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ABSTRACT

Assessing the impact of climate change on vulnerable populations and the implications of such impacts is
a critical step toward climate and environmental justice. In general, indices or metrics that aim at studying
linkages between climatic environmental impacts and vulnerable populations lack housing information.
Financially relevant real estate data (e.g., mortgages, evictions) alongside other socioeconomic and
physical risk information can, however, provide a crucial lens to assess climate justice. In addition,
standard socioeconomic and demographic variables aggregated at census units lack the granularity re-
quired to capture inequalities, especially in heterogeneous communities, so there is a need for publicly
available, ready-to-use, digitized, and distributed datasets containing relevant inequality metrics using real
estate and financial information. Also, studies focusing on damages and financial impacts of climate
change often use commercial datasets, which must be acquired for hundreds of thousands of dollars,
making the inclusion of such information prohibitive for advocacy groups, journalists, and other interested
people. With this in mind, we integrated multiple publicly available datasets that include socioeconomic,
climate risk scores, evictions, and housing variables at the census tract level over the United States to be
used to investigate environmental justice themes. Our goal is that the dataset proposed here will allow for
testing, assessing, and generating new analysis and metrics that can address inequalities and climate
injustice. To demonstrate the potential of the new dataset, we report examples of application to the Miami
area, where the recent increased risk of floods and extreme events has exposed socially vulnerable
populations to the consequences of climate change.
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INTRODUCTION

Assessing the consequences of climate change on
socially vulnerable people is a critical step toward

climate and environmental justice. Impacts of climate
change can manifest through physical damages of infra-
structures and homes, the loss of human lives, as well as
rebuilding livelihoods that are damaged or destroyed.
Other mechanisms that are exerted on socially vulnerable
populations are not always directly observable nor can
the specific impact be overtly linked to climate hazards,
such as the way in which rising insurance costs associ-
ated with living in hazard prone areas disproportion-
ately increases the financial burden on low-income
populations. In Florida, for example, where the threat of
climate change is manifested through increased exposure to
floods and extreme events, flood insurance rates can range
from around $200 to more than $2,000 a year, according to
data from the Federal Reserve Survey of Consumer Fi-
nances.1 This is in addition to already high and rising in-
surance rates as a result of more destructive hurricanes.2,3

Another mechanism through which climate impacts can
manifest is through losses in the real estate market. Recent
work has shown that properties to be inundated with tidal
flooding by 2032 can lose $3.08 each year for each square
foot of living area, with properties near roads that will be
inundated with tidal flooding in 2032 losing $3.71 each year
on each square foot of living area.4

In general, indices or tools that aim at identifying such
damages are composed of census-derived socioeconom-
ic/demographic datasets without including direct finan-
cial or real estate data (e.g., mortgages, evictions). This is
driven by the abundance of standardized socioeconomic
and demographic datasets, on the one hand, and to the
absence of publicly available, ready-to-use datasets
concerning real estate and financial information, on the
other. A problem with relying on census data is that,
apart from the decennial censuses, the inter-census data
come from a sample of households that can have sig-
nificant sampling errors, resulting in inconsistencies in
results.5 Studies focusing on damages and financial

consequences of climate change often make use of
commercial datasets that are acquired for hundreds of
thousands of dollars. Moreover, the commercial sector
often has proprietary and limited use contracts related to
the purchase and applications of such datasets that inhibit
the proper assessment of their quality as well as prohibit
a critical analysis or validation of the data. All of these
factors limit critical scientific consideration of the data,
which greatly increases the risk for such companies
themselves to hold a monopoly on analysis and become
the standard on which government policies and recom-
mendations are built. The use of multiple datasets and the
proper assessment of the quality of each are crucial for a
fair and just scientific analysis.

We stress that open access to data and the docu-
mentation of the scientific process in a replicable way
should be the primary pillar of a digital, fair society.6

Limits on the reproducibility of results infringe on the
scientific applicability of these products and threaten
the advancement of environmental justice, which
seeks to ensure that we consider a fair distribution of
benefits and burdens arising from environmental and
climate factors. To this end, we created a dataset based
on publicly available data intended to be used for
environmental justice themes that integrate socioeco-
nomic, physical risk, evictions, and housing datasets
(including race, ethnicity, and gender information) for
addressing climate change impacts. For practical
purposes, we abbreviate the integrated data as the
Socio-Economic Physical Housing Eviction Risk
(SEPHER) dataset. Our hope and goal are that SE-
PHER will allow for testing, assessing, and generating
new analysis and metrics (such as, for example, fine-
tuned vulnerability indices) that account for the fi-
nancial burden of vulnerability associated with the
housing market (e.g., mortgages and evictions). SE-
PHER covers the entire United States. However, in
this study, we report examples of application to the
Miami area, due to the high concentration of socially
vulnerable populations in this region and in view of
the high levels of exposure to sea level rise and ex-
treme flooding through cyclone, storm surge, and high
tide events.

BACKGROUND

In 2007, the International Panel on Climate Change
defined vulnerability as ‘‘the degree to which a system
is susceptible to, and unable to cope with adverse ef-
fects of climate change, including climate variability
and extremes.’’7 More recent definitions of vulnera-
bility make reference to the extent of harm that can be

1Chris Moon. Average U.S. Checking Account Balance 2021:
A Demographic Breakdown. <https://www.valuepenguin.com/
banking/average-checking-account-balance>. (Last accessed on
March 25, 2021).

2Jim Saunders. ‘‘Citizens Property Insurance Says Florida Is
Becoming Riskier. It Wants a Rate Bump.’’ Miami Herald,
March 15, 2021. <https://www.miamiherald.com/news/business/
article249955379.html>. (Last accessed on March 25, 2021).

3Todd Ulrich. ‘‘‘I Panicked’: Florida Homeowners Stunned
by Rising Insurance Costs.’’ WFTV, March 23, 2021. <https://www
.wftv.com/news/action9/i-panicked-florida-homeowners-stunned-
by-rising-insurance-costs/PQNZ4A3V5VCU5JKW6MKBLLOI
3M/>. (Last accessed on March 25, 2021).

4Steven A. McAlpine and Jeremy R. Porter. ‘‘Estimating Recent
Local Impacts of Sea-Level Rise on Current Real-Estate Losses: A
Housing Market Case Study in Miami-Dade, Florida.’’ Population
Research and Policy Review 37 (2018): 871–895.

5Seth E. Spielman, David Folch, and Nicholas Nagle. ‘‘Pat-
terns and Causes of Uncertainty in the American Community
Survey.’’ Applied Geography 46 (2014): 147–157.

6Ian Sullivan, Alexander DeHaven, and David Mellor. ‘‘Open
and Reproducible Research on Open Science Framework.’’ Current
Protocols Essential Laboratory Techniques 18 (2019): e32.

7Contribution of Working Group II to the Fourth Assessment
Report of the Intergovernmental Panel on Climate Change,
Cambridge University Press, Cambridge, United Kingdom and
New York, NY, USA, 2007.
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expected under certain conditions of exposure, sus-
ceptibility, and levels of resilience. A currently widely
accepted, general conceptualization of vulnerability
can be formulated as:

Vulnerability ¼ f (Exposure, Susceptibility,

Adaptive Capacity)

Exposure can be defined as the nature and degree to
which a system experiences environmental or sociopo-
litical stress.8 Susceptibility involves sensitivity to risk when
exposed to a hazard and relates to system characteristics,
including the social context of damage formation.9

Adaptive capacity can be seen as the capacity of a system
to suffer any perturbation by maintaining significant
levels of efficiency in its social, economic, environmen-
tal, and physical components. Socially and economically
vulnerable populations are expected to suffer more harm
and have less capacity to adapt given the same exposure.
It is also argued that ‘‘people’s vulnerability is being
used against them, or put another way, is being
weaponized—exacerbating their precarity by excluding
them from much needed and due assistance, while direct-
ing resources instead to bolstering the well-being of those
already well-positioned to respond to climate threats.’’10

This is consistent with the recent finding that ‘‘mitigation
and adaptation policies, done poorly, exacerbate power
asymmetries and dispossess vulnerable communities in
ways that amplify various kinds of insecurities.’’11

Several methods have been proposed in the litera-
ture that create indices for vulnerability given indi-
cator variables meant to serve as proxies to track
progress. The Environmental Vulnerability Index has
been used to measure national-level environmental
problems since the 1990s,12 whereas other studies
develop corresponding indexes that are relevant to
environmental, economic, and social aspects at sub-
national scales.13 Widely used vulnerability indices

have also been created at the U.S. county and census
tract levels, such as the Social Vulnerability Index
(SVI) using a straightforward additive approach.14

The SVI is also provided as a recipe15 to create an
index through a principal component analysis (PCA)
by using the data for whatever case study. In this
regard, numerous studies have applied this approach
beyond the United States with the variables avail-
able in those areas.16,17,18,19 Aggregate census data
are used to characterize areas of vulnerability, but
increasingly other data sources related to housing
and real estate are becoming more openly available
to capture metrics from anonymized individuals, in
contrast to the use of proprietary, commercial da-
tasets. Some of the literature accounts for vulnera-
bility associated with the housing market and real
estate. However, the work reported in the literature
on this topic focuses mostly on understanding the
impact of extreme events on real estate prices,20

improving estimates of the economic losses due to
sea level rise by accounting for lost coastal ameni-
ties,21 comparing prices for houses based on their
inundation threshold under projections of sea level
rise,22 and assessing the influence of different ex-
posure levels on real estate market discounts.23

However, there is still a need to integrate socio-
economic, risk, and financial information from real

8Neil W. Adger. ‘‘Vulnerability.’’ Global Environmental
Change 16 (2006): 268–281.

9Frank Messner and Volker Meyer. ‘‘Flood Damage, Vul-
nerability and Risk Perception—Challenges for Flood Damage
Research.’’ UFZ Discussion Papers, 2005. <https://un-spider
.org/sites/default/files/2-Flood_Impact_Umweltforschungszentrum%
20Leipzig.pdf>. (Last accessed on May 21, 2021).

10Kimberley Anh Thomas and Benjamin P. Warner.
‘‘Weaponizing Vulnerability to Climate Change.’’ Global En-
vironmental Change 57 (2019): 101928.

11François Gemenne, Jon Barnett, W. Neil Adger, and
Geoffrey Dabelko. ‘‘Climate and Security: Evidence, Emerging
Risks, and a New Agenda.’’ Climatic Change 123 (2014): 1–9.

12Jon Barnett, Simon Lambert, and Ian Fry. ‘‘The Hazards of
Indicators: Insights from the Environmental Vulnerability
Index.’’ Annals of the Association of American Geographers 98
(2008): 102–119.

13Harshal T. Pandve, P.S. Chawla, Kevin Fernandez, and
Samir A. Singru. ‘‘Climate Change Vulnerability: Index and
Mapping.’’ Indian Journal of Occupational and Environmental
Medicine 15 (2011): 142–143.

14Susan L. Cutter. ‘‘The Role of Vulnerability Science in
Disaster Preparedness and Response.’’ Research Subcommittee
of the US House of Representatives Committee on Science
(2005): 1–11.

15‘‘The SoVI Recipe.’’ Hazards and Vulnerability Research
Institute, The University of South Carolina, 2016. <http://artsand
sciences.sc.edu/geog/hvri/sites/sc.edu.geog.hvri/files/attachments/
SoVI%20recipe_2016.pdf>. (Last accessed on March 21, 2021).

16Beatriz Maria de Loyola Hummell and Susan L. Cutter and
Christopher T. Emrich. ‘‘Social Vulnerability to Natural Ha-
zards in Brazil.’’ International Journal of Disaster Risk Science
7 (2016): 111–122.

17Ivar S. Holand, Paivi Lujala, and Jan Ketil Rød. ‘‘Social
Vulnerability Assessment of Norway: A Quantitative Ap-
proach.’’ Norwegian Journal of Geography 65 (2010): 1–17.

18Wenfang Chen, Susan L. Cutter, and Christopher T. Emrich
and Peijun Shi. ‘‘Measuring Social Vulnerability to Natural
Hazards in the Yangtze River Delta Region, China.’’ Interna-
tional Journal of Disaster Risk Science 4 (2013): 169–181.

19Clémence Guillard-Gonçalves, Susan L. Cutter, and Chris-
topher T. Emrich and José Luı́s Zêzere. ‘‘Application of Social
Vulnerability Index (SoVI) and Delineation of Natural Risk
Zones in Greater Lisbon, Portugal.’’ Journal of Risk Research
18 (2014): 651–674.

20McAlpine and Porter. (2018), Op. cit.
21Xinyu Fu, Jie Song, Bowen Sun, and Zhong-Ren Peng.

‘‘‘Living on the Edge’: Estimating the Economic Cost of Sea
Level Rise on Coastal Real Estate in the Tampa Bay Region,
Florida.’’ Ocean & Coastal Management 133 (2016): 11–17.

22Justin Murfin and Matthew Spiegel. ‘‘Is the Risk of Sea
Level Rise Capitalized in Residential Real Estate?’’ The Review
of Financial Studies 33 (2020): 1217–1255.

23Xinyu Fu and Jan Nijman. ‘‘Sea Level Rise, Homeowner-
ship, and Residential Real Estate Markets in South Florida.’’ The
Professional Geographer 73 (2021): 62–71.
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estate databases on housing changes as a metric to
assess climate injustices to vulnerable populations.
This is the goal of SEPHER.

MATERIALS AND METHODS

As mentioned, SEPHER is obtained from the integration
of multiple datasets, summarized in Table 1 and described
later. The final SEPHER dataset is generated at the census
tract level for the entire United States by joining the dif-
ferent variables through the open source QGIS software.
We do not currently replace missing data with other values,
as we want to present the data ‘‘as is’’ for use by others.
However, approaches to fill incomplete data based on
statistical norms such as probabilistic principal component
analysis are encouraged for future work.24

Centers for Disease Control and Prevention
SVI data

The Centers for Disease Control and Prevention (CDC)
provides an SVI containing data on the four following
categories: (1) socioeconomic status, (2) household com-
position and disability, (3) minority status and language,
and (4) housing and transportation. The dataset ranks a
total of 15 social factors, including poverty, lack of vehicle

access, and crowded housing, and it groups them into four
related themes.25 Data are available for the years 2000,
2010, 2014, 2016, and 2018.

American Community Service data

The American Community Service (ACS) is a na-
tionwide survey designed to provide communities with
reliable and timely social, economic, housing, and de-
mographic data every year.26 The ACS estimates are
aggregated over a period of years. The dataset is the
source data of the CDC SVI dataset. It contains raw
variables on population, housing unit, and household
characteristics for states, counties, cities, school districts,
congressional districts, census tracts, block groups, and
many other geographic areas.

Home Mortgage Disclosure Act data

Data about mortgages reported every year by thou-
sands of financial institutions are disclosed by the Con-
sumer Financial Protection Bureau of the United States

Table 1. List of Datasets Integrated Into the Socioeconomic Physical Housing Eviction Risk Dataset

Dataset
Documentation—variable/

data dictionary Temporal Link to original dataset

Evictions https://evictionlab.org/docs/Eviction%20
Lab%20Methodology%20Report.pdf

2000–2016 https://evictionlab.org/
get-the-data

CDC
Social

Vulnerability
Index

https://www.atsdr.cdc.gov/placeand
health/svi/documentation/
SVI_documentation_2018.html

2000, 2010, 2014,
2016, 2018

https://www.atsdr.cdc.gov/
placeandhealth/svi/index
.html

FEMA
National Risk

Index

https://www.fema.gov/sites/default/
files/documents/fema_national-
risk-index_primer.pdf

2020 (released) https://hazards.geoplatform
.gov/portal/apps/MapSeries/
index.html?appid=ddf915a24
fb24dc8863eed96bc3345f8

Home Mortgage
Disclosure Act

https://files.consumerfinance.gov/
hmda-historic-data-dictionaries/
lar_record_codes.pdf

Annual between
2007 and 2017

https://www.consumerfinance
.gov/data-research/hmda/
historic-data/?geo=fl&
records=all-records&field_
descriptions=labels

5-Year socio-
economic
data by tract

https://hudgis-hud.opendata.arcgis
.com/datasets/acs-5yr-demographic-
estimate-data-by-state

https://hud.maps.arcgis.com/sharing/
rest/content/items/4a9aa304da214c
4394941b2795efbe82/data

2013–2017
(integrated over
the five year period)

https://opendata.arcgis.com/
datasets/07e803b771c14476
b3e0df319c48ad73_0.zip

The table describes the full name of the original dataset in the first column, the links to the documentation or dictionary in the
second column, the temporal coverage in the third column, and the link to access the original data in the last column.

CDC, Centers for Disease Control and Prevention; FEMA, Federal Emergency Management Agency.

24Sepideh Khajehei, Ali Ahmadalipour, Wanyun Shao, and
Hamid Moradkhani. ‘‘A Place-Based Assessment of Flash Flood
Hazard and Vulnerability in the Contiguous United States.’’
Scientific Reports 10 (2020): 1–12.

25Barry E. Flanagan, Edward W. Gregory; Elain J. Hallisey,
Janet L. Heitgerd, and Brian Lewis. ‘‘A Social Vulnerability
Index for Disaster Management.’’ Journal of Homeland Security
and Emergency Management 8 (2011): 1–22.

26‘‘Using the American Community Survey Summary File:
What Data Users Need to Know.’’ U.S. Census Bureau, 2019.
<https://www.census.gov/content/dam/Census/library/publications/
2019/acs/acs_summary-file_handbook_2019_ch01.pdf>. (Last
accessed on March 22, 2021).
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Government to the public under the Home Mortgage
Disclosure Act. Data are currently available for the pe-
riod 2007–2017 and contain information concerning, for
example, whether the application was approved or de-
nied, pre-approvals and loans sold from one institution
to another, the property characteristics, the applicant
demographics, ethnicity, race, and gender. The data are
stripped of sensitive information and are modified to
protect applicant and borrower privacy.27

Eviction data

Eviction data are provided by The Eviction Lab at Prin-
ceton University. The lab has collected, cleaned, geocoded,
aggregated, and publicized all recorded court-ordered
evictions that occurred between 2000 and 2016 in the
United States, consisting of more than 80 million records.28

Federal Emergency Management Agency (FEMA)
National Risk Index

FEMA’s Natural Hazards Risk Assessment Program
combines the likelihood and consequence of natural
hazards with social factors and resilience capabilities.
The goal is to take a holistic view and create a nation-
wide baseline of natural hazard risk. Through various
partnerships and working groups, the FEMA developed a
methodology and procedure to create the National Risk
Index (NRI) dataset. The dataset and the accompanying
application help to identify communities that are most at
risk to hazards.

RESULTS AND DISCUSSION

SEPHER provides data from the United States and in-
cludes climate threats from different sources (e.g., fires,
droughts, etc.). Here, however, we focus on a specific re-
gion in relation to flooding to show examples of the po-
tential of the dataset. We report the results of a quantitative
analysis over the Miami area, where sea level rise and
extreme weather are having and will continue to have a
significant impact on the economy and socially vulnerable
people. Our study area (Fig. 1) includes Miami Beach, the
Biscayne Bay area and inland areas. This region was se-
lected due to its exposure to recent extreme events. In fact,
several studies have focused on these areas and stressed the
variation in terms of population, ethnicity, income, and
other socioeconomic factors that characterize it.29

Figure 1 provides examples of variables contained
within SEPHER. Specifically, in the case of socioeco-
nomic data, we show the percentage of (a) people living
below the poverty level, (d) annual Per Capita Income
(PCI, in thousands of U.S. dollars), and (g) crowded
homes (here defined as households with more people than
rooms) as derived from the SVI CDC 2016 dataset. In the
case of jobs, we show the (b) average time to work, (e)
percentage of people with Service jobs, and (h) the per-
centage of people with Management/business/financial
jobs. Lastly, in the far right panel, we show the (c) per-
centage of evictions for African Americans, (f) the per-
centage of renter-occupied homes, and (i) the percentage
of African American applicants for mortgages, also for
2016. The maps point to the complementary nature of the
three datasets. The analysis of the maps in Figure 1
highlights the gradient of the socioeconomic status of the
population living along Miami Beach, characterized by a
low percentage of people living below the poverty level, a
high PCI, and a relatively low percentage of crowded
homes against that of areas inland, characterized by re-
versed conditions. Consistently, the distribution of Man-
agement and Service jobs shows that most of the
Management/Financial jobs are located along the coast,
with Service jobs located into the interior, where more
socially vulnerable people live. The map of the average
time to work indicates a less geographically concentrated
distribution of values than the Service and Management
jobs indicate. Nevertheless, this map indicates that some
of the areas inland (where the percentage of population
living below the poverty level is high) are characterized by
the highest commuting times. The maps of the Housing
variables indicate that the areas with low PCI and high
percentage of people below the poverty level show a high
number of evicted African Americans, a relatively
high number of renter-occupied properties, and a relatively
high number of African Americans applying for loans.

As a further example, we focus on the two census
tracts containing the neighborhoods of Little River/Little
Haiti (Tract No. 12086001402) and Biscayne (Tract No.
12086001104), highlighted in Figure 1a. In Figure 2, we
show the histograms of socioeconomic and loan variables
for Biscayne (panels a, c, and e) and Little River (panels
b, d, and f). More specifically, in Figure 2a and b we
show the percentage of people living below poverty le-
vel, unemployed, and minority for the years 2000, 2010,
2014, 2016, and 2018 in the case of the Biscayne
(Fig. 2a) and Little River (Fig. 2b). In Figure 2c and d,
we report the number of originated loans for Whites,
African Americans, Native Americans, Asians, and Na-
tive Hawaiians or Other Pacific Islanders for the period
2007–2017 for Biscayne (Fig. 2c) and Little River
(Fig. 2d). Lastly, Figure 2e and f show the same as (c)
and (d) but for the percentage of denied loans. The time
series of the socioeconomic data for the two neighbor-
hoods point to a mild increase of minority for Biscayne
between 2000 and 2018 and a reduction of people below
the poverty level. The percentage of unemployed people
for the same neighborhood, after increasing between
2000 and 2014, started to decrease in 2014, reaching a

27Consumer Financial Protection Bureau. The Home Mort-
gage Disclosure Act: Download HMDA data. <https://www
.consumerfinance.gov/data-research/hmda/historic-data/?geo=fl&
records=all-records&field_descriptions=labels>. (Last accessed
on March 20, 2021).

28Matthew Desmond, Ashley Gromis, Lavar Edmonds, James
Hendrickson, Katie Krywokulski, Lillian Leung, and Adam
Porton. Eviction Lab National Database: Version 1.0. (Princeton
University, 2018).

29Jesse M. Keenan, Thomas Hill, and Anurag Gumber.
‘‘Climate Gentrification: From Theory to Empiricism in Miami-
Dade County, Florida.’’ Environmental Research Letters 13
(2018): 054001.
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minimum level of 5%. In the case of Little River, the
percentage of people below the poverty level decreased
consistently starting in 2010, when the maximum of 64%
was reached, dropping to 43%. Still for Little River, the
percentage of people belonging to minorities remained
high, at levels above 85%, reaching a maximum of 98% in
2018. The analysis of the number of loans originated for
the different races show that the number of originated
loans in the Biscayne neighborhood is generally higher
than the one for Little River. Moreover, despite the drop in
the total number of loans evident after 2007 and 2008,
because of the housing market crisis, the number of loans
remained relatively stable in Biscayne, recovering be-
tween 2013 and 2014 and remaining relatively stable after
then, with a majority of loans to White people. In the case
of Little River, on the contrary, the number of loans re-
mained very low, dropping from around 45 loans in 2007,
of which half were to Whites and half to African Ameri-

cans, to less than 5 starting in 2009, highlighting the un-
equal impact of the house crisis on socially vulnerable
people of this neighborhood. Comparing the denied loans
for the two neighborhoods, we notice that for the Biscayne
neighborhood the number of denied loans to White people
remained relatively stable, with a mean of 78% and
standard deviation of 8%, and so does the number of de-
nied loans for African Americans (mean of 17% and
standard deviation of 9%). On the other hand, in the case
of Little River, the percentage of denied loans for African
Americans is much higher (44%) with a higher variability
(standard deviation of 23%) than those for White popu-
lations (mean of 49% and standard deviation of 25%).

SEPHER contains more than 700 variables in its cur-
rent version for all categories. To highlight some of the
exploratory analysis that can be performed with this da-
taset, we selected a subset of those variables (43 in total)
from the socioeconomic, job-related, housing, evictions,

FIG. 1. Maps of selected socioeconomic, job-related, and housing-based variables for the Miami region used in this
study. (a) Percentage of people living below the poverty level; (b) average time to work, in minutes; (c) percentage of
evicted African Americans; (d) PCI, in thousands of U.S. dollars; (e) percentage of people with service jobs; (f)
percentage of renter occupied homes; (g) percentage of crowded homes; (h) percentage of people with business/
management/financial jobs; (i) percentage of loans requested by African Americans. (a), (c), (d), and (i) refer to 2016.
All other variables refer to the 5-year averaged period 2013–2017. PCI, per capita income. Color images are available
online.

154 TEDESCO ET AL.



and physical risk subcategories (Fig. 3). The evictions,
socioeconomic, and house mortgage data refer, as an
example, to the year 2016. We, then, performed a PCA-
based analysis to further reduce the dimensionality of the
dataset. From the results of such analysis (Supplementary
Data, Figure S1, Tables S1 and S2), we selected 12
variables, based on both the loadings for the different
principal components and to balance the number of the
final variables from the different datasets. We point out
that the results here reported are not primarily aiming at

developing a comprehensive framework to identify spe-
cific variables that can be readily used for creating in-
dices, but to show the potential of the SEPHER dataset
in identifying relationships between housing, ethnicity,
and race variables with socioeconomic ones as well as
physical risks. In Figure 4, we show the correlation
matrix for the 12 variables obtained from the PCA
analysis. We find a strong inverse correlation between the
Hispanic evicted population and the evicted African
Americans (-0.75) and the number of loans to African

FIG. 2. Bar charts of socioeconomic and loan variables for Biscayne (a, c, e) and Little River (b, d, f). The two
regions are highlighted in Figure 1. (a, b) Percentage of population for people living below poverty level, unem-
ployment, and minority for the years 2000, 2010, 2014, 2016, and 2018; (c, d) number of originated loans for Whites,
African Americans, Native Americans, Asians, and Native Hawaiian or Other Pacific Islanders for the period 2007–
2017 for Biscayne (c) and Little River (d); and (e, f) same as previous (c, d) but as percentage of denied loans. Color
images are available online.
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Americans (0.75). We also find a strong positive correlation
between the evicted Hispanics and the percentage of people
with Limited English (0.81). In the case of evicted African
Americans, we found a mild and positive correlation with
people with Limited English (-0.36) but higher correlations
with the percentage of unemployed people (0.77) and African
American loans (0.75). We also found an inverse correlation
between the FEMA Risk Score and PCI (-0.50) and positive
correlations between the Risk Score and the percentage of
people paying more than 30% of income on rent (0.42) and
people with Limited English (0.49). Lastly, we found that
coastal flooding risk is mildly inversely correlated with Un-
employment (-0.39) and with the number of evicted African
Americans (-0.35).

Further, we generated three indices based on socio-
economic data, coastal and riverine risk, as well as
mortgages and evictions using selected variables ob-
tained from the PCA analysis. As already mentioned, we
are not suggesting to use such indices for general use
(though we do not exclude this possibility) but here we
aim at showing the potential information arising from the
granularity of the datasets concerning, for example, racial
and ethnic variables related to financial housing data.

We define a socioeconomic index (SEI) by using the
percentage of people with limited English (LIMENG)
and of unemployed people (UNEMP) as

SEI ¼ (LIMENG · UNEMP)

We derive the Coastal and Riverine Index (CRI) from
the Coastal Flood Score (CFS) and Riverine Flood Score
(RFS) available within the FEMA NRI dataset as follows:

CRI ¼ (CFSþRFS)

Lastly, we obtain an Eviction and Mortgage Index
(EMI) from the number of evictions (EVIC) and the
number of house mortgages (HMO) as follows:

EMI ¼ (EVIC · HMO)

The three indices are normalized to their maximum
values (e.g., ranging between 0 and 1) to allow a com-
parison across the three of them. The indices are lastly
used to create a Total Index (TI) as follows:

TI ¼ (SEIþCRIþEMI)

also normalized between 0 and 1 for consistency pur-
poses. To account for the race and ethnicity information
in the SEPHER dataset, we created two separate EMI
indices, one for African Americans (EMIAfAm) and one
for Hispanics (EMIHisp). Our idea behind this choice was

FIG. 4. Correlation
matrix for the variables
selected from the PCA.
The size of the circles is
proportional to the mag-
nitude of the correlation.
Blue color indicates a
positive correlation. Red
color indicates a nega-
tive value. Color images
are available online.
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to evaluate the potential differences arising from indices
that can include racial and ethnic information to address
the needs of a specific racial or ethnic category. In Fig-
ure 5, we show the maps for (a) the SEI, (b) CRI, (c)
EMIAfAm, (d) EMIHisp, (e) TIAfAm, and (f) TIHisp. The
SEI index (Fig. 5a) highlights pockets of areas at high
socioeconomic risk in the southwest portion of our study
area, with the geographic distribution of the values
highlighting strong contrast among nearby neighbor-
hoods without identifying specific larger regions of risk.
The CRI (Fig. 5b) indicates, as expected, that regions

facing the ocean and along river bodies (e.g., North Fork
Miami River) have higher risks, with tracts inland (such
as, for example, Little River and Biscayne) showing a
non-negligible to moderate risk. When looking at the
EMI (Fig. 5c, d), we note stark differences when con-
sidering African Americans (Fig. 5c) or Hispanics
(Fig. 5d). In the case of African Americans, indeed, the
areas with the highest index values are located in the
northwest portion of our study area, showing a strong
complementary geographic pattern with respect to those
having high values in the case of Hispanics. The map of

FIG. 5. Indices ob-
tained from selected
variables derived from
the PCA analysis. (a)
SEI; (b) CRI; (c) EMI
for African Americans
(EMIAfAm); (d) same
as (c) but for Hispanics
(EMIHisp); (e) TI in the
case of African Ameri-
cans (TIAfAm); (f) same
as (e) but for Hispanics
(TIHisp). CRI, Coastal
and Riverine Index;
EMI, Eviction and
Mortgage Index; SEI,
Socio-Economic Index;
TI, Total Index. Color
images are available
online.
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TIAfAm (Fig. 5e) shows that there is riverine flood risk in
the southwest portion of our study area and exposure to
flooding along the coast, as well as the potential risk arising
from evictions and mortgages in the northwest. On the
other hand, in the case of Hispanics (TIHisp; Fig. 5f), the
highest risk is concentrated in the southwest portion.

CONCLUSIONS

Our results show the complementary information that
can arise from considering racial, ethnic, and other fac-
tors for indices or score developments and highlight the
potential of the SEPHER dataset in developing or de-
ploying more just metrics related to the impact of climate
change on socially vulnerable people. Datasets that di-
rectly tie financial circumstances to factors of vulnerable
populations are critical for evaluating areas of vulnera-
bility. Typically, census data used for assessing vulner-
ability are aggregated to spatial units without connections
between socioeconomic vulnerability, house data, or ac-
counting for race, ethnicity, or gender. In this study, we
introduced a new dataset (named SEPHER) integrating
socioeconomic, physical risks, evictions, and mortgage
data at the census tract level for the United States, which
accounts for the stated factors with the goal of supporting
the development of metrics that can pursue climate jus-
tice. Clearly, data itself does not solve the problem, but it
is a first step, as one cannot truly understand where the
worst inequities lie until the data are available and can be
properly used or assessed. In this regard, SEPHER builds
on publicly available datasets, contrary to the current
tendency of using commercial, proprietary data. There
are numerous opportunities to utilize SEPHER to create
metrics and consider factors that are important to envi-
ronmental justice in case studies throughout the United
States. To this end, we presented examples of results
showing the potential complementary nature of the dif-
ferent variables included within SEPHER and applied
PCA-based analysis to show how it is possible to eval-
uate relationships among the many variables. We focused
on the city of Miami, where sea level rise and extreme
weather are having and will continue to have a significant
impact on the economy and socially vulnerable people.
Our results indicate that accounting for variables derived
from house mortgages and eviction datasets, in con-
junction with racial or ethnic information, is important
for addressing or assessing the impacts of climate on
several socially vulnerable groups.

The dataset and the tool here presented can be used for
several applications. Studies focusing on the gentrification
associated with increased floods might be able to focus on
specific ethnicities or races to capture the processes driven
by policy choices or government actions. For example, in
many of the areas we observed with SEPHER we found
(not reported in this manuscript) that several areas where
climate gentrification is occurring fall within the so-called
Opportunity Zones, whose purpose is to spur economic
growth and job creation in low-income communities while
providing tax benefits to investors. Another application
concerns the studying of the relationships between the

evolution of mortgages, evictions, ethnicity, and the pres-
sure on specific categories of jobs. The dataset can also be
used in conjunction with machine-learning tools that have
become very popular in recent years to capture complex
relationships. This would allow for the identification of
new ways to support environmental and climate justice
through the adoption of better-informed policies and ac-
tions that address socio-vulnerable populations from a ra-
cial and ethnic perspective.

On our side, we plan to continue exploring the po-
tential of the SEPHER dataset to address issues related to
the housing market and climate justice over other areas
within the United States when considering physical risks
beyond flooding. We encourage future research in this
direction and invite public, media, advocacy groups, and
researchers to make use of the SEPHER publicly avail-
able integrated dataset.
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