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ABSTRACT: Sea level rise (SLR) and heavy precipitation events
are increasing the frequency and extent of coastal flooding, which
can trigger releases of toxic chemicals from hazardous sites, many
of which are in low-income communities of color. We used
regression models to estimate the association between facility flood
risk and social vulnerability indicators in low-lying block groups in

California. We applied dasymetric mapping techniques to refine o s
facility boundaries and population estimates and probabilistic SLR RS
projections to estimate facilities’ future flood risk. We estimate that ‘ T )
423 facilities are at risk of flooding in 2100 under a high emissions ‘ : )
scenario (RCP 8.5). One unit standard deviation increases in
nonvoters, poverty rate, renters, residents of color, and
linguistically isolated households were associated with a 1.5-2.2
times higher odds of the presence of an at-risk site within 1 km (ORs [95% CIs]: 2.2 [1.8,2.8], 1.9 [1.5,2.3], 1.7 [1.4, 1.9], 1.5 [1.2,
1.9], and 1.5 [1.2, 1.9], respectively). Among block groups near at least one at-risk site, the number of sites increased with poverty,
proportion of renters and residents of color, and lower voter turnout. These results underscore the need for further research and
disaster planning that addresses the differential hazards and health risks of SLR.

PORTS &
TERMINALS
(13)

KEYWORDS: GIS, climate change, environmental equity, exposure analysis, participatory research, climate resilience

B INTRODUCTION natural hazard-triggered technological (“natech”) disasters.'”"
Less severe flooding can also contribute to contaminant
releases via damage from debris flow, corrosion of pipelines
and other infrastructure, power failures, and impediments to
operator access.*

Flood-induced contaminant releases are more likely to
impact low-income households and people of color because
they are more likely to live near industrial and hazardous waste
facilities."* ™" Socially disadvantaged communities also have
fewer resources to anticipate, mitigate, cope with, or recover
from the effects of flooding. Prior research shows people of
color and the poor are less likely than others to own a car
enabling evacuation, more likely to suffer injury or die during
the aftermath of an extreme flood event, and less likely to
return and rebuild afterward.'”>' In the case of Hurricane
Harvey, pollutant releases from petrochemical facilities
associated with flooding disproportionately impacted neigh-

The frequency of extreme coastal flooding across much of the
world is projected to more than double by 2050 due to sea
level rise (SLR)." In California, SLR has closely mirrored
global average rates of about 0.3 cm per year over the past
several decades.” Assuming greenhouse gas emissions continue
to rise, SLR of 0.2 to 0.5 m is expected between 2000 and 2050
and 0.5 to 1.4 m by the end of the century.” These projections
pose significant implications for coastal communities in
California where more than 68,000 people live within 0.3 m
elevation of the local mean high tide line, and more than
145,000 live within 0.9 m.* In the coming decades, even larger
areas will experience coastal flooding during high tides, storm
surges, high precipitation, and El Niflo events due to higher
average sea levels.”

Past flood and storm surge events have led to releases of
toxic substances into the environment from industrial,
hazardous waste, and legacy contamination sites. ® For
example, flooding caused by Hurricanes Katrina and Rita
resulted in an estimated 166 releases of hazardous substances, Revised:  March 17, 2023
largely due to emergency shut down and start-up operations at Accepted: March 20, 2023
industrial facilities.” "' SLR-amplified flood heights of future Published: May 2, 2023
storm surges and tidal events will increase flood risks at
hazardous sites in coastal areas and the possibility of similar
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borhoods with higher proportions of low income and Hispanic
residents.’

In this analysis, we present the first assessment, of which we
are aware, of the number and location of hazardous facilities at
risk of future flooding due to SLR in California and assess the
environmental justice implications. We consider a wide variety
of sites that have hazardous substances on site and have
documented excess contaminant releases to air, land, and
floodwaters during previous flood events, including refineries,
industrial facilities, and sewage treatment plants, as well as
cleanup sites where SLR may cause changes in groundwater
movement that leads to the spread of below-ground hazardous
substances. We combine information on the location of
hazardous sites and present-day population demographics with
SLR projections to assess inequalities in future flood risk
projections under two greenhouse gas emissions scenarios. We
consider proximity to sites at-risk of flooding in 2050 and 2100
with respect to current community demographics and
indicators of social vulnerability to characterize inequities in
potential exposure and test the hypotheses that (1) SLR will
increase the number of sites at risk of a 1-in-100 year flood in
2050 and 2100 and (2) vulnerable and socially marginalized
populations are more likely to live near at-risk sites.

We collaborated with an advisory committee comprised of
environmental justice advocates working on community-based
climate resilience strategies in the San Francisco Bay Area,
Central Coast, and Southern California who provided guidance
on the study design, methods, interpretation, and dissem-
ination of results. This community-engaged strategy sought to
facilitate translation of our analytical results to inform policy
and resilience planning in vulnerable regions throughout
California. Such integration of data- and community-driven
methods also allows for ground-truthing of analytical results,
thus enhancing methodological rigor, public relevance, and
policy reach of the research more broadly.”*~**

B MATERIALS AND METHODS

Project methods were codeveloped in partnership with a five-
member advisory committee, starting with the development of
a funding proposal to support the work and continuing in an
iterative process through the study design, implementation,
and development of online data visualization tools for results
dissemination. Committee members were staff of organizations
focused on environmental justice, public health, and climate
change and working on climate resilience policy. Following an
initial in-person meeting, we interacted with the committee
virtually, due to the COVID-19 pandemic, through a series of
regular and ad-hoc meetings to gain feedback on our study
design and research methods including data cleaning, metrics
development, statistical analysis, and interpretation of results.
We collectively chose the greenhouse gas emissions scenarios,
timeframes (2050 and 2100), and range of SLR estimates we
would investigate, as well as the flood risk metrics,
categorization of sites considering both their potential hazards
and ease of interpretation, and the demographic and social
vulnerability metrics to include. One advisory board member
(A. Raval) contributed to the writing of this manuscript. The
committee also coordinated and hosted a series of four public
webinars (one state-wide, one each in the San Francisco Bay
Area, Central Coast, and Southern California regions) to share
preliminary findings and gather feedback from a broader range
of roughly 350 community and agency stakeholders. Feedback
received via these webinars resulted in the addition of more
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extreme SLR scenarios in our study to align with statewide
guidance and considerations of groundwater movement.

Hazardous Sites. We compiled data on the location of
active industrial facilities and other potentially hazardous sites
from four sources: the U.S. Environmental Protection Agency’s
(EPA) Facility Registry Service (FRS),” the U.S. Energy
Information Administration’s (EIA) Energy Atlas,”® the U.S.
Army Corp of Engineers’ (USACE) Waterborne Commerce
Statistics Center,”” and the Enverus database®® of active oil and
gas well permits (Table 1). To ensure we captured all sites
from these sources with potential SLR-related flood risk, we
included sites located in any of the 29 California counties
containing land area within a 3 km Euclidean distance of the
10 m elevation above the current high tide line (see Supporting
Information, Figure S1 study area map). The FRS compiles
information from more than 30 national and 45 state data
systems on facilities subject to federal environmental regulation
in the United States. We excluded FRS records with poor
locational information. This included records with horizontal
accuracy values greater than SO m or imprecise location
descriptions (e.g., latitude and longitude coordinates derived
from zip codes). To focus the analysis on sites most likely to
pose risks of SLR-related contaminant releases, we also
excluded records with a “site type name” indicating that
contamination had been remediated (“contamination ad-
dressed”) or where the “active status” was classified as “No”,
“Closed”, “Permanently Closed”, “Retired”, or “Permanently
shut down, Cancelled, Postponed, or No Longer Planned”, or
sites with “environmental interest” end dates before 2020,
indicating the site was no longer regulated under a given
environmental interest type. We chose to retain inactive
facilities and facilities with expired permits (“active status” is
“inactive” or “expired”) because residual hazardous materials
may remain at these sites.

We then classified FRS sites into one of 7 mutually exclusive
categories using (1) the environmental permits or regulatory
programs (“environmental interest”) given in the FRS; (2) the
North American Industry Classification System (NAICS)
code; and/or (3) keyword filters (see Supporting Information
Table S1 for details). We applied a hierarchy to ensure that
each category was mutually exclusive and to eliminate
duplicate entries, because many FRS sites have multiple
environmental permits and/or NAICS codes and thus multiple
records in the FRS.

FRS data were supplemented with information on petroleum
refineries from the EIA Energy Atlas. To ensure petroleum
refineries were not duplicated between the FRS and EIA data
sets, we manually identified and removed all refineries
contained in the EIA data set from the FRS data set using
facility names and coordinates. Additional fossil fuel infra-
structure was included from the EIA Energy Atlas (petroleum
product terminals and crude oil rail terminals) and USACE
data set (petroleum ports). Finally, we obtained active oil and
gas well locations from Enverus and filtered based on
production type to limit to production or stimulation wells
(see Supporting Information Table S2 for details).

Active oil and gas well locations were represented as points
based on the longitude and latitude coordinates provided by
Enverus. All other sites were regeocoded using the Google API
and joined to tax parcel data from DMP LightBox to better
approximate the geographic extent of each site from its
geographic coordinates.”” Roughly 80% of these newly
geocoded site locations fell within tax parcel boundaries; we

https://doi.org/10.1021/acs.est.2c07481
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Table 1. Sites and Data Sources Included in the Analysis (N = 10,390)“

description

count

source

category
power plants (nuclear and EPA Facility Registry Service (FRS)

79  electricity generating facilities that provide power to the electric grid using primarily nuclear, coal, oil, gas, or other fossil fuels

fossil fuel)
animal operations

facilities primarily engaged in feeding cattle for fattening, milking dairy cattle, or concentrated animal feeding operations (CAFOs)

42
341

107

FRS
FRS
FRS

operating sewer systems or sewage treatment facilities that collect, treat, and dispose of waste

sewage treatment facilities

facilities designated for the treatment and/or disposal of hazardous waste or establishments primarily involved in the combined activity of

hazardous waste

collecting and/or hauling of hazardous wastes within a local area and operating treatment or disposal facilities for hazardous waste

treatment and disposal

facilities required to report to the Toxic Release Inventory (TRI) that handle, manufacture, use, or store certain flammable or toxic substances

3595

FRS

Toxic Release Inventory

facilities
solid waste landfills and

operating landfills, combustors, and/or incinerators designated for the disposal of nonhazardous solid waste

271

FRS

incinerators

contaminated sites including military sites (BRAC), Superfund sites on the National Priorities List (NPL), and sites with radioactive
contamination, radionuclide emissions, or involved in radioactive waste disposal are also included.

68

FRS

with radioactive

cleanup sites and sites
material

facilities involved in the manufacture of fossil fuels

13
66

EIA U.S. Energy Atlas

refineries

facilities involved in the transport of fossil fuels

Waterborne Commerce Statistics

EIA U.S. Energy Atlas & USACE
Center

fossil fuel ports and
terminals

active oil and gas wells used for production or enhanced oil recovery

5808

Enverus

active oil and gas wells

“Categories are mutually exclusive, and sites that could fall into more than one category were assigned using the hierarchy of categories as listed in descending order.
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assumed the intersecting parcel geometries approximated the
extents of these sites and used the resulting polygons in our
subsequent flood risk projections. The remaining 20% of sites
did not intersect tax parcels, usually because their point
locations were along roadways adjacent to the facility property.
For these sites, we calculated the median parcel area by site
category based on those sites that intersected parcels. We then
created a circular buffer equal to the corresponding median
areas by category to estimate site extents at these locations (see
schematic Supporting Information Figure S2). Parcels and
circular buffer areas that extended beyond the mean high tide
line were clipped at the coast.

In a final round of data cleaning, we removed 139 duplicate
sites that 1) were part of the same category and 2) had
identical coordinates after geocoding and 3) the same or a
similar address (based on a fuzzy text match). We retained
those facilities with identical coordinates and similar addresses
if they were assigned to different categories (n = 15). We
dropped facilities with identical coordinates in the same
category if they had different addresses (n = 14) because we
determined geocodes were inaccurate upon visual inspection
for these sites.

The final facilities data set consisted of 10,390 sites in 29
California counties, classified into the following categories:
nuclear and fossil fuel power plants (n = 79), animal operations
(n = 42), sewage treatment facilities (n = 341), hazardous
waste treatment and disposal (n = 107), Toxic Release
Inventory (TRI) facilities (n = 3,595), landfills and incinerators
(n = 271), cleanup sites (including National Priority List
Superfund sites and sites with radioactive material; n = 68),
refineries (n = 13), fossil fuel ports and terminals (n = 66), and
oil and gas wells (n = 5808) (Table 1).

Sea Level Rise and Flood Risk Projections. To assess
site vulnerability, we followed the method described by Kulp
and Strauss’’ and Buchanan et al.>' In brief, our analyses used
probabilistic sea level rise projections® assuming low
(Reference Concentration Pathway [RCP] 4.5) and high
(RCP 8.5) greenhouse gas emission scenarios for the years
2050 and 2100. These projections incorporated local vertical
land movement, such as subsidence caused by tectonic activity,
large-scale underground fluid extraction, and glacial isostatic
adjustment. Coastal flood height return level curves from
Tebaldi et al.>* are defined at each of seven U.S. tide stations in
California with more than 30 years of hourly water level
records.

In these analyses, we estimate P,,,,.,(H > Elev; | Y = y), the
total annual probability P of at least one coastal flood exceeding
the land elevation Elev; of each site € in year y, integrated
across the full distribution of SLR projections for each
emissions scenario. In this context, we defined Elev; as the
25th percentile of land elevation within the parcel/circular
buffer of site i. We derived land elevations from NOAA’s
Coastal Topographic Lidar digital elevation model®* and
refined the Buchanan et al. approach” to better incorporate
levees and other flood control structures. Hydrological
connectivity to the ocean was enforced.

We applied eq (1) from Buchanan et al,>”’' which
integrates the localized SLR projections and flood risk
statistics, to estimate these annual probabilities. We considered
sites to be at-risk if their projected annual probabilities
exceeded 0.01 (i.e., threatened by a 1-in-100 year flood event).
Furthermore, by summing these probabilities across admin-
istrative areas (e.g., across block groups), we derived that area’s

https://doi.org/10.1021/acs.est.2c07481
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total expected annual exposure (EAE) or the expected number
of hazardous sites exposed in a given year.

Extreme SLR Scenarios and Groundwater Encroach-
ment. Our main analysis using RCP 8.5 corresponds to a
central projection of about 0.9 m of SLR by 2100. To facilitate
integration of our findings into state-level climate resilience
planning, we additionally estimated how many facilities would
be at risk of inundation under more extreme levels of SLR in
accordance with California agency guidance documents
recommending consideration of 6.9 feet (~2.1 m) of SLR
(“Medium Risk-Aversion” scenario for residential and
commercial development) and 10.1 feet (~3.1 m) of SLR
(“High-Risk Aversion” scenario for critical infrastructure).>>*°
For our analysis of “extreme” scenarios, site risk was classified
on a yes/no basis depending on each site’s elevation and
connectivity to the sea.

Rising groundwater due to SLR may lead to groundwater
emergence and the movement of contaminated groundwater
inland.*” This movement can affect the release and spread of
surface and subsurface toxic substances at contaminated sites.’®
We integrated data on projected groundwater depths available
in half meter increments of SLR from the U.S. Geological
Survey.”” We used groundwater rise estimates corresponding
most closely to the degree of SLR in the two extreme scenarios
above: 2 m (~6.6 feet) and 3 m (~9.8 feet). We followed
published guidance to select the parameters of the ground-
water modeling data (i.e, the Mean Higher-High Water
marine boundary condition and a horizontal hydraulic
conductivity of 1.0 m/day).*” We considered a site to be at-
risk of groundwater encroachment if it spatially overlapped
with groundwater tables 1 m or less below the surface.

Community Demographics and Social Vulnerability
Measures. We estimated the following census block-group
level measures using the U.S. Census American Community
Survey’s (ACS) 2013—2017 five-year estimates:"' age (%
under the age of 18 and % 65 and older), race/ethnicity (%
people of color, defined as the inverse of % non-Hispanic
White), poverty (% below twice the federal poverty line),
housing tenure (% renters), vehicle ownership (% of
households without a vehicle), family structure (% single
parent-headed households), linguistic isolation (% of house-
holds where no one 14 years or older speaks English “very
well”). We derived a presence/absence measure of affordable
housing (market-based or government subsidized) using data
from CoStar and Urban Land Institute’s 2017 Naturally
Occurring Affordable Housing Analysis and the National
Housing Trust’s 2017 Affordable Housing Programs.’”* We
used voter turnout data from California’s Statewide Database™*
on redistricting to derive the percent of registered voters who
voted during the 2016 general elections as an indicator of civic
engagement, following Maizlish’s (2016) methodology.44
Finally, we used CalEnviroScreen 4.0 to identify disadvantaged
communities.” CalEnviroScreen is a relative ranking of
California census tracts that combines indicators of pollution
burden from multiple environmental hazards and population
vulnerability to pollutant exposures. We defined disadvantaged
communities as census tracts with the highest quartile of
cumulative environmental burdens and social vulnerability (in
keeping with an earlier version of CalEnviroScreen) but with
updated CalEnviroScreen 4.0 cumulative impact percentiles.*®

We then took this population data and geographically
refined it to a higher spatial resolution using dasymetric
mapping methods to define exposed blocks groups and
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characterize populations near at-risk sites (see Supporting
Information Figure S2, schematic illustration of definition of
exposed block groups). Dasymetric mapping refers to the
disaggregation of spatial data—in this case census block
boundaries—to finer spatial units of analysis using ancillary
data. It has been used in prior environmental justice and sea
level rise vulnerability analyses™”*® and helps to accurately
distinguish between residences and unpopulated space,
especially in sparsely populated settings where census blocks
(the smallest census geographic unit) can still be relatively
large (>50 km?). This approach helps to ensure our analysis
focuses on the places where people live and reduces
measurement error in the estimation of distance between
residences and hazardous sites at risk. Our method was utilized
and is detailed further elsewhere.'”*”*° Briefly, we created a
high-resolution (i.e., sub-block) map of populations residing
near potentially hazardous facilities of resolution that was
comparable to the facility boundaries and digital elevation data
we used; this entailed developing a statewide, 100 m-resolution
“target” population grid within census blocks for which
population counts were observed in the 2010 census, using
two ancillary data sources: (1) a statewide database of more
than 12 million individual tax parcel boundaries from DMP
LightBox™ and (2) spatial building footprint data for nearly 11
million buildings in California. The latter is part of a
nationwide layer developed by Microsoft using satellite
imagery and machine learning classification techniques.”’

Within each census block, population was apportioned to
small residential parcels and/or building footprints following a
tiered approach. First, we identified all residential parcels
within each census block based on land use descriptions
provided in the statewide parcel data set. If residential parcels
were identified in a given block and relatively small (<1 acre or
roughly 4047 m?), we assumed its population to be located
within these residential areas alone. This parcel-based
apportionment accounted for 91.8% of California’s population.
Second, for blocks containing no small residential parcels but
with a nonzero population count according to the 2010
Census, we allocated population evenly across all building
footprint areas identified within them. This was common for
blocks in wilderness areas or zones of low-density agriculture,
with parcels classified as “open space” or “agricultural” in the
statewide parcel database, but which still contain residences.
This building footprint-based apportionment accounted for
7.9% of California’s population.

Finally, for the remaining census blocks that contained
neither residential parcels nor building footprints but had a
nonzero population count, we assumed that population counts
were evenly distributed across the entire block area. This
“default” method of population apportionment was applied to
0.3% of the state’s population. Population values apportioned
to these target zones within each block were based on 2010
decennial census values at the block-level but scaled to match
the 2013—2017 ACS vintage based on population growth rates
observed in parent block-groups between the 2010 census and
the 2013—2017 ACS.

Analytic Approach. We first examined the distribution of
at-risk sites by county, year, and emissions scenario for the
10,390 facilities in 29 counties. Further analysis focused on the
18 counties from our initial universe with at least one site at
risk under RCP 8.5 by 2100. We conducted a block-group-level
analysis that included all block groups within a 3-km Euclidean
distance of the 10-m elevation line in these 18 counties

https://doi.org/10.1021/acs.est.2c07481
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Figure 1. Number of sites at risk of flooding due to SLR in (a) 2050 and (b) 2100 under a high emissions scenario (RCP 8.5) by county and type.

(hereafter “low-lying” block groups). For the main analysis,
exposed block groups were defined as those low-lying block
groups with dasymetrically mapped populated areas within one
kilometer of at least one at-risk site (see Supporting
Information Figure S2 schematic). In sensitivity analyses, we
used a 3-km buffer to define exposed block groups. We
examined two additional outcome variables for each exposed
block group: the total number of at-risk sites and sum of
annual flood event probabilities (the area’s expected annual
exposure, EAE) from all at-risk sites nearby. Following a
similar logic to our definition of exposed block groups, we only
kept sites (n = 5,914 and 5,921 respectively) that were within 1
or 3 km from populated areas when calculating outcome
variables for each block group.

We derived descriptive statistics and correlation coeflicients
between each social vulnerability indicator and our outcomes.
We then conducted a series of multivariate regression models
that included one vulnerability indicator, block-group pop-
ulation density (people per square kilometer), and county fixed
effects as independent variables. We included population
density as a potential confounder given prior research
demonstrating an association between population density and
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the likelihood of a proximate industrial facility, and since
disadvantaged populations tend to be more densely popu-
lated.”>® We included county fixed effects to control for
regional demographic differences and to compare block groups
with and without at-risk sites within the same coastal county.
We scaled vulnerability indicators by unit standard deviation
(SD) using the mean and SD from block groups in the 18
counties to facilitate comparisons across indicators. We did not
include multiple vulnerability indicators in the same model due
to multicollinearity (see Supporting Information Figure S3
correlation coefficients). We used a logistic model to estimate
the odds of an at-risk site nearby (yes/no variable), a negative
binomial model to estimate the number of sites nearby (count
variable), and a linear model to estimate EAE (continuous
variable). Models of the number of at-risk sites and EAE only
included the subset of block groups that had at least one at-risk
site within one kilometer (exposed block groups). We
estimated county clustered robust standard errors to control
for the spatial autocorrelation.

Finally, we used generalized additive models to examine
nonlinear associations between the continuous vulnerability
indicators and our outcomes. For the logistic model estimating
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Table 2. Number and Type of Sites at Risk of SLR-Related Flooding by Scenario and Year Across 29 California Counties

category no. of facilities in analysis
power plants (nuclear and fossil fuel) 79
animal operations 42
sewage treatment facilities 341
hazardous waste treatment and disposal 107
Toxic Release Inventory facilities 3595
solid waste landfills and incinerators 271
cleanup sites and sites with radioactive material 68
refineries 13
fossil fuel ports and terminals 66
active oil and gas wells 5808
total 10390

no. (%) at risk, RCP 4.5

no. (%) at risk, RCP 8.5

2050

3(3.8)
1(24)
33 (9.7)
6 (5.6)
59 (1.6)
10 (3.7)
3 (44)
1(7.7)
5(7.6)
4 (0.1)
125 (1.2)

2100

9 (11.4)
1(24)
57 (16.7)
14 (13.1)
145 (4.0)
15 (5.5)
6 (8.8)
2 (154)
10 (15.2)
113 (1.9)
372 (3.6)

2050
4 (5.1)
1(24)

34 (10.0)
6 (5.6)
61 (1.7)
10 (3.7)
3 (44)

1(7.7)
5(7.6)
4 (0.1)

129 (1.2)

2100

9 (11.4)
1(2.4)
62 (18.2)
16 (15.0)
181 (5.0)
16 (5.9)
7 (10.3)
3 (23.1)
13 (19.7)
115 (2.0)
423 (4.1)

Table 3. Distribution of Community Characteristics within Low-Lying Block Groups with and without at-Risk Sites within 1
km in 2100 under RCP 8.5 across 18 California Counties (n = 7,211)

no. of at-risk sites (n = 6,381)" total population: 10,154,202

>1 atrisk site (n = 831)“ total population: 1,388,531

median [25%, 75% percentile]

% voters not voting

% poverty
% of renter-
occupied units

% people of color
% linguistic isolation
% without a car

% single parent

household
% elderly
% under 18

23.9 [17.6, 30.9]
22.1 [12.0, 38.7]
43.5 [22.9, 68.7]

57.1 [33.2, 81.0]
52 [1.0, 12.2]
4.1 [12, 10.1]
153 [8.8, 24.7]

21.2 [11.4, 35.5]
20.0 [14.6, 25.5]

“N is slightly lower for some individual vulnerability indicators due to missing data.

median [25%, 75% percentile] P-value”
27.0 [18.9, 35.8] <0.01
294 [15.5, 51.2] <0.01
52.9 [30.6, 75.6] <0.01
68.9 [42.4, 86.7] <0.01
7.3 [2.7, 15.3] <0.01
6.3 [1.9, 13.9] <0.01
172 [9.5, 28.7] <0.01
23.6 [13.0, 38.8] <0.01
21.1 [14.0, 27.4] 0.01

YThe P-value is from the Mann—Whitney U-test.

Odds ratio

[95% confidence interval]

5.62 [3.40, 9.29]
6.90 [4.21, 11.29]
1.14[0.61,2.13]
1.01[0.63, 1.62]
2.10[1.55, 2.85]
2.23[1.81, 2.76]
1.98 [1.55, 2.52)
1.85[1.51, 2.25)
1.63[1.44, 1.85)
1.66 [1.42, 1.93]
1.45[1.07, 1.96]
1.49[1.16, 1.91]
1.46 [1.20, 1.76)
1.46 [1.29, 1.66]
1.38[1.18,1.62]
1.45[1.29, 1.64]
1.30[1.03, 1.63]
1.30 [1.08, 1.56]
1.16 [1.04, 1.29]
1.13[1.06, 1.21]
1.27[0.94,1.72)
1.10[0.88, 1.37]

disadvantaged status (yes/no) = A
affordable units (yes/no)- '_‘_.—{l
% voters not voting 1 '—:
% poverty 1 :HH
% renter-occupied units 4 ._H;
% people of color - ’T_:_ﬁ'
% linguistic isolation 1 T:
% without a car - m
% single parent HH T_::' z(ear"otf)[SLkR project)ion
| n=all block groups
% elderly | :* e 2050 (n=6755)
% under 184 '::_(._. A 2100 (n=7212)
: 3 10

Odds ratio and 95% confidence interval

Figure 2. Association between individual block group vulnerability factors and the presence-absence of an at-risk site within 1 km among all low-
lying block groups. Models considered one vulnerability factor at a time. All models controlled for population density and county fixed effects.
Disadvantaged status (as defined by CalEnviroscreen) and presence of affordable housing are binary predictors; all other variables are continuous
and were scaled by unit standard deviation to facilitate comparisons. Confidence intervals were calculated using robust standard errors. The dashed

line indicates no association.
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Incidence rate ratio
[95% confidence interval]
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! ————
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o . ) e 1.04 [0.94, 1.16]
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% single parent HH 1 t -
:’ A Year of SLR projection 1.09[1.00, 1.19]
% elderly H— (n=exposed block groups) 1.11[1.05, 1.17]
b 4 :
»—A.—« e 2050 (n=357) 1.06 [1.02, 1.10]
% under 18 }J_H' 4 2100 (n=830) 1'3; }8’3?‘ H?,}
1.00 1.25 1.50 1.75
Incidence rate ratio and 95% confidence interval
Mean difference
[95% confidence interval]
disadvantaged status (yes/no)+ ,_,_‘_( 60‘1256[!606572'005%‘;]
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o p y R, 0.19[0.05, 0.33]
. ) ) i 0.05 [-0.08, 0.18]
% renter-occupied units 1 Ay 0.15[0.01, 0.28]
————— 0.04 [-0.28, 0.36]
% people of color+ LA 0.07 [-0.07, 0.21]
o e -0.01[-0.16, 0.13]
% linguistic isolation 1 LA 0.04 [-0.08, 0.15]
o ] ol -0.03 [-0.08, 0.02]
% without a car A 0.06 [-0.02, 0.15)
. i 0.03 [-0.20, 0.27]
% single parent HH 1 LA
o single p ' Year of SLR projection 0.04 [-0.11,0.19]
% elderly —o— (n=exposed block groups) 0.04 [-0.10,0.17]
b J
}—A.—q o 2050 (n=357) 0.11 [0.00, 0.23]
| i N - -0.11 [-0.28, 0.06]
% under 18 —h 2100 (n=830) 0.00 [-0.10, 0.09]
04 0.0 0.4 08

Mean difference and 95% confidence interval

Figure 3. Association between individual block group vulnerability factors and (a) the total number of at-risk sites within 1 km and (b) the sum of
EAE across sites within 1 km, among exposed block groups. Models considered one vulnerability factor at a time. All models controlled for
population density and county fixed effects. Disadvantaged status (as defined by CalEnviroscreen 4.0) and presence of affordable housing are binary
predictors; all other variables are continuous and were scaled by unit standard deviation to facilitate comparisons. Confidence intervals were
calculated using robust standard errors. The dashed line indicates no association.

the odds of an at-risk site nearby and the binomial model
estimating the number of at-risk sites nearby, we assessed
whether the associations were nonloglinear. For the linear
model estimating EAE across at-risk sites, we assessed whether
the association was nonlinear. In the generalized additive
models, we applied a penalized splines function to create
smooth terms for the vulnerability indicators, through which
nonlinearity was tested. Similar to earlier models, we also
included county fixed effects and population density. We used
effective degrees of freedom (edf) and its significance for the
smooth terms to assess the significance of nonlinearity. An edf
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value closer to one indicates linearity, whereas higher values
indicate nonlinearity.

B RESULTS

Of the 29 counties considered in our analysis, 14 and 18
contained at-risk sites in 2050 and 2100, respectively, under
the high emissions (RCP 8.5) scenario, with the San Francisco
Bay Area and Los Angeles/Orange County regions having the
highest total number of at-risk sites (Figure 1). Under the high
emissions scenario, 129 (1.2%) sites were estimated to be at
risk in 2050, and 423 (4.1%) sites were estimated to be at risk
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in 2100 (Table 2). The largest number of at-risk sites were TRI
facilities and oil and gas wells (Table 2). By 2100, roughly a
fifth of coastal California sewage treatment facilities, refineries,
and fossil fuel ports and terminals were estimated to be at-risk
under the scenario of continued high greenhouse gas
emissions. Under the low emissions scenario (RCP 4.5), S1
fewer sites were found to be at risk in 2100 (a 12% reduction;
Table 2).

Under more extreme levels of sea level rise in accordance
with California guidance for a medium- risk aversion, 603
(5.8%) facilities were projected to be at risk of coastal flooding,
and we estimated that groundwater would encroach to <1 m
below the surface of an additional 199 sites (Supporting
Information Table S3). Under California’s high-risk aversion
scenario, we identified 736 (7.1%) facilities at risk of coastal
flooding and an additional 173 with projected groundwater
encroachment.

On average, populations living near (<1 km) at-risk sites had
higher proportions of residents living in poverty, residents of
color, renters, linguistically isolated households, elderly
populations (defined as age 65 and older), children (defined
as < 18 years old), single parent households, lower voter
turnout, and lower car ownership (Table 3). In multivariate
models considering the high emissions scenario (RCP 8.5), all
vulnerability factors except % under age 18 and the presence of
affordable housing were associated with an increased odds of
an at-risk site within 1 km in both 2050 and 2100 (Figure 2).
Disadvantaged community status as defined by CalEnvir-
oScreen 4.0 was the most strongly associated with the presence
of an at-risk site, with disadvantaged status being associated
with a nearly 7-fold increase in the odds of an at-risk site within
1 km in 2100. This was followed by low voter turnout, poverty,
housing tenure, race/ethnicity, linguistic isolation, vehicle
ownership, single parent households, and elderly (see
Supporting Information Table S4 for full model results).

When limiting our analysis to the universe of exposed block
groups (with at least one at-risk site), the number of at-risk
sites within 1 km was also unequally distributed with respect to
all vulnerability factors except linguistic isolation and % under
18 (Figure 3a). Lower voter turnout and disadvantaged
community status were the most strongly associated with the
number of at-risk sites within 1 km (incidence rate ratio (IRR)
and 95% CI: 1.3 [1.2, 1.4] in 2050 and 1.2 [L.1, 1.3] in 2100
per unit SD increase in % of voters not voting and 1.2 [1.1,
1.3] in 2050 and 1.4 [1.2, 1.8] in 2100 for disadvantaged vs not
disadvantaged communities), followed by poverty, residents of
color, and housing tenure (see Supporting Information Table
S5 for full model results).

Flood risk severity as measured by EAE across all at-risk sites
within 1 km was not as strongly associated with most of the
vulnerability factors we considered when comparing among
exposed block groups (Figure 3b). Lower voter turnout,
poverty, and housing tenure were however all associated with
increased mean EAE in 2100. A one unit SD increase in the %
of residents living in poverty was associated with a 0.19 higher
mean EAE (95% CI [0.05, 0.33]). An SD unit increase in the
% of voters not voting and % of renters was associated with a
0.20 (95% CI [0.03, 0.37]) and 0.15 (95% CI [0.01, 0.28])
higher mean EAE, respectively (see Supporting Information
Table S6 for full model results).

We found little evidence of non(log)linear associations (edf
close to 1) between our vulnerability indicators and the
outcomes with a few exceptions (Supporting Information,
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Figure S4). For example, we found that the association
between % residents of color and odds of an at-risk site within
1 km was nonmonotonic in both 2050 (Supporting
Information, Figure S4(a)) and 2100 (Supporting Information,
Figure S4(b)), with the relationship being generally negative in
block groups with less than 20% residents of color, but positive
for the rest of the block groups. We found similar patterns
between % population under age 18 and the odds of an at-risk
site within 1 km. When looking at the sum of EAE across all at-
risk sites within 1 km, we saw nonmonotonic associations
between % voters not voting in 2050 (Supporting Information,
Figure S4(e)) and between % elderly and sum of EAE across
all at-risk sites in 2100 (Supporting Information, Figure S4(f)).

Findings from the sensitivity analysis considering a 3 km
buffer distance to define exposed block groups were largely
consistent in terms of the direction and statistical significance
of associations with our vulnerability metrics (Supporting
Information Tables S4—S6). Effect estimates were in general
slightly attenuated in both 2050 and 2100 in the comparison of
the odds of a nearby at-risk site across all low-lying block
groups. Among exposed block groups, associations were in
general slightly stronger at the 3 km distance between our
vulnerability measures and the number of at-risk sites and EAE
in 2100.

B DISCUSSION

By the end of the century, our analysis projects that 423
potentially hazardous sites in California will be threatened by a
1-in-100 year flood event due to sea level rise if greenhouse gas
emissions continue unabated. The majority (88%) of these
sites will remain under threat even if greenhouse gas emissions
are stabilized and reduced. By 2050, we estimate 129 total sites
will be at risk statewide, all but four of which will be at risk
under both the low and high emission scenarios because most
SLR by midcentury is driven by past rather than future
emissions. With their highly industrialized coastlines, the San
Francisco Bay Area and Los Angeles/Long Beach regions have
the greatest number of at-risk sites.

Oil infrastructure—including actively producing oil and gas
wells, refineries, and fossil fuel ports and terminals—makes up a
large fraction of the at-risk sites we identified. While flooding
after Hurricanes Katrina, Rita, and Harvey was more severe
than what might be expected under incremental SLR, these
extreme weather events nevertheless provide an indication of
the types of contaminant releases that can be expected from
flood-damaged oil infrastructure. Flooding following these
hurricanes resulted in numerous documented oil spills, pipeline
ruptures, and corrosion, as well as excess air pollutant releases
during intentional shutdowns, flaring, and start-up operations
at petrochemical facilities.* ™" **** Because we did not include
pipelines in our analysis, we underestimated the extent of oil
and gas infrastructure that may threaten communities with
contaminant releases due to SLR. Prior analyses suggest about
90 to 290 km of natural gas pipelines are projected to be
flooded by century’s end due to SLR in the San Francisco Bay
Area alone.*

We estimated that nearly a fifth of California’s sewage
treatment facilities are at-risk by 2100, due to their frequent
close proximity to low-lying coastal areas to reduce the cost of
discharging treated effluent. A prior study estimated that a 0.9
m (3 feet) SLR flooding scenario in California could affect
sewage treatment service to approximately 2.6 million
residents.”” Four counties in the San Francisco Bay Area
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(San Francisco, Alameda, Contra Costa, San Mateo, Santa
Clara) accounted for the largest proportion of at-risk TRI
facilities, in large measure due to the history of industrial
development in this region along coastal areas, that includes
clusters of diversified economies based on metalworking, oil
refining, chemical and pharmaceutical manufacturing, food
products, and the semiconductor industry.>®

In low-lying counties statewide, socially marginalized
populations including those with lower levels of voter turnout
and higher proportions of residents of color, poor, linguistically
isolated households, and households without a vehicle had a
higher likelihood of living near an at-risk hazardous facility.
These findings are broadly consistent with scholarship on
environmental injustice and a report that looked at SLR and
contaminated sites listed or being considered for inclusion
under the Superfund program along the East and Gulf Coasts.
Findings from that analysis concluded that people of color and
low-income communities were disproportionately represented
among the populations living within 1.6, 4.8, and 8.0 km (1, 3,
and S miles) of clean up sites at risk of coastal flooding under
low, medium, and high SLR scenarios.”” Another analysis of
former hazardous manufacturing facilities in 6 U.S. cities
identified more than 6000 “relic” industrial sites with elevated
flood risk over the next 30 years (2050), with socially
vulnerable groups, including people of color and low income,
disproportionately likely to live in these areas.”” A 2011 study
of SLR threats to California infrastructure also found that
communities of color were more likely to be affected in areas
experiencing potential SLR-related flooding threats,’" although
this analysis examined fewer site and facility categories and
assessed fewer scenarios.

Strengths of our study include the use of tax parcel data to
better approximate the extent of facility boundaries, a
probabilistic approach to estimating SLR-related flood risk,
dasymetric mapping to more precisely estimate populations
and community demographics near at-risk sites, consideration
of SLR-related groundwater rise, and splines to assess
non(log)linear associations. Prior studies have shown that
utilizing dasymetric mapping methods rather than census-block
boundaries results in more accurate estimates of populations at
risk of flooding.®” Prior environmental justice studies have also
shown the importance of assessing nonlinear associations in
the relationship between demographics and environmental
hazards, because they are not always monotonic and assuming
a linear relationship may underestimate disparities.'”*® The
involvement of environmental justice collaborators also
strengthened the rigor and policy relevance of our analysis.
For example, they informed the inclusion criteria for FRS
facilities by identifying when important local industrial sites in
their community were omitted because of overly strict criteria.
The addition of the extreme SLR scenarios and groundwater
projections was the result of dialogue with residents in
impacted communities and agency officials through a webinar
series facilitated by our environmental justice partners. These
webinars also served to spark discussion of research and policy
priorities to enhance the climate resilience of marginalized
populations in California and resulted in the use of our flood
risk projections by regulatory agency staff to inform SLR-
related planning (personal communication).

Several factors may cause average annual exposure of
hazardous sites to diverge from our projections. Our flood
models assume that the frequency and magnitude of flood
events will remain static over the coming century. However,
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recent studies suggest that tropical cyclone activity will change,
and intensity could increase due to the warming climate,”*~*°
leading to even more damaging impacts annually to coastal
populations.”” Additionally, our approach to estimating annual
probabilities of flood level exceedance does not consider
nonlinear interactions between extreme flood events and local
topography (i.e, a “bathtub” approach). In some situations,
these dynamics may cause increased flood levels at inland
locations, especially where marshlands shrink and land use
becomes more developed.”® Conversely, this approach also
does not account for floodwater level attenuation, which may
cause us to overestimate exposure during extreme storm events
where land is particularly wide and flat.*””

Errors in the secondary data on the location of hazardous
sites and industrial facilities may have also caused us to over- or
underestimate the number of at-risk sites. We did not consider
all types of potentially hazardous sites, omitting for example
underground storage tanks, brownfields, and non-National
Priority List Superfund sites that may result in contamination
releases if flooded. We additionally do not attempt to project
future changes in flood risk mitigation or population and
demographic shifts, given the uncertainty in trying to predict
this information. It is therefore possible that actions to mitigate
flood risk near hazardous sites, gentrification, and other factors
could change the associations we observed between social
vulnerability and proximity to at-risk sites.

Our findings indicate that environmental justice should be
prioritized in policy and community-resilience planning related
to sea level rise and climate adaptation. Future in-depth site-
specific work is needed to more fully characterize the threats
posed by flooding at individual locations identified as at-risk in
our statewide analysis, including the impact of factors beyond
the overland flooding by seawater that was the focus of our
analysis. This could include the ways in which increased
precipitation due to climate change and groundwater move-
ment due to SLR may contribute to the spread of
contaminants and potential exposure threats to nearby
communities. Unlike other parts of the country, California’s
coastline has relatively high elevation, and the state does not
typically experience extreme tropical storms or hurricane
events. It is therefore likely that SLR-related flooding threats at
industrial and hazardous sites are even greater in other regions
such as the Gulf and East Coasts and Puerto Rico. Additional
research is needed to more systematically identify at-risk sites
and nearby vulnerable communities in these regions in order to
proactively undertake mitigation measures that prevent
contaminant releases due to flooding.
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