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Abstract

In response to concerns about increasingly intense Atlantic hurricanes, new federal climate and environmental justice policies aim to
mitigate the unequal impact of environmental disasters on economically and socially vulnerable communities. Recent research
emphasizes that standard procedures for restoring power following extreme weather could be one significant contributor to these
divergent outcomes. Our paper evaluates the hypothesis that more economically and socially vulnerable communities experience
longer-duration power outages following hurricanes than less vulnerable communities do, conditional on the severity of the impact of
the storm itself. Using data from eight major Atlantic hurricanes that made landfall between January 2017 and October 2020 and
induced power outages for over 15 million customers in 588 counties in the Southeast, we demonstrate a significant relationship
between socioeconomic vulnerability and the duration of time that elapses before power is restored for 95% of customers in a county.
Specifically, a one-decile change in the socioeconomic status theme in the Social Vulnerability Index, a measure of vulnerability
produced by the Centers for Disease Control and Prevention and the Agency for Toxic Substances and Disease Registry, produces a
6.1% change in expected outage duration in a focal county. This is equivalent to a 170-min average change in the period of time prior
to power restoration.
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Significance Statement

Using data from eight major Atlantic hurricanes that made landfall between January 2017 and October 2020, we demonstrate a sig-
nificant relationship between socioeconomic vulnerability and the duration of time that elapses before power is restored for 95% of
customers in a county. A one-decile change in the socioeconomic status theme in the Social Vulnerability Index produces a 6.1%
change in expected outage duration in a focal county, which is equivalent to a 170-min average change in the period of time prior
to power restoration.

Introduction which first prioritize critical infrastructure, then commercial
and industrial firms, and then seek to recover as many households
as quickly as possible (12, 13), are indifferent to the economic and
social vulnerability of communities and households (14). Because

of long-standing inequity in investment in critical infrastructure

In response to concerns about increasingly intense Atlantic hurri-
canes, new federal climate and environmental justice policies aim
to mitigate the impact of environmental disasters on economical-
ly and socially vulnerable communities (1, 2). The necessity of

these policy initiatives is supported by a series of recent statistical
case studies that demonstrate that more vulnerable communities
experience more hardship as a result of hurricanes (3-7). Success
in achieving these policy goals depends on identifying the features
of storms, communities, and policies that contribute most to this
unequal impact and designing targeted interventions to improve
outcomes for vulnerable communities (8-11).

Recent research emphasizes that standard procedures for re-
storing power following extreme weather could be one significant
contributor to these divergent outcomes. These procedures,

and other public services and also because more economically
and socially vulnerable communities tend to be more physically
distant from commercial and industrial centers, these policies
have the potential to produce longer duration outages in disad-
vantaged communities than in better-resourced ones (15-17).
Although procedurally fair, the recovery routines in widespread
use throughout the United States could exacerbate existing sour-
ces of inequality.

Our paper evaluates the hypothesis that more economically
and socially vulnerable communities experience longer duration
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power outages following hurricanes than less vulnerable commu-
nities do, conditional on the severity of the impact of the storm it-
self. Using data from eight major Atlantic hurricanes that made
landfall between January 2017 and October 2020 and caused
power outages for over 15 million customers in 588 counties in
the Southeast, we demonstrate a significant relationship between
socioeconomic vulnerability and the duration of time that elapses
before power is restored for 95% of customers in a county.
Specifically, a one-decile change in the socioeconomic status
theme in the Social Vulnerability Index (SVI), a measure of vulner-
ability produced by the Centers for Disease Control and
Prevention and the Agency for Toxic Substances and Disease
Registry (CDC/ATSDR), produces a 6.1% change in expected out-
age duration in a focal county. This is equivalent to a 170-min
average change in the period of time prior to power restoration.
SVI themes related to household composition, racial & ethnic mi-
nority status, and housing type & transportation, in contrast, do
not exhibit a statistically significant relationship with outage
duration.

Background

Our paper builds on decades of research in engineering and the so-
cial sciences that analyze the distributional effects of natural dis-
asters on economically and socially vulnerable communities.
Prior research demonstrates that vulnerable communities are
less able to anticipate natural disasters, cope with their acute im-
pact, and then recover from the damage they cause (18-21). This
research details the characteristics of communities that lead
them to experience greater hardship as a result of natural disas-
ters, including poverty levels, percentages of racial or ethnic mi-
norities, and concentrations of households with disabilities (10,
22). Recent studies show, for example, that people who report hav-
ing poor health are less prepared for disasters (23), households in
communities with smaller racial or ethnic minority populations
evacuate farther from impacted areas prior to extreme weather
events (24), and evacuated households in socioeconomically vul-
nerable communities are slower to return to their homes follow-
ing a disaster (25).

Recent federal policies related to climate and environmental
justice focus, in particular, on the intersection between economic
and social vulnerability and the impact of climate change. The
CDC/ATSDR SVI, which we use in our paper to measure the eco-
nomic and social vulnerability of communities to prolonged
storm-caused power outages, combines socioeconomic indicators
related to poverty, housing costs, education, and health insur-
ance, with additional indicators associated with household char-
acteristics, racial & ethnic minority status, and housing type &
transportation in order to “assess community need during emer-
gency preparedness planning” and “identify communities that
will need continued support to recover following an emergency
or natural disaster” (26). The Council on Environmental
Quality’s Climate and Economic Justice Screening Tool similarly
determines community vulnerability based on direct storm-
related risks (e.g. costs associated with of flooding and fires) to-
gether with socioeconomic indicators in order to “help identify
disadvantaged communities that will benefit from programs in-
cluded in the Justice40 Initiative,” which “seeks to deliver 40% of
the overall benefits of investments in climate, clean energy, and
related areas to disadvantaged communities” (27).

One of the most disruptive acute effects of hurricanes for eco-
nomically and socially vulnerable households is long-duration
power outages. Long-duration outages can impact health

through, e.g. increased exposure to carbon monoxide, decreased
access to clean water, consumption of spoiled food, or lack of shel-
ter (28). Outages also cause significant disruptions in the provision
of medical services as the number of individuals requiring care in-
creases but the ability to provide electricity-dependent careis hin-
dered (29). Proper preparation for long-duration outages can help
mitigate these outcomes. But such preparation is less common for
vulnerable communities, e.g. those with lower median incomes,
higher median ages, and fewer native English speakers (30).

There is strong statistical evidence that more economically and
socially vulnerable communities are more likely to experience ex-
tended power outages (see, e.g. (31, 32)). But, appropriate policy in-
terventions depend on the extent to which these outages are the
result of these communities being more likely to be located in a
storm’s path or, instead, are the result of prolonged recovery proc-
esses conditional on the storm’s impact. Quantitative evidence on
the relationship between economic and social vulnerability and
power outage duration conditional on storm impact is mixed,
with some demographic factors correlated with vulnerability pre-
dicting longer duration outages (and only after removing other in-
significant covariates from the statistical model) (3) or after
aggregating the direct effect of the vulnerability on a focal county
with estimated spillover effects from the focal county to its neigh-
bors (7).

However, existing case-based empirical analyses that focus on
one stormin a limited geographic region face the difficult statistic-
al challenge of disentangling the impact of the storm itself from
the characteristics of communities impacted by the storm, two
variables that exhibit strong spatial dependence (33, 34). What is
required in order to identify the theorized relationship between
economic and social vulnerability and power outage duration giv-
en the various sources of spatial correlation is a large-scale ana-
lysis that encompasses multiple comparable severe weather
events impacting large geographic regions with communities
characterized by widespread variation in economic and social vul-
nerability. These necessary features of the data make the
Southeast United States an especially attractive site for study.

Data

Our analysis combines large-scale data on storm-caused power
outages in the Southeast with data on the economic and social
vulnerability of affected communities, characteristics of hurri-
canes, and storm-related risks.

Our data on power failures span eight major Atlantic hurri-
canes that made landfall between 2017 and 2020 (35, 36). The hur-
ricanes are selected from the recorded Atlantic hurricanes based
on two criteria. First, the Saffir-Simpson Hurricane Wind Scales on
the mainland of the Southeast were at least category 1. Second,
the nominal costs ranked in the top 10 (with inflation-adjusted
costs over $5 billions) (37) during the period from 2017 to 2020.
We obtain data on power outages from PowerOutage.com (35),
which compiles county-level, time-varying data on the number
of customers affected by large-scale power outages in a region
as reported by utilities.

We evaluate the impact of the hurricanes on nine states in the
Southeast (Alabama, Arkansas, Florida, Georgia, Louisiana,
Mississippi, North Carolina, South Carolina, and Tennessee).
The dependent variable in our study is the duration of time that
a county experiences a power outage following hurricane landfall.
Outage duration for each affected county is computed as the dur-
ation of time that elapses between the time at which the number
of disrupted customers reaches its peak level and the time it drops
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below 5% of the customers served. A county is thus included in our
dataset if at least 5% of all customers served experienced power
outages during a given hurricane. In our statistical analyses, we
focus on outages that last for more than one hour, consistent
with minimum duration for an outstanding outage that affected
at least 50,000 customers to be considered an “emergency situ-
ation” by the US Department of Energy (38), although we also pre-
sent results that reduce this minimum-duration threshold.
Overall, the affected service regions span over 338 thousand
square miles, covering 588 counties, 26.87 million customers
served, and 167 affected utilities. Details on each hurricane are
presented in Tables 1 and 2.

We measure the economic and social vulnerability of com-
munities using the CDC/ATSDR SVI, computed on the county
level (39). SVI, which is widely used in recent studies
of the differential impact of strong storms [e.g. (3, 5, 7, 14, 40)],
reports the percentile ranking of counties according to
four vulnerability themes: Socioeconomic Status, Household
Characteristics, Racial & Ethnic Minority Status, and Housing
Type & Transportation (25). In order to indicate that higher val-
ues for each theme represent more vulnerability, we refer to the
first theme as Socioeconomic vulnerability, the second as Household
characteristics vulnerability, the third as Racial & ethnic minority sta-
tus vulnerability, the fourth as Housing type & transportation vulner-
ability. We refer to the aggregate SVI index as Overall social
vulnerability. Vulnerability for each theme is compiled using
data from the American Community Survey on income level,
age, language spoken at home, and type of housing, among
others (see Fig. 1 for a complete list of variables for each theme).
Each countyiis ranked according to each of these 16 variables. A
percentile rank of variable v is then computed for i as follows:
percentile_rank;, = (rank;, — /(N — 1), where rank;, is the rank
of 1 according to v and N is the total number of counties. For
each of the four themes, the percentile rankings for each vari-
able are summed to compute a theme-level index. To compute
the overall SVI, the four theme-level indices are summed for

Table 1. Event data failure summary.

each county, then each county receives a percentile ranking ac-
cording to this sum. Note that, although the SVI can be com-
puted on the level of the census tract, our ability to use more
granular data on economic and social vulnerability is con-
strained by the county-level unit of analysis in the power outage
data. The variables used to compute each SVI theme are listed in
Fig. 1.

We gather additional data to control for the severity of the
storm and other characteristics of counties that are likely to be
correlated with outage duration. We compute the maximum
number of households that experience an outage in a county for
a given storm to control for the direct impact of a hurricane on
the local power grid. Data on hurricane wind speed is collected
from the National Hurricane Center (NHC) (41). NHC reports the
track of each hurricane and categorizes the maximum sustained
wind speed in a location according to three categories (34-49
knots, 50-63 knots, and 64+ knots). We also control for the risk
of flooding by incorporating the First Street Foundation (FSF)
Flooding Risk data, which rates counties on a 1-10 scale based
on the risk of future floods (42). Our models further control for a
series of county-level characteristics, including size and popula-
tion and also whether the county is served primarily by investor-
owned utilities (IOUs).

Figure 2 presents the paths of each of the eight hurricanes and
the regions for which the maximum sustained wind speed ex-
ceeded 34 knots (tropical storm level), as well as as the overall so-
cial vulnerability of the affected counties, where high
vulnerability counties have above-average overall social vulner-
ability (above 0.726) and low vulnerability counties have
below-average overall social vulnerability (below 0.726) among all
counties that experience at least one power outage in our sample.

Results

We begin our analysis by visualizing the relationship between so-
cial vulnerability and outage duration conditional on storm sever-
ity. Figure 3 plots outage duration versus the peak number of
affected customers for each county and storm. Both are presented
inlog scale in order to account for the strong right skew of the dis-
tributions. A one-unit increase in the horizontal axis is thus

Event Peak outages Affected utilities Wind ; | )
(thousands) (knots) equivalent to approximately a doubling of the number of affected
customers and a one unitincrease in the vertical axis is equivalent
Florence 92491 ® o4 to approximately a doubling of the outage duration. The counties
Harvey 17.83 10 34 PP =y g g n. 't
Irma 7290.07 62 64 are separated into two groups: low and high social vulnerability
Isaias 364.51 31 50 according to the four SVI themes, where high vulnerability coun-
Laura 637.19 22 64 ties (indicated in blue) have above-average SVI values for a given
I;/gﬁhael Zigé; 22 gi theme and low vulnerability counties (indicated in red) have
Zetg 2158 36 70 64 below-average SVI values for a given theme. We also display local

Note: Peak outages: maximum number of customers in outage.

Table 2. Event data geographic summary.

polynomial regression curves in order to show whether, condi-
tional on the peak number of affected customers, average

Event Category Nominal cost (billions USD) Affected southeastern states Affected counties Customers served (millions)
Florence 4 24.2 NC, SC 102 3.91
Harvey 42 1252 LA, TN 48 0.67
Irma 5 31 AL, FL, GA, SC 315 15.04
Isaias 1 4.8 NC 62 1.55
Laura 4 19.1 AR, LA 116 2.76
Michael 5 25.5 AL, FL, GA 184 3.26
Sally 2 7.3 AL, FL 74 2.99
Zeta 3 4.4 AL, GA, LA, MS 237 8.62

@Harvey incurred significant impact in Texas, which is not included in the analysis.
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[ Aged 17 & Younger
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L Single-Parent Households
C English Language Proficiency

Hispanic or Latino (of any race)
Black or African American, Not Hispanic or Latino
Racial & Ethnic Asian, Not Hispanic or Latino
American Indian or Alaska Native, Not Hispanic or Latino
Minority Status Native Hawaiian or Pacific Islander, Not Hispanic or Latino
Two or More Races, Not Hispanic or Latino
Other Races, Not Hispanic or Latino

Multi-Unit Structures
Mobile Homes

Housing Type & = —

Crowding
Transportation No Vehicle

Group Quarters
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Fig. 1. Themes and variables from American Community Survey used to compute the SVI for each county. Source: CDC SVI Documentation 2020 (26).

(a) Florence (b) Harvey (d) Zeta

Irma Michael

Hurricane Path

Max extent of tropical storm

] Low Vulnerability
High Vulnerability

Fig. 2. a)-h) Storm paths and affected counties for the eight hurricanes. Green line: hurricane path. Shaded green: range of sustained wind speed greater
than 34 knots (tropical storm wind level). Blue: high overall social vulnerability (compared with average level of 0.726) counties. Red: low overall social
vulnerability (compared with average level) counties.

expected outage duration is higher for more vulnerable counties The plots in Fig. 3 provide preliminary evidence that socio-
than for less vulnerable counties according to the four themes. economic vulnerability is correlated with longer outage recovery
If the blue line lies above the red line, this indicates that more vul- duration, as indicated by the wide gap between the blue and red

nerable counties experience longer duration outages, on average. lines in the top-left panel. For example, outages affecting 3,000
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Fig. 3. Outage duration versus the maximum number of affected customers for counties with low and high social vulnerability [a) socioeconomic
vulnerability, b) household composition vulnerability, c) minority vulnerability, and d) housing type vulnerability] with local polynomial regression.
Horizontal axis: log scale of the maximum number of affected customers in a county. Vertical axis: log scale of the outage duration. Blue: high social
vulnerability counties. Red: low social vulnerability counties. The blue and red curves: local polynomial regression curves that show the relationship

between the number of affected customers and the outage duration.

customers (i.e. 8 on the horizontal axis) last for 338 min (5.824 on
the vertical axis) in a low socioeconomic vulnerability county ver-
sus 1,269 min (7.146 on the vertical axis) in a high socioeconomic
vulnerability county. The other three themes, in contrast, display
smaller magnitude or less consistent relationships between socio-
economic vulnerability and expected outage duration.

While the local polynomial regression curve in the top-left panel
of Fig. 3 offers suggestive support of the hypothesis that socio-
economic vulnerability is correlated with prolonged outages, con-
cerns related to unobserved heterogeneity (e.g. more vulnerable
communities could experience stronger storms, on average) and
spatial dependence (e.g. neighboring counties are likely to have out-
ages of similar duration) requires a statistical model to address.

We next present the results of a series of spatial durbin models
(SDMs) in order to evaluate the claim that more socioeconomically
vulnerable communities experience longer outage duration, condi-
tional on the impact of the storm itself. The SDM is a linear regres-
sion model that includes controls for the spatial lag of both the
dependent and independent variables in the model in order to re-
turn an unbiased estimate of the impact of the covariates of interest
(43).

We estimate the following model in our baseline specification
of the SDM:

Vis =pWiY, + Xif+ OW X5 + a5 + ast + ¢, (1)

Vis is the logarithm of outage duration for county i in storm s. y,
represents the vector of outage durations for all counties for storm
s. W; is a spatial weight matrix associated with county i. Wy, is
thus a weighted average of the outage durations among county
i's spatial neighbors for storm s. X; is a matrix of independent

variables for each county-storm, including: (1) the four SVI
themes, (2) logarithm of the peak number of affected customers,
(3) logarithm of the county population, (4) logarithm of the county
size in square-miles, (5) maximum wind speed, (6) flooding risk
score, and (7) ratio of customer served by I0Us versus non-I0Us.
We log-transform outage duration, the peak number of affected
customers, county population, and county size in order to address
both the fact that the variables are constrained to have positive
values and the potential for influential outliers driven by the
strong right skew in each of the variables [see, e.g. (44), p. 192-
3]. X, is a matrix of independent variables for all counties affected
by a storm. W;X; is a weighted average of the independent varia-
bles for county i’s spatial neighbors. B is a vector of coefficents as-
sociated with Xjs. as and e are storm and state fixed effects,
respectively. p and 6 characterize the strength of the spatial correl-
ation with respect to the dependent and independent variables,
respectively. ¢ is the random error term.

The regression results for the baseline specification are pre-
sented in Table 3. The first column reports the results of an
SDM, referred as Model 1, in which the log of duration of power
outage is regressed on each of the four SVI themes and the various
control variables. The minimum-duration outage included in this
analysis is 60 min, consistent with the definition of an emergency
situation in (38). We find a statistically significant relationship be-
tween socioeconomic vulnerability and outage duration in a
county. None of the other SVI themes exhibit a significant rela-
tionship with outage duration. p represents the extent of spatial
dependence in the dependent variable, which is large and signifi-
cant. Other covariates in the model have the expected sign and
significance level. For example, an increase in the peak number
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Table 3. Spatial regression model results: baseline specification.

Dependent variable:

log(outage duration)

SDM (Model 1) MLR SEM SAR
log(peak outages) 0.350° 0.7152 0.416° 0.444°
(0.035) (0.036) (0.035) (0.032)
log(population) -0.3172 -0.5762 —0.355? -0.3712
(0.048) (0.050) (0.049) (0.042)
log(county size) 0.144 0.064 0.108 0.075
(0.077) (0.089) (0.081) (0.074)
Socioeconomic vul. 0.614° 0.493° 0.5032 0.504°
(0.218) (0.264) (0.228) (0.218)
Household characteristics vul. —-0.202 —-0.184 -0.127 -0.221°
(0.120) (0.146) (0.124) (0.121)
Racial and ethnic minority status vul. -0.137 0.021 —-0.108 —-0.081
(0.169) (0.199) (0.183) (0.165)
Housing type and transportation vul. —0.059 —-0.024 —-0.084 —-0.063
(0.131) (0.153) (0.138) (0.126)
P 0.3812 0.5022
(0.036) (0.028)
A 0.530°
(0.032)
Socioeconomic vulnerability, average direct impact 0.589 0.493 0.503 0.548
Socioeconomic vulnerability, average 1 decile duration change (min) 170.690 135.449 112.237 144.021
LM lag test statistics 233.736°
LM error test statistics 95.219°
Log likelihood -975.870 —1073.644 —1018.365
LR test statistics 195.552 84.99°
Minimum-length outage (min) 60 60 60 60
Minimum sustained wind swath (knots) 0 0 0 0
Observations 862 862 862 862

Note: P < 0.05. °P < 0.1.

Other controls: IOU customer ratio, flood risk index, wind speed, state and storm dummy variables (see online supplementary material note 1).

of outages predicts a statistically significant increase in outage
duration. The results are also consistent with standard restor-
ation routines that are based on the desire to recover as many
households as quickly as possible. Counties with higher popula-
tion density, i.e. more population for a given county size, tend to
have significantly shorter average outage duration than those
with lower population density. We present results that include
all the independent variables in the model and their spatial lags
in the online supplementary Table S1.

Interpretation of the coefficients of an SDM is complicated by en-
dogenous feedback loops among spatial neighbors. An increase in
socioeconomic vulnerability in a focal county, e.g. has a first-order
effect of increasing the expected outage duration of the focal county
but also a second-order effect whereby it changes the expected dur-
ation in a neighboring county which feeds back into the expected
duration of the focal county. We report the average direct impact
implied by the model, which is the average change in the logarithm
of duration in a focal county resulting from a change in the socio-
economic vulnerability of that focal county, accounting for both
first-order and higher-order effects. The average direct impact is
thus similar to the interpretation of a slope parameter in a classic
linear regression model. Based on the coefficients in Model 1, the
average direct impact of socioeconomic vulnerability is 0.589. This
implies that a one-decile change in the variable, e.g. an increase
from 0.7 t0 0.8, produces a e%%°% — 1 = 6.1% average increase in out-
age duration in the focal county. (See online supplementary
material note 4 for additional details on this computation.)

We next describe this impact in terms of the change in the ex-
pected outage duration. To do this, we compute the average
change in outage duration conditional on a one-decile change in
the socioeconomic vulnerability. Specifically, we create one

synthetic dataset per county-storm in which socioeconomic vul-
nerability is increased by 0.1 in a focal county and kept constant
in all other counties. Then, we estimate the change in predicted
outage duration for the focal county using the coefficients from
Model 1 for each synthetic dataset. We find that Model 1 implies
that a one-decile change in socioeconomic vulnerability produces
an average increase in outage duration of approximately 170 min.

An SDM is appropriate in cases where the outcome in a focal
county may be impacted by outcomes or characteristics of other
nearby counties. Alternative approaches to spatial regression in-
clude multiple linear regression (MLR), spatial error models
(SEM), and spatial autoregression models (SAR). Each of these al-
ternative approaches can be viewed as a restriction on the param-
eters estimated in the SDM. The second, third, and fourth
columns of the table report results from these other approaches.
The second column reports results from an MLR. This specifica-
tion assumes that there is no spatial correlation among counties,
ie. p=0, 0=0, and e is not spatially autocorrelated. We use a
Lagrange multiplier test to evaluate the possibility of spatial
autocorrelation, which indicates that the MLR is misspecified at
the P=0.05 level. The third column reports results from an SEM,
which assumes spatial correlation in errors, but not the
independent or dependent variables. The fourth column reports
results from an SAR, which assumes spatial correlation in the in-
dependent variable, but not the dependent variables. Both the
SAR and SEM model are rejected in favor of the SDM model at
the P=0.05 level by a likelihood ratio test, which explains why
the SDM is our preferred model.” That being said, the broad

@ These specification tests are presented in Table 3 with additional detail on

each test included in the online supplementary material.
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Fig. 4. a) Geospatial plot of the total observed duration of power outages summed over the eight storms. b) The difference between the total predicted
duration from Model 1 and the total predicted duration holding socioeconomic vulnerability at its average value of 0.718.

Table 4. Spatial regression model results: alternative specifications.

Dependent variable:

log(outage duration)

Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
log(peak outages) 0.4952 0.391° 0.407° 0.3582 0.3492 0.3502 0.3482
(0.039) (0.036) (0.037) (0.035) (0.035) (0.035) (0.035)
log(population) —-0.499° —0.3932 -0.3962 —0.3552 —0.389¢ —-0.3872 -0.3762
(0.057) (0.050) (0.050) (0.044) (0.042) (0.042) (0.042)
log(county size) 0.186 0.185? 0.154° 0.147 0.1772 0.1722 0.1592
(0.099) (0.084) (0.075) (0.077) (0.077) (0.077) (0.077)
Socioeconomic vul. 0.684° 0.5402 0.504° 0.386°
(0.267) (0.231) (0.220) (0.157)
Household characteristics vul. -0.294 -0.193 —-0.087 —-0.037
(0.152) (0.129) (0.120) (0.107)
Racial and ethnic minority status vul. —-0.064 -0.126 -0.4732 0.010
(0.2112) (0.180) (0.178) (0.161)
Housing type and transportation vul. -0.138 —-0.028 0.031 0.109
(0.161) (0.139) (0.130) (0.104)
p 0.400° 0.406° 0.488°2 0.385° 0.38572 0.386° 0.383°
(0.032) (0.034) (0.039) (0.036) (0.036) (0.036) (0.036)
Average direct socioeconomic impact 0.787 0.596 0.549 0.384
Minimum-length outage (min) 5 30 60 60 60 60 60
Minimum sustained wind swath (knots) 0 0 34 0 0 0 0
Observations 1,104 943 691 862 862 862 862
Log likelihood —-1,633.431 -1,173.041 —718.029 -981.319 —980.965 -981.164 —979.025

Note: Other controls: IOU customer ratio, flood risk index, wind speed, state, and storm dummy variables (see online supplementary material note 1 and Table S1 for

complete results).
2P < 0.05.

consistency of the effect of socioeconomic vulnerability—the co-
efficient value ranges from 0.493 in the MLR to 0.614 in the SDM
—on expected outage duration provides confidence that the ob-
served result is not an artifact of particular modeling choices.

In Fig. 4, we illustrate the spatial distribution of the effect iden-
tified in Model 1. In the left panel, we plot the total observed out-
age duration for each county, summed across the eight storms.
The counties shaded in dark red indicate locations with longer to-
tal outage duration than those shaded in lighter red. The right
panel shows the difference between the expected total outage
duration predicted using Model 1 and the expected total outage
duration when all counties are held constant at the average level
of socioeconomic vulnerability among affected counties (i.e.
0.718). For the counties in red, the expected total outage duration
when socioeconomic vulnerability is held constant is shorter than
than the expected duration predicted by Model 1. The average

level of socioeconomic vulnerability for 101 counties that experi-
ence at least 6 additional hours of expected power outages is
0.91. For counties in green, the expected total outage duration
when socioeconomic vulnerability is held constant is longer
than the expected duration predicted by Model 1. The average lev-
el of socioeconomic vulnerability for the 89 counties that experi-
ence at least 6 fewer hours of expected power outages is 0.38.
The 332 counties that are colored yellow or orange in the plot ex-
perience between 6 more and 6 fewer hours of power outages.
Their average socioeconomic vulnerability is 0.75. (See online
supplementary material note 5 for additional details.)

We next demonstrate the robustness of our results in a series of
models with varying county-level selection criteria and covariates
included in the model. The results are presented in Table 4. In
Models 2 and 3, we reduce the minimum outage duration criterion
from 60 to 5min and 30 min, respectively. Model 2 increases the
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Table 5. Spatial regression model results: storm-varying effects.

Florence Harvey Irma Isaias Laura Michael Sally Zeta Gulf Non-Gulf
Socioeconomic vul. 0.498 1.147 0.342 -0.672 1.026° 1.394P 1.334P 0.439 0.650P 0.021
Standard error 0.533 0.964 0.273 0.643 0.572 0.377 0.563 0.361 0.221 0.438
Note: Non-Gulf hurricanes includes Florence and Isaias.
P <0.1.°P<0.05.
sample size by 242 observations. Model 3increases the sample size Discussion

by 81 observations. The coefficient on socioeconomic vulnerability
remains significantly greater than 0 across both models. In Model
4, we include only counties that experience maximum sustained
wind speeds of 34 knots or higher and are thus comparable in
terms of their risk for a storm-caused power outage. This restric-
tion decreases the sample size by 171 observations. The estimated
effect of socioeconomic vulnerability remains positive and
significant.

In Models 5 through 8, we estimate the impact of each SVI
theme individually. When socioeconomic vulnerability is the
only SVI theme included in the model, the coefficient value de-
clines to 0.386 but remains significantly greater than zero. This at-
tenuation is explained by the positive correlation between
socioeconomic vulnerability and the other three SVI themes,
each that have an insignificantly negative impact on expected
outage duration in Model 1 in Table 3. When the other SVI themes
are included individually, the estimated coefficients are not stat-
istically different from zero. These results, taken together, present
strong, robust evidence of the relationship between socioeconom-
ic vulnerability and outage duration. Further, they do notindicate
a relationship between the other SVI themes and outage duration.

In our final set of analyses, we explore storm-level heterogen-
eity in the effect of socioeconomic vulnerability on expected out-
age duration. Our results are presented in Table 5 (see online
supplementary material note 2 and Table S2 for complete results).
The results are ambiguous. On the one hand, the coefficient on
socioeconomic vulnerability is positive in seven of the eight
storms. Further, among the 7 storms, just one pair (Michael and
Irma) has coefficient values that differ at the P = 0.05 level. As a re-
sult, the storm-level analysis offers confidence that the SDM re-
sults reported in the first column of Table 3 are not being driven
exclusively by a single storm. On the other hand, just two of the
effects are significantly different from zero and the effect sizes
range from —0.672 (Isaias) to 1.394 (Michael). The variability in
the coefficient levels together with the wide 95% confidence inter-
vals thus suggest the possibility of storm-level heterogeneity that
is worth exploring in future research.

One possible source of heterogeneity indicated in Table 5 is the
location of hurricane landfall. Note that we observe the strongest
statistical relationships between socioeconomic vulnerability and
outage duration for Laura, Michael, and Sally, three hurricanes
that made landfall over the Gulf coast. In the final two columns
of the table, we report results from a model that estimates differ-
ent coefficients on socioeconomic vulnerability for hurricanes
that made landfall over the Gulf coast (Harvey, Irma, Laura,
Michael, Sally, and Zeta) versus those that made landfall over
the Atlantic coast (Florence and Isaias). We observe that the effect
for Gulf hurricanes (0.650) is in line with our estimate based on the
entire sample (0.614), whereas the non-Gulf hurricanes have a
smaller coefficient value (0.021). However, coefficient values on
Gulf and non-Gulf hurricanes are not statistically different from
each other at the P=0.05 significance level (see online
supplementary Table S3 for complete results).

Using data on large-scale power outages induced by eight major
hurricanes that affected nine states in the Southeast United
States, our analysis finds that communities with more socio-
economic vulnerability experience longer-duration power out-
ages after controlling for the direct impact of the storm. In
contrast, the other three SVI themes—Household characteristics
vulnerability, Racial & ethnic minority status vulnerability and
Housing type & transportation vulnerability—do not exhibit a
statistically significant relationship with outage duration. The af-
fected service regions across the hurricanes account for roughly
one-tenth of the United States in terms of size and one-twelfth
in terms of population. Thus, we feel confident that our results
are not driven by a single storm, state, or utility.

Our results point to the necessity of reexamining commonly
used policies for disaster recovery, infrastructure investment,
and poststorm resource allocation. Adjusting storm-recovery pri-
orities so that communities for whom prolonged failures are more
disruptive are recovered relatively sooner is one possible interven-
tion, but also one that could come at the cost of longer duration
outages overall. Alternative approaches include making the grid
more robust and households in economically and socially vulner-
able communities more resilient to storm-caused power failures
(45). Additional investment in energy infrastructure and renew-
able energy in these communities may reduce the likelihood
that outages occur or permit households access to other resources
when power outages do happen. These interventions are likely to
require coordination among policymakers, regulators, utilities,
and communities, as practices related to investment, pricing,
and outage recovery tend to be highly regulated (46, 47).

The study also speaks to the need for more detailed and granu-
lar data on power outages to be made available over large spatio-
temporal scales for both researchers and practitioners. In
particular, more granular data on communities and households
measured over extended time periods is necessary to dig deeper
into the mechanisms that lead socioeconomically vulnerable
communities to experience longer outages, to analyze the nega-
tive impact of these outages on economically and socially vulner-
able households, and to design appropriate policy interventions.
Standard models of the negative impact of natural disasters
evaluate risk as a function of (1) the likelihood of a threat occur-
ring, (2) the extent of harm conditional on an event occurring,
and (3) the ability for a household to diminish the effect of the haz-
ard (25). While our study yields additional insight into (2), we look
forward to future studies that also integrate data on (1) and (3) in
order to better model the distribution of risk conditional on eco-
nomic and social vulnerability. Furthermore, there is likely to be
within-county heterogeneity in both storm impact and economic
and social vulnerability that is masked by the county-level geo-
graphic unit of analysis in our dataset. This lack of granularity
in the power outage data also limits our ability to make strong
claims about the reasons we do not observe correlations between
the other three SVI themes and outage duration. We encourage
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readers to interpret these imprecisely estimated null effects as
motivation to conduct additional studies with better data, rather
than as well-estimated zeroes.

To the extent there is a tradeoff between recovering those com-
munities who can least afford extended power outages and recov-
ering as many households as possible, these data would also permit
researchers and policymakers to better quantify those tradeoffs
and then design interventions that achieve an optimal balance.
Even better would be for decision makers to integrate real-time in-
formation about the vulnerability of households when prioritizing
recovery decisions. These data would permit utilities to allocate
limited resources in a manner that minimizes economic cost—
e.g. by prioritizing smaller communities that lack access to backup
power and the resources to evacuate prior to a storm over larger
ones that have backup power or who have evacuated—rather
than seeking to minimizing the aggregate outage length.

Given the growing frequency and severity of damaging weather
events resulting from climate change (48, 49), we expect that the
issues identified in our analysis will continue to grow in import-
ance, especially in light of the recent policy emphasis on reducing
the differential climate impact on disadvantaged communities (8-
11). Re-calibrating infrastructure investment and routines sur-
rounding disaster recovery to ensure that increasingly damaging
storms do not further exacerbate other sources of community
vulnerability is a necessary next step and requires an integrated
approach in which policymakers, regulators, utilities, and com-
munities work together to ensure that the most economically
and socially vulnerable households enjoy energy equity and are
not the ones consistently with the longest spells without power.
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