have also co-occurred with another severe weather event. 

 

State 

Total counties with  

3 full years of 

reliable power 

outage data 

Counties with 

individual severe 

weather + any  

8+ hour power 

outage (%) 

Counties with 

multiple 

simultaneous severe 

weather + any  

8+ hour power 

outage (%) 

Alabama 44 44 (100) 43 (97.7) 

Arizona 5 5 (100) 2 (40) 

Arkansas 54 53 (98.1) 37 (68.5) 

California 22 12 (54.5) 9 (40.9) 

Colorado 12 9 (75) 4 (33.3) 

Connecticut 8 8 (100) 4 (50) 

Delaware 3 3 (100) 3 (100) 

District Of 

Columbia 

1 1 (100) 1 (100) 

Florida 41 40 (97.6) 23 (56.1) 

Georgia 107 98 (91.6) 89 (83.2) 

Idaho 10 5 (50) 2 (20) 

Illinois 43 37 (86) 15 (34.9) 
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Indiana 51 33 (64.7) 21 (41.2) 

Iowa 14 10 (71.4) 4 (28.6) 

Kansas 34 12 (35.3) 2 (5.9) 

Kentucky 79 68 (86.1) 31 (39.2) 

Louisiana 51 47 (92.2) 47 (92.2) 

Maine 16 11 (68.8) 4 (25) 

Maryland 24 19 (79.2) 19 (79.2) 

Massachusetts 10 9 (90) 5 (50) 

Michigan 51 50 (98) 49 (96.1) 

Minnesota 30 22 (73.3) 18 (60) 

Mississippi 53 51 (96.2) 48 (90.6) 

Missouri 27 20 (74.1) 5 (18.5) 

Nebraska 13 5 (38.5) 4 (30.8) 

Nevada 4 1 (25) 1 (25) 

New Hampshire 10 10 (100) 9 (90) 

New Jersey 21 9 (42.9) 9 (42.9) 

New Mexico 8 2 (25) 2 (25) 

New York 62 36 (58.1) 25 (40.3) 

North Carolina 75 60 (80) 57 (76) 

North Dakota 3 1 (33.3) 1 (33.3) 

Ohio 72 29 (40.3) 23 (31.9) 

Oklahoma 48 38 (79.2) 20 (41.7) 

Oregon 15 7 (46.7) 2 (13.3) 
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Pennsylvania 64 55 (85.9) 40 (62.5) 

Rhode Island 5 5 (100) 3 (60) 

South Carolina 16 13 (81.2) 13 (81.2) 

South Dakota 2 2 (100) 1 (50) 

Tennessee 31 22 (71) 3 (9.7) 

Texas 142 103 (72.5) 62 (43.7) 

Vermont 10 8 (80) 8 (80) 

Virginia 120 59 (49.2) 49 (40.8) 

Washington 15 11 (73.3) 8 (53.3) 

West Virginia 55 32 (58.2) 11 (20) 

Wisconsin 61 51 (83.6) 44 (72.1) 
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S2 Table. County -level burden of individual severe weather events co -occurring with power 

outages from 2018ɬ2020. Results are on the 1,657 counties with 3 years of reliable power outage 

data (1,816,072 total county-days). 

 

Severe weather type co-

occurring with an 8+ hour 

outage 

Total counties 

affected (%) 

Anomalous Precipitation 1158 (69.9%) 

Anomalous Hot 742 (44.8%) 

Snowfall 480 (29%) 

Cyclone 455 (27.5%) 

Anomalous Cold 388 (23.4%) 

Wildfire 25 (1.5%) 
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S3 Table. The predominant multiple simultaneous severe weather events co -occurring with 

8+ hour power outage, by state from 2018ɬ2020. Results are on the 1,657 counties with 3 years 

of reliable power outage data (1,816,072 total county-days). States with more than one multiple 

simultaneous severe weather type listed means that all listed combinations were equally the 

most common. 

 

State Multiple Severe Weather Type 

Total 

county-

days 

Alabama Cyclone and Anomalous Precipitation 31 

Arizona Anomalous Precipitation and Wildfire 1 

Arizona Anomalous Heat and Wildfire 1 

Arizona Anomalous Cold and Snowfall 1 

Arkansas Anomalous Precipitation and Heat 23 

California Anomalous Cold and Snowfall 7 

Colorado Anomalous Cold and Snowfall 10 

Connecticut Anomalous Precipitation and Heat 4 

Delaware Anomalous Precipitation and Heat 2 

District Of 

Columbia 

Anomalous Precipitation and Heat 1 

Florida Anomalous Precipitation and Heat 16 

Georgia Cyclone, anomalous heat, anomalous precipitation 47 

Idaho Anomalous Cold and Snowfall 3 

Illinois Anomalous Precipitation and Heat 10 

Indiana Anomalous Precipitation and Heat 15 
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Iowa Anomalous Precipitation and Heat 13 

Kansas Anomalous Precipitation and Heat 6 

Kentucky Anomalous Precipitation and Cold 18 

Louisiana Anomalous Precipitation and Heat 32 

Maine Anomalous Cold and Snowfall 2 

Maine Anomalous Precipitation and Cold 2 

Maryland Anomalous Precipitation and Heat 9 

Maryland Cyclone and Anomalous Precipitation 9 

Massachusetts Anomalous Precipitation and Heat 4 

Massachusetts Cyclone and Anomalous Precipitation 4 

Michigan Anomalous Cold and Snowfall 21 

Minnesota Anomalous Precipitation and Heat 16 

Mississippi Cyclone and Anomalous Precipitation 30 

Missouri Anomalous Precipitation and Heat 8 

Nebraska Anomalous Cold and Snowfall 3 

Nevada Anomalous Cold and Snowfall 1 

New Hampshire Anomalous Cold and Snowfall 3 

New Hampshire Anomalous Precipitation and Heat 3 

New Jersey Anomalous Precipitation and Heat 7 

New Mexico Anomalous Precipitation and Wildfire 1 

New Mexico Anomalous Precipitation and Cold 1 

New Mexico Anomalous Precipitation and Heat 1 

New Mexico Anomalous Cold and Snowfall 1 
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New York Anomalous Precipitation and Heat 13 

North Carolina Cyclone and Anomalous Precipitation 38 

North Dakota Anomalous Precipitation and Heat 2 

Ohio Anomalous Precipitation and Heat 22 

Oklahoma Anomalous Precipitation and Cold 18 

Oregon Anomalous Cold and Snowfall 3 

Pennsylvania Anomalous Precipitation and Heat 24 

Rhode Island Anomalous Precipitation and Heat 2 

South Carolina Cyclone and Anomalous Precipitation 13 

South Dakota Anomalous Cold and Snowfall 2 

Tennessee Anomalous Precipitation and Heat 7 

Texas Anomalous Precipitation and Heat 46 

Vermont Anomalous Cold and Snowfall 5 

Virginia Anomalous Precipitation and Heat 26 

Washington Anomalous Cold and Snowfall 12 

West Virginia Anomalous Precipitation and Heat 8 

Wisconsin Anomalous Precipitation and Heat 29 
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4.1 Abstract 

Power outages are common. They can result in exposure to extreme temperatures by 

shutting off temperature-controlling devices, and thereby also cause stress. Consequently, 

outages may precipitate cardiovascular disease (CVD)-related hospitalizations. We assessed this 

relationship among older adults. We leveraged 2017-2018 data from 245,452 New York State 
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Medicare Fee-for-Service beneficiaries (65+ years) with 390,530 CVD hospitalizations. Using 

NY Department of Public Services data, we calculated total hours without power 1 day, 1-2 days, 

and 1-3 days before case and control periods, with an outage ZIP Code Tabulation Area (ZCTA)-

hour defined based on Ó10% percent of customers in a ZCTA-hour without power in primary 

analyses. We used a caseïcrossover study design and ran conditional logistic regression to assess 

associations separately within each urbanicity level: New York City (NYC), non-NYC urban, 

and rural areas. We additionally stratified models by warm versus cool season, individual-level 

age and sex, and ZCTA-level socioeconomic factors. Secondarily, we considered emergency (n 

= 298,910) and non-emergency hospitalizations separately. We generally observed null 

associations between power outages and all CVD hospitalizations across New York State and 

within sub-groups. For example, in NYC, we observed a rate ratio of 1.05 (95% CI: 0.85-1.30) 

for each additional power outage hour 1 day prior. The caseïcrossover design we used 

eliminated time-fixed confounding, but there were a limited number of exposed cases, limiting 

statistical power. Future studies should investigate co-occurring severe weather, span additional 

years, and evaluate other and broader geographic areas. 

 

4.2 Introduction 

Power outages are common, affecting over 70% of the US population from 2018-2020.40 

They are becoming more frequent with climate change and are often caused by severe weather 

events.152 Climate change-related severe weather events will increase the frequency of power 

outages by damaging infrastructure. Rising temperatures will increase energy use, which may 

cause power outages when electricity demand outstrips supply.153 Prior studies have found 

associations between power outages and increased risk for cardiovascular-disease (CVD) related 

hospitalizations,24 respiratory hospitalizations,69,128 injuries,18 and mortality.16,76 Power outages 
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can negatively impact health via several pathways. Loss of electricity to medical equipment,11 

elevators,154 and refrigeration155,156 can affect health, as can psychosocial stress from power 

outages157 and physical responses to changing indoor temperatures.123,127,130 

Older adults may face particular risks during power outages due to thermoregulation 

changes associated with aging,158 underlying health conditions,63 social isolation,159 and an 

increased reliance on mobility devices, elevators, and other electricity-dependent medical 

devices for daily activities.160 Older adults also have the highest prevalence of electricity-

dependent durable medical equipment use (e.g., nebulizers, oxygenators) compared to those of 

other ages, and loss of these devices can be life-threatening.82 Existing literature suggests that 

older adults might be more at risk for health consequences from power outages compared to 

younger adults.13,161,162 Lin et al. (2011) found that the 2003 Blackout in New York City 

increased risk of respiratory hospitalization among older adults.13 In contrast, a mixed-methods 

case study on power outages after Hurricane Irma (2017) in Florida found that households with 

an individual aged 64 and older did not report stress or discomfort related to outages; however, 

results were not specific to outcomes among older adults.163 When focused on health outcomes 

among older adults, Skarha et al. (2021) found that Hurricane Irma-related outages were 

associated with higher mortality among nursing home residents aged 65 and older.164 Surveys 

report that older versus younger adults are more concerned about power outage-related health 

consequences,61 but only 17% of older adults are prepared for outages.156,165 The lack of 

preparedness may present problems for older adults during an outage. Despite the dangers power 

outages may pose to older adults, limited research focuses on this vulnerable population.  

CVD is widespread among older adults and is their leading cause of morbidity and 

mortality.166 Understanding the impact of power outages on CVD outcomes is crucial. Power 
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outages may exacerbate CVD in older adults by causing indoor temperature changes, as well as 

through other pathways. For example, power outages prevent many temperature-controlling 

devices (e.g., air conditioners) from operating and may consequently expose individuals to 

extreme temperatures. Drastic temperature changes can exacerbate pre-existing CVD conditions, 

particularly for older adults.167,168 Epidemiologic studies thus far have observed both null20 and 

positive21,24 associations between power outages and CVD endpoints. Lin et al. (2021) found null 

associations with CVD hospitalizations in New York State (NYS) during shoulder months (i.e., 

October-November, March-April). However, Deng et al. (2022) evaluated NYS power outages 

throughout the year and observed an association between power outages and risk of CVD 

hospitalizations with lagged effects up to one week.21 Dominianni et al. (2018) found that large 

power outage events from 2002-2014 during the colder months were associated with CVD 

hospitalizations in New York City (NYC) for all ages.24 Specific to older populations, Skarha et 

al. (2021) reported an association between power outages and mortality in nursing homes and 

posited that indoor temperature fluctuations contributed to increased mortality cases during 

Hurricane Irma in 2017.164 As epidemiologic studies on the impact of power outages on 

cardiovascular health are limited, it is crucial to continue examining such relationships among 

older adults given their high prevalence of CVD.  

Prior studies found that power outages are more common and can last longer in 

communities of color, low-income areas, and socially vulnerable communities.40,41,84 Beyond 

exposure disparities, the health consequences of outages likely differ across sociodemographic 

subgroups and environmental characteristics.169 Persistently marginalized groups face additional 

socioeconomic stressors and environmental burdens, potentially worsening the health effects of 

power outages. For example, low-quality housing with poor insulation may heighten exposure to 
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extreme temperatures and increase reliance on temperature-controlling devices. Moreover, power 

outage preparedness also varies by subgroups, with low-income individuals in NYC reporting 

being less prepared.61 Power outages may also differentially affect hospitalizations occurring 

between the emergency versus non-emergency visits. Outages can exacerbate health conditions 

that require immediate medical attention, thereby potentially increasing emergency 

hospitalizations and simultaneously delaying healthcare utilization for non-urgent issues, 

especially for older adults.170,171  

We examined the impact of power outages on CVD hospitalizations among Medicare 

Fee-for-Service enrollees in NYS and evaluated effect measure modification by individual- (e.g., 

age, sex) and area-level (e.g., urbanicity, home value, poverty) characteristics, as well as season. 

We also conducted secondary analyses that distinguished emergency and non-emergency 

hospitalizations. To this end, we leveraged high spatiotemporal data on power outages and the 

full New York State Medicare population from 2017-2018. 

 

4.3 Methods 

4.3.1 Study population 

Our study included Medicare Fee-for-Service enrollees (aged 65+) residing in NYS from 

2017-2018. Inpatient claims data originated from the Center for Medicare and Medicaid Services 

and contained information on date of hospitalization, type of hospitalization (emergency versus 

other), cause of hospitalization (via diagnostic codes), residential ZIP code, age, and sex.  

This study was approved by the Institutional Review Boards at WIRB (single IRB for 

multi-site project), the Harvard T.H. Chan School of Public Health, and the Columbia University 

Mailman School of Public Health. 
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4.3.2 Exposure 

We obtained data on electrical customers and customers served every 30 minutes within 

1,865 total power operating localities (POLs) from the New York Department of Public Services 

(NYSDPS). We interpolated POL data by area to 1,794 ZIP Code Tabulation Areas (ZCTAs). 

Briefly, we calculated hourly averages of customers without power within POLs and determined 

hourly customer averages after intersecting POL boundaries with ZCTA boundaries.18 We 

defined a power outage hour based on the percentage of customers without power in the ZCTA. 

Prior power outage studies examined several cut points to test for an exposure-response 

relationship.18,128 We chose three cut points: Ó1% (secondary), Ó10% (primary), and Ó20% 

(secondary) customers without power. The Ó1% cut point captures small and large outages, and 

includes outages whenever 1%-100% of customers lose power. The Ó20% cut point captures 

only large outages. For each ZCTA for every hour, we created a binary exposure classification 

such that a ZCTA-hour was exposed to a power outage if the percentage of customers without 

power exceeded the cut point (e.g., 10%). For example, if a ZCTA had 1,000 electrical 

customers, an hour would be exposed if 10 or more customers (i.e., at least 10% of ZCTA 

customers) were without power. For a cut point of 1%, the minimum number of customers 

without power would be 10, and for a cut point of 20%, the minimum number of customers 

without power would be 200. After assigning power outage exposure for every ZCTA-hour, we 

aggregated the total power outage hours for each ZCTA-day (range 0 to 24 hours). If a ZCTA 

with 1,000 customers had 5 hours where at least 100 customers were without power during a 

particular day, that ZCTA-day had 5 hours of power outage during that day. As power outages 

may have different pathways impacting CVD hospitalization (eFigure 1), the relevant short-term 

time exposure period remains unknown. Thus, we assessed the cumulative number of power 
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outage hours in several exposure windows for our primary analysis (Ó10% customers without 

power): the day prior to hospitalization day (lag 1), 1-2 days prior (lags 1-2), and 1-3 days prior 

(lags 1-3). Using this setup, we considered a ZCTA with 1 hour of power outage on the day prior 

to hospitalization (lag 1), 6 hours on the 2 days prior (lag 2), and 11 hours on the 3 days prior 

(lag 3) as having cumulative outage hours of 1 hour on lag 1, 7 hours on lags 1-2, and 18 hours 

on lags 1-3.   

For secondary analyses involving different customer cut points (i.e., Ó1%, Ó20%), we 

only assessed lag 1. As a sensitivity analysis to test for exposure-response relationships, we 

considered lag 1 power outage exposure with the percent of customers without power Ó0.1% 

(limited outage) and Ó50% (very large outage). Additionally, we assessed cumulative power 

outage hours on hospitalization day (lag 0). Although there may be temporality issues (i.e., 

power outage exposure could occur after hospitalization), this sensitivity analysis aimed to 

capture sub-daily associations as seen in other environmental health exposures such as 

temperature.34,172 

Because of the vast differences in population density and average percent of customers 

without power by urbanicity, we classified ZCTAs as NYC, non-NYC urban, or rural. To 

identify NYC ZCTAs, we used the NYC Department of Health and Mental Hygiene Modified 

ZIP Code Tabulation Areas dataset.173 For the remaining non-NYC ZCTAs, we used the 2020 

US Census total population counts. A non-NYC ZCTA with Ó50% rural population was defined 

as rural, while a non-NYC ZCTA with <50% rural population was defined as non-NYC urban. 

We created these designations to run analyses separately for each urbanicity category. For data at 

the ZCTA-level, we converted information to ZIP codes using the yearly Uniform Data System 

(UDS) Mapper crosswalk.174  
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4.3.3 Outcome 

We accessed daily inpatient hospitalizations among Medicare Fee-for-Service patients 

using diagnostic codes. As in previous studies, we used the International Classification of 

Diseases (ICD) 10 codes for myocardial infarction, ischemic stroke, and hypertension (eTable 

1).33,34 We considered a CVD hospitalization to be if any ICD-10 for myocardial infarction, 

ischemic stroke, and hypertension appeared in the first four positions. As a sensitivity analysis, 

we removed hypertension. In a secondary analysis, we considered emergency versus non-

emergency hospitalizations. We classified an admission to be an emergency visit if patients were 

admitted through the emergency or urgent care and a non-emergency visit if patients were not.  

4.3.4 Covariates 

For meteorological variables, we obtained daily minimum temperature, daily maximum 

temperature, and daily total precipitation at a 1km2 resolution from the Daymet, a dataset from 

the Oak Ridge National Laboratory.175 Using Google Earth Engine,176 we spatially joined 

temperature and precipitation rasters to ZCTA boundaries using areal weighting. The rasters 

contained daily data on temperature and precipitation in 1km2 grids across NYS. We used areal 

weighting to allocate grid values proportionately to the overlap between grid cells and ZCTAs to 

estimate the minimum temperature, maximum temperature, and total precipitation for each 

ZCTA-day.  

Individual age and sex were available from the hospitalization records. We created two 

age groups, <80 years and Ó80 years, hypothesizing stronger effects among the oldest adults. 

Additionally, we classified warm months to be May ï September and cool months to be October 

ï April to conduct secondary season-specific analyses as in prior power outage work.17  
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As home quality and poverty may modify the health effects of power outages, we extracted 

ZCTA data from the 2014-2018 American Community Survey (ACS). To determine an areaôs 

home quality, we classified ZCTAs based on the 25th percentile of the median home value in 

each urbanicity category (i.e., NYC, non-NYC urban, rural). For area-level poverty, we assigned 

ZCTAs as high poverty if Ó10% (the distribution median) of households lived below the federal 

poverty cut point.  

4.3.5 Statistical analyses 

For our main analyses, we used a time-stratified caseïcrossover study design matching 

on day of week, month, and year.177,178 We employed a conditional logistic regression and ran 

analyses separately for each urbanicity, for NYC, non-NYC urban, and rural classifications. The 

caseïcrossover study design contrasts the exposure distribution among case days (i.e., days with 

a CVD hospitalization) versus control days (i.e., days without a CVD hospitalization) for each 

individual within the same day of week, month, and year. By matching individuals to themselves 

(which also inherently matches on ZCTA), the study design eliminates confounding by time-

invariant confounders; by matching on day of week, month, and year, this study design 

eliminates confounding by day-of-week patterns and seasonal and long-term trends (eFigure 

2).179,180 We fit the following model for our main analyses: 

 

ÌÏÇ
ὴ

ρ ὴ
‌ ‍ὢ ὲίὓὥὼ ὸὩάὴὩὶὥὸόὶὩὲίὝέὸὥὰ ὴὶὩὧὭὴὭὸὥὸὭέὲ   

 

such that ὴ  represents the probability of CVD hospitalization for a case (j = 1) or a control (j = 

0) within a case-stratum i, ‌ represents intercepts for each stratum i and is not estimated in a 

conditional logistic model, ‍ represents the coefficient for exposure (i.e., total power outage 
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hours) for a case (j = 1) or a control (j = 0) within a case-stratum i, and ὲίὝὩάὴὩὶὥὸόὶὩ and 

ὲίὖὶὩὧὭὴὭὸὥὸὭέὲ  represent natural splines for covariates, maximum temperature and total 

precipitation. 

For main analyses, we considered the following combinations of customer cut points and 

lag periods: (1) 10% cut point for lag day 1, lag days 1-2, and lag days 1-3 and (2) 1%, 10%, 

20% cut points for lag day 1. For the first combination, we chose a 10% cut point, as this can 

represent moderate power outages. As the hazard period for power outages is unknown, we 

selected an acute window of lag day 1 to anchor the second combination. 

For each urbanicity category, we included natural splines to adjust for potential time-

varying confounding by meteorological factors. We determined the optimal degrees of freedom 

(df) using the lowest Akaike Information Criteria (AIC)181,182 ranging from 3 to 6 df. Our models 

adjusted for nonlinear daily maximum temperature (NYC: 4 df, non-NYC urban and rural: 3 df) 

and nonlinear daily total precipitation (NYC and urban: 2 df, rural: 4 df).  

In effect modification analyses, we further stratified the main models by individual-level 

characteristics (i.e., age, sex) and area-level characteristics (i.e., median home value, ZCTA 

poverty). Additionally, we ran models by warm versus cool months. For warm months, we 

adjusted for daily maximum temperatures, while for cold months, we adjusted for daily 

minimum temperatures. As there is more temperature homogeneity within seasons than across 

the year, we updated degrees of freedom based on lowest AIC for the span of 1-3 df.  

For secondary analyses, we stratified analyses by emergency versus non-emergency CVD 

hospitalizations at lag 1 using the 10% cut point and also evaluated these differential 

relationships across lags 1-3 using the 1%, 10%, and 20% cut points. 
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In sensitivity analyses, we also defined power outages at alternative cut points and 

considered several exposure periods as described above (i.e., 0.1%, 50%). As an additional 

sensitivity analysis, we excluded hypertension from analyses. All analyses were run in R version 

4.2.0 (2022-04-22). Code used for this study can be found here: https://github.com/NSAPH-

Projects/power_outages-adrd_hosp-cond_log 

 

4.4 Results 

4.4.1 Study characteristics 

Our study included 245,452 Medicare Fee-for-Service enrollees in NYS living in 196 

NYC, 659 non-NYC urban, and 897 rural ZCTAs during 2017-2018. During the study period, 

390,530 CVD-related hospitalizations occurred, with more than half (n= 214,459, 54.9%) in non-

NYC urban ZCTAs, 130,857 (33.5%) in NYC ZCTAs, and 45,214 (11.6%) in rural ZCTAs. 

CVD hospitalizations were primarily emergency (n=298,910, 76.5%) versus non-emergency 

(n=91,620, 23.5%). During the study period, there were 98,378 hours of power outages defined 

at the 10% cut point in 1,539 (87.4%) ZCTAs statewide. ZCTAs with the most power outages 

were concentrated in the northern central and southern coastal regions (Figure 1). Rural ZCTAs 

experienced the most power outages at the 10% cut point (n=70,538), followed by non-NYC 

urban (n=27,776), and NYC (n=74) ZCTAs. In non-NYC urban and rural areas, power outages 

commonly occurred during late winter and early spring, while for NYC, they more often 

occurred in the summer (eFigure 3).  

https://github.com/NSAPH-Projects/power_outages-adrd_hosp-cond_log
https://github.com/NSAPH-Projects/power_outages-adrd_hosp-cond_log
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Figure 1. Distribution of ZCTA -level cumulative hours of power outages using a 10% 

customer cut point in NYS, 2017 -2018. 

Inset map of NYC is highlighted.  Grouped power outage hour categories include 0 and 

quartiles of non -zero, non-missing values. White indicates missing data. 

4.4.2 The association between power outages and CVD hospitalizations 

Broadly, we observed null associations for our main analyses across NYC, non-NYC 

urban, and rural ZCTAs. For our primary analyses evaluating a Ó10% customer cut point across 

different exposure periods (lag 1, lags 1-2, lags 1-3) (Figure 2), we observed no association with 

CVD hospitalizations in NYC, non-NYC urban, or rural areas. For analyses where we set the lag 

period to lag day 1 and considered various customer cut points (i.e., 1%, 10%, 20%), we also 

observed no associations across urbanicity types (Figure 3). 
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Figure 2. 

The rate ratios (RR) and 95% confidence intervals (95% CI) for an additional power outage hour 

considering various exposure periods (lag 1: day prior, lags 1-2: 1-2 days prior, lags 1-3: 1-3 days 

prior) using a 10% customer cut point on cardiovascular disease-related hospitalizations by 

NYC, non-NYC urban, and rural ZCTAs among Medicare enrollees. For each urbanicity level, 

we ran a conditional logistic regression, adjusting nonlinearly for daily maximum temperature 

and total precipitation. The figure x -axis is log-transformed to present symmetrical confidence 

intervals.  

 

 

Figure 3. 

The rate ratios (RR) and 95% confidence intervals (95% CI) for an additional power outage hour 

considering various customer cut points (1%, 10%, 20%) for a lag 1 period (day prior) on CVD-

related hospitalizations by NYC, non -NYC urban, and  rural ZCTAs among Medicare enrollees. 

For each urbanicity level, we ran a conditional logistic regression, adjusting nonlinearly for 
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daily maximum temperature and total precipitation. The figure x -axis is log-transformed to 

present symmetrical confidence intervals. 

 

Similar to our main analyses, we largely found no associations in sensitivity analyses but 

observed some relevant associations. In a sensitivity analysis considering the same day exposure 

period (lag 0) and a customer cut point of 10% in NYC, we found that for every additional power 

outage hour, there was a 1.19 (95% confidence interval [CI]: 1.03-1.38) times higher rate of 

CVD-related hospitalizations (eFigure 4). We observed a similarly elevated risk in NYC for the 

same day 20% customer cut point (RR = 1.28, 95% CI: 0.89, 1.84) but no association for the 

same day 1% cut point (RR = 0.99, 95% CI: 0.98, 1.01). When considering very small (0.1% 

customer cut point) and very large (50% customer cut point) power outage exposures at lag day 

0, we again did not observe an association with CVD hospitalizations in NYC, non-NYC urban, 

or rural ZCTAs (eFigure 4).  

In analyses evaluating effect measure modification by individual- (i.e., age, sex) and 

area-level characteristics (i.e., ZCTA-level home value, poverty), we found no association for 

any subgroup when evaluating power outages using the 10% customer cut point on the day prior 

with CVD-related hospitalizations in NYC, non-NYC urban, and rural areas (Figure 4). 

Moreover, we did not observe associations when stratifying models by warm versus cool season 

across urbanicity types.  



 110  

 

 

Figure 4. 

The rate ratios (RR) and 95% confidence intervals (95% CI) for an additional power outage hour 

considering the 10% customer cut point on lag 1 (day prior) on CVD -related hospitalizations 

modified by area - and individual -level characteristics. For each urbanicity level, we ran a 

conditional logistic regression, adjusting nonlinearly for daily maximum temperature and total 

precipitation. The figure x -axis is log-transformed to present symmetrical confidence intervals.  
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For sensitivity analyses considering effect modification with a 10% customer cut point 

and several lag periods (i.e., lag 1-2, lag 1-3), results were overall null in NYC, non-NYC urban, 

and rural areas (eFigures 5, 6). Additionally, results were unchanged and null in analyses 

excluding hypertension (eFigure 7).  

In a secondary analysis considering emergency versus non-emergency CVD 

hospitalizations, NYC outages on the day prior at the 10% cut point were associated with higher 

risk of emergency CVD hospitalizations (RR = 1.13, 95% CI: 0.91, 1.41) and lower risk of non-

emergency CVD hospitalizations (RR = 0.57, 95% CI: 0.23, 1.38) (eFigure 8). Broadly, no 

associations were observed between outages and emergency CVD hospitalizations in non-NYC 

urban and rural areas. Associations between outages and emergency versus non-emergency CVD 

hospitalizations at different lags and cut points were fairly consistent with the main analysis 

(eFigure 8). 

 

4.5 Discussion 

In this study of Medicare Fee-for-Service enrollees spanning 2017-2018 in New York 

State, we found that power outages were not associated with overall CVD hospitalizations, 

including within most individual- and area-level sociodemographic subgroups. However, outages 

were associated with emergency CVD hospitalizations in NYC. These results suggest that power 

outages may lead to emergent cardiovascular issues in older adults, key information as climate 

change and an aging electrical grid will lead to an increase in such events.   

We found that widespread outages were associated with a 13% increase in risk of 

emergency CVD hospitalizations one day later for older adults in NYC. Dominianni et al. (2018) 

focused on several major power outage events in NYC in July 1999, August 2003, and July 
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2006.24 They observed increased emergency CVD hospitalizations at lag day 0 and lag day 1, 

suggesting that large-scale power outages have an acute hazard period. Our study identified a 

similar lag period when evaluating a broader range of power outages from 2017-2018. In NYS, 

Deng et al. (2022) used 2002-2018 Statewide Planning and Research Cooperative System 

(SPARCS) data at the power operating unit level, which covered 95% of NYS hospitalizations, 

and found a 1-4% increase in risk of overall CVD hospitalizations on individual lags from day 0 

to 6 following an outage day.21 They evaluated the effects of a binary power outage day, defined 

as customers without power exceeding 1.72% at any point of the day, compared to our 10% 

hourly measure, of customers in a power operating division being without power.  Dengôs 

findings may differ from ours because they used exposure and outcome data at a different spatial 

resolution, from a different time period, and in a study population that included both younger and 

older adults. When we focused on emergency hospitalizations, our findings were more similar to 

those of Deng et al. 

Outages may have different impacts on emergency versus non-emergency CVD 

hospitalizations. Prior health studies on power outages using emergency-specific visits observed 

increased hospitalization risk for respiratory,128 cardiovascular,17 and injury outcomes,18 aligning 

with our findings. Emergency hospitalizations are likely for severe and acute symptoms that 

require immediate medical attention compared to non-emergency hospitalizations, which include 

planned procedures. Prior studies on disasters found that disruptions in essential services can 

delay non-emergency hospitalizations.183 Power outages can also interfere with services that are 

important for older adults to access healthcare (e.g., elevators, landline phones), potentially 

leading to delayed healthcare utilization and fewer non-emergency CVD hospitalizations in the 

short-term. 
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The peak hazard period for power outages could also occur at the sub-daily such that 

health effects may occur within hours of the outage onset. We identified elevated rates of CVD 

hospitalizations using a lag 0 (same day) exposure period in NYC, potentially suggesting the 

need to measure exposure and outcome at the sub-daily level. Power outages can prompt 

cardiovascular events by preventing the use of temperature-controlling devices (e.g., air 

conditioners, heaters). Non-functioning temperature-controlling devices can expose individuals 

to extreme temperatures when the outdoor temperature is very hot or cold. Prior studies found 

that extreme heat can increase risk of myocardial infarctions and ischemic strokes33 within a 6-

hour period.34 Medicare data only include the date of hospitalization and not admission time, 

precluding us from investigating sub-daily impacts of power outages. The possibility that power 

outages have sub-daily impacts makes accurate high-resolution exposure assignment crucial. 

Future research may wish to evaluate sub-daily power outage hazard periods. 

Our study found that widespread outages in NYC heightened emergency CVD 

hospitalizations among Medicare Fee-for-Service enrollees, contributing to growing evidence 

that power outages are an environmental exposure with health consequences. Other studies in 

NYS have observed increased risk following power outages for respiratory-related 

hospitalizations including for chronic obstructive pulmonary disease69,70 and respiratory 

hospitalizations.17,128 Power outages may exacerbate respiratory conditions because people 

cannot use oxygen or mechanical ventilation devices to manage their health. Additionally, the 

inability to use dehumidifiers or air filters may increase exposure to air pollution,184,185 

exacerbating pre-existing health conditions. Power outages also have documented health impacts 

for children such as unintentional injuries18 and overall hospitalizations.186 For older adults, 

power outages may be a particularly important safety hazard where low-light and no-light 
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settings increase the risk of accidents (e.g., falls). As individual power outages may have unique 

health impacts across different regions, it is crucial to continue examining the impact of power 

outages in a range of settings and for multiple health endpoints. 

Our study had strengths and limitations. We used spatiotemporally resolved power outage 

data over two years, improving on prior studies that could only focus on single large-scale 

outages in a specific location or time. Our study also leveraged a caseïcrossover study design, 

which inherently controls for time-invariant (e.g., household income), seasonal, long-term, and 

day-of-week factors. It is important to note that although the caseïcrossover design allows us to 

control for time-fixed cofounding and thus reduces bias, it also increases variance due to the 

small number of exposed cases in our study, resulting in wide confidence intervals. Thus, more 

studies are needed to examine further the impact of power outages on CVD hospitalizations, 

potentially studying individuals living across broader geographies or over a longer time period to 

include more exposure variation. Additionally, our study population consisted of Medicare Fee-

for-Service enrollees, but using Medicare data limited our ability to evaluate sub-daily 

associations between outages and hospitalizations. In addition, we based individual exposure 

assignment on the proportion of customers without power within ZCTAs, interpolating from 

power operating units, resulting in some exposure misclassification. A future research direction 

is improving the spatial resolution, potentially down to the building-level, when measuring 

power outage exposure. Building-level data on power outages exist,187,188 but use has been 

limited in health studies. Collaboration with entities such as utility companies that have access to 

highly resolved spatial and temporal power outage data would improve exposure assessment. 

Although we calculated cumulative exposure to power outages within specific time periods, we 

did not explicitly consider continuous power outage duration. The health impact of discontinuous 
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power outage hours (e.g., 5 separate hours of power outages in a day) may differ from 

continuous power outage hours (e.g., 5 continuous, sequential hours of power outages in a day). 

Future health studies may be interested in distinguishing between these scenarios.  

 

4.6 Conclusion 

This study in New York State suggested the risk of emergency, but not all, CVD 

hospitalizations increased among older adults following power outages. Future studies should 

consider characterizing sub-daily hazard periods, using sub-daily outcomes and improving power 

outage exposure assignment. Another direction is to evaluate co-occurring power outages and 

extreme weather events, such as hurricanes, on population health, which may increase risks 

beyond power outages alone. Power outages are a common exposure, and understanding their 

risk level and risk period in different contexts can help promote health in a changing climate. 
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4.8 Supplementary information  

 
eFigure 1. Pathways between power outages and CVD hospitalizations. Pathways are not 

exhaustive. 
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eTable 1. International Classification of Diseases (ICD) 10 codes for CVD hospitalizations in study.  
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eFigure 2. Directed acyclic graph depicting confounders for a case crossover study design. 

Temperature and precipitation are included as time -varying confounders. Other variables in 

grey are time-invariant covariates and thus not included as confounders.  

 

 
























































