
1. Introduction
Adverse health outcomes associated with extreme heat represent the most direct human health threat of the warm-
ing of the Earth's climate caused by anthropogenic greenhouse gas emissions (Z. Xu et al., 2016; Zhai et al., 2021). 
Disparities in heat exposure, exacerbated by disparities in access to individual- and community-level protective 
factors, result in inequitable distribution of the burden of heat-related illness across geographic locations, occu-
pations, and demographic characteristics (Campbell et al., 2018). The disproportionate exposure of communities 
of color in the United States to environmental hazards, often ascribed at least in part to racially driven residential 
segregation policies, is a fundamental manifestation of environmental racism (Bravo et al., 2016; Chavis, 1994; 
Gee & Payne-Sturges, 2004; Lopez, 2002; Morello-Frosch & Jesdale, 2006; Perry, 2007). Recently, heat-related 
outpatient emergency department visits and inpatient admissions from the emergency department were found to 
be higher in “redlined” neighborhoods, evidence of the potential adverse health consequences at the intersection 
of racist policies and climate change (Li et al., 2021).
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The term “redlining” stems from lending maps created by the Home Owners' Loan Corporation (HOLC) in 
the 1930s (Pearcy,  2020). Across urban areas in the United States, maps were created to assess a neighbor-
hood's level of loan risk based on its physical building conditions, public utilities and, infamously, demographic 
composition (Pearcy, 2020). Neighborhoods with African American, Hispanic, Asian, and Jewish populations 
were often graded the lowest, resulting in denied mortgage loans and limited wealth accumulation among these 
communities (Aaronson et al., 2021; Pearcy, 2020). City-wide maps displaying neighborhood grades were color 
coded, with the highest-risk areas colored red, giving rise to the term “redlining” (Pearcy,  2020). Recently, 
the White House Council on Environmental Quality created the Climate and Economic Justice Screening Tool 
(CEJST), which identifies “disadvantaged” communities based on various socioeconomic, environmental, and 
health criteria (Climate and Economic Justice Screening Tool, 2022a, 2022b). The CEJST provides a contempo-
rary measure of residential disparity in the United States, though differing from HOLC grades by its inclusion of 
suburban and rural areas, as well as by its equity promoting purpose (Climate and Economic Justice Screening 
Tool, 2022a, 2022b).

HOLC “redlining” grades and CEJST advantage status provide unique, insightful measures of residential dispar-
ity, each supporting environmental justice research by capturing a range of place-based exposures and outcomes 
(Smoyer, 1998). Previous studies have observed higher land surface temperature (LST), less green space, and 
more dark roofs in “redlined” census tracts (Hoffman et al., 2020; Namin et al., 2020; Nardone et al., 2021; 
Schinasi et  al.,  2022; Wilson,  2020). However, these studies did not assess the association between HOLC 
grade and various socioeconomic, demographic, or biological determinants of heat vulnerability (World Health 
Organization, 2021), nor did they analyze potential differences in heat vulnerability by race/ethnicity. Further-
more, previous heat vulnerability indices have been developed for individual cities (Conlon et al., 2020; Johnson 
et al., 2012; Mallen et al., 2019; Wolf & McGregor, 2013), counties (Harlan et al., 2013; Prudent et al., 2016), or 
states (Maier et al., 2014; Nayak et al., 2018), and the only national Heat Vulnerability Index (HVI) was limited 
by missing data and lack of a heat exposure variable (Reid et al., 2009).

To fill these gaps, we aimed to better understand place-based and race/ethnicity-based disparities in heat vulner-
ability across the entire United States. We build on the aforementioned research by (a) developing an expansive 
and uniform HVI for the contiguous United States; (b) assessing how the HVI differs across historical (i.e., 
HOLC grade) and contemporary (i.e., CEJST) measures of residential disparity; and (c) quantifying the HVI 
distribution by race/ethnicity. We hypothesized that heat vulnerability would be greatest in both historically 
defined and contemporaneously defined disadvantaged communities and in communities of color.

2. Methods
2.1. Data Sources

2.1.1. Heat Vulnerability Index (HVI) Data

We evaluated the peer-reviewed literature to identify candidate variables for the HVI, (i.e., variables found to be 
associated with heat-related adverse health outcomes, Table 1). Of the variables with supporting evidence, only 
those with nationwide data available at the county or census tract levels were included. Data used to construct the 
HVI included demographic, economic, social, housing, diabetes, land cover, and temperature variables collected 
from various sources (Table  2). All data points were collected at or calculated to the census tract level. We 
obtained complete data for 55,267 census tracks, with 18,735 census tracts excluded from the HVI analysis due 
to missing data for one or more variables.

Demographic, economic, social, and housing data was obtained at the census tract level from various Amer-
ican Community Survey (ACS) 5-Year Estimates from 2019. Demographic data consisted of the Hispanic or 
Latino, non-Hispanic African American or Black, and elderly population proportions of each census tract (ACS 
Demographic and Housing Estimates, 2019). Economic data included the proportion of unemployed individuals 
and individuals living below the federal poverty level (Poverty Status in the Past 12 Months, 2019; Selected 
Economic Characteristics, 2019). Social variables included the proportions of individuals living alone, elderly 
and living alone, disabled, with less than a high school education, born in a foreign country, and who are limited 
English proficient (Selected Social Characteristics in the United States, 2019). The proportion of homes built 
prior to 1980 constituted the housing data (Physical Housing Characteristics for Occupied Housing Units, 2019).
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Diabetes prevalence was used to represent underlying health conditions based on the association between diabetes 
and heat-related adverse health outcomes (Knowlton et al., 2009; Schwartz, 2005; Semenza et al., 1996, 1999), 
the co-prevalence of diabetes with several other comorbid conditions (Iglay et  al.,  2016), and the availabil-
ity of nationwide diabetes prevalence data (United States Diabetes Surveillance System,  2021). Sex-specific 
census-tract-level diabetes prevalence for persons aged 20  years and older was estimated using county-level 
diabetes data collected from the Center for Disease Control and Prevention (CDC) U.S. Diabetes Surveillance 
System and census-tract-level age and sex data collected from the ACS 5-Year Age and Sex Estimates (Age 
and Sex,  2019; United States Diabetes Surveillance System,  2021). Specifically, we used CDC sex-specific 
diabetes prevalence estimates for individuals aged 20 years and older for years 2015–2019 to calculate a 5-year, 
sex-specific estimate for each county. Then, we multiplied each sex- and county-specific prevalence estimate by 
the number of males and females aged 20 years and older, respectively, in each census tract within each county 
to estimate the total number of diabetic male and female individuals in each census tract. The sex-specific totals 
were summed and divided by the total population aged 20 years and older in each census tract to estimate the total 
5-year average diabetes prevalence in each census tract.

We obtained two land cover variables—high density development and non-green space—from the National 
Neighborhood Data Archive (NaNDA): Land Cover by Census Tract, United States, 2001–2016 data file (Clarke 
& Melendez, 2019). High density development is an NaNDA-defined variable that measures the proportion of 
land within each census tract having urban imperviousness greater than 79% (Clarke & Melendez, 2019). The 
non-green space variable was calculated by summing the proportion of land within each census tract that was 
covered in “green space” (deciduous forest, evergreen forest, mixed forest, shrub/scrub, herbaceous, hay/pasture, 
cultivated crops, woody wetlands, and emergent herbaceous wetlands), subtracting from 1 and multiplying by 

Variable Supporting literature

Percentage population that is Hispanic or Latino Uejio et al. (2011), Knowlton et al. (2009), Jones et al. (1982), and Lin et al. (2009)

Percentage population that is non-Hispanic African American or Black Uejio et al. (2011), Schwartz (2005), Whitman et al. (1997), Jones et al. (1982), O'Neill 
et al. (2005), O'Neill et al. (2003), and Zanobetti et al. (2013)

Percentage population that is elderly Gronlund et al. (2016), Semenza et al. (1999), Anderson and Bell (2009), Jones 
et al. (1982), and Whitman et al. (1997)

Percentage population that is unemployed Anderson and Bell (2009) and Hansen et al. (2013)

Percentage population living below the federal poverty level Curriero et al. (2002), Naughton et al. (2002), Jones et al. (1982), and Zanobetti et al. (2013)

Percentage population that is living alone Naughton et al. (2002), Semenza et al. (1996), and Uejio et al. (2011)

Percentage population that is elderly and living alone Gronlund et al. (2016), Semenza et al. (1999), Anderson and Bell (2009), Jones 
et al. (1982), Whitman et al. (1997), Naughton et al. (2002), Semenza et al. (1996), and 

Uejio et al. (2011)

Percentage population that is disabled N. Bark (1998), N. M. Bark (1982), and Kaiser et al. (2001)

Percentage population with less than a high school education Curriero et al. (2002), Zanobetti et al. (2013), and O'Neill et al. (2003)

Percentage population that was born in a foreign country Chow et al. (2012)

Percentage population that is limited English proficient Uejio et al. (2011), McGeehin and Mirabelli (2001), and Hansen et al. (2013)

Percentage of occupied houses built before 1980 Gronlund et al. (2015) and Y. Xu et al. (2013)

Percentage of adults age 20+ diagnosed with diabetes Semenza et al. (1999), Semenza et al. (1996), Schwartz (2005), and Knowlton et al. (2009)

Percentage of land covered in high density development Uejio et al. (2011), Jones et al. (1982), Harlan et al. (2006), Clarke (1972), and Buechley 
et al. (1972)

Percentage of land covered in non-green space Gronlund et al. (2015), Zanobetti et al. (2013), Kilbourne et al. (1982), Y. Xu et al. (2013), 
Harlan et al. (2006), and Harlan et al. (2013)

Average summertime enhanced vegetation index (EVI) score Gronlund et al. (2015), Harlan et al. (2006), and Harlan et al. (2013)

Average summertime 2m air temperature anomaly (°F) Harlan et al. (2006), Johnson and Wilson (2009), Avashia et al. (2021), Basu et al. (2008), 
Medina-Ramón and Schwartz (2007), and Zanobetti and Schwartz (2008)

 aSupporting literature identifies research studies that support a relationship between the given variables and adverse heat-related health outcomes.

Table 1 
Heat Vulnerability Index Variables and Supporting Literature a
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100 (Clarke & Melendez, 2019). This value represents the percentage of land in each census tract covered by 
non-natural, artificial surfaces (Clarke & Melendez, 2019).

A third land cover variable—an average enhanced vegetation index (EVI) score, which is an alternative measure 
of vegetation greenness—was calculated for each census tract using data downloaded from NASA's MOD13A2 
Version 6 Product (Didan, 2015). A 4-year average of summer-month EVI scores was calculated using 16-day 
EVI scores from 1 June through 31 August for years 2017 through 2020 (Didan, 2015). One square kilome-
ter grid cell layers representing each 16-day period within the date range were stacked to calculate the aver-
age EVI score for each grid cell (Didan,  2015). The average EVI values for each grid cell were aggregated 
to the census tract level by taking the area-weighted mean of each EVI score within the census tract polygon 
(Didan, 2015). This calculation yielded a census-tract-level average EVI score for the summer months from 2017 
to 2020 (Didan, 2015). The EVI was preferred over the Normalized Difference Vegetation Index for its increased 
sensitivity over heavily vegetated areas and correction for both atmospheric conditions and canopy background 
(Nawrot et al., 2007; Qian et al., 2008).

Category Data source Year range Variable Mean SD (Min, max)

Demographic 
variables

American Community Survey 5-Year demographic 
and housing estimates

2015–2019 Percentage population that is Hispanic 
or Latino

16.58 21.44 (0, 100)

2015–2019 Percentage population that is 
non-Hispanic African American or 

Black

14.08 22.25 (0, 100)

2015–2019 Percentage population that is elderly 16.54 7.91 (0, 92.2)

American Community Survey 5-Year selected 
economic characteristics

2015–2019 Percentage population that is 
unemployed

3.54 2.49 (0, 100)

American Community Survey 5-Year selected 
social characteristics

2015–2019 Percentage population that is living alone 28.23 11.26 (0, 100)

2015–2019 Percentage population that is elderly and 
living alone

11.29 6.11 (0, 100)

2015–2019 Percentage population that was born in a 
foreign country

12.58 13.59 (0, 100)

2015–2019 Percentage population that is limited 
English proficient

7.88 10.69 (0, 100)

2015–2019 Percentage population that is disabled 11.18 6.33 (0, 100)

2015–2019 Percentage population with less than a 
high school education

12.76 10.35 (0, 100)

American Community Survey 5-Year poverty 
status in the past 12 months

2015–2019 Percentage population living below the 
federal poverty level

14.75 11.59 (0, 100)

Housing variable American Community Survey 5-Year physical 
housing characteristics for occupied Housing 

Unit

2015–2019 Percentage of occupied houses built 
before 1980

60.94 26.19 (0, 100)

Underlying health 
conditions variable

Centers for disease control and prevention. U.S. 
diabetes surveillance system website

2014–2018 Percentage of adults age 20+ diagnosed 
with diabetes

6.83 1.38 (0.99, 
15.78)

American Community Survey 5-Year age and sex 2015–2019

Land cover variables National Neighborhood Data Archive (NaNDA): 
Land cover by census tract, United States, 

2001–2016

2016 Percentage of land covered in high 
density development

9.2 15.51 (0, 100)

2016 Percentage of land covered in non-green 
space

64.89 36.66 (0.03, 100)

MOD13A2 MODIS/terra vegetation indices 
16-day L3 global 1 km SIN grid V006 a

2017–2020 Average summertime enhanced 
vegetation index (EVI) score

0.37 0.14 (0, 0.68)

Exposure variable Daymet: Daily surface weather data on a 1-km 
grid for North America, version 4

2017–2020 Average summertime 2m air temperature 
anomaly (°F)

2.97 6.09 (−4.51, 
40.54)

 aNASA's Terra and Aqua satellites' Moderate Resolution Imaging Spectroradiometer.

Table 2 
Heat Vulnerability Index Data Sources and Descriptive Statistics
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Air temperature at 2-m height was obtained from NASA's Daymet Version 4 data set and used to measure heat 
exposure for each census tract (Thornton et al., 2020). A 4-year average of non-missing air temperatures was 
calculated for each 1 km 2 grid cell using air temperature data from 1 June through 31 August for years 2017 
through 2020 (Thornton et al., 2020). Average grid cell air temperature was aggregated to the census tract level 
by taking the area-weighted mean of each air temperature value within the census tract polygon, yielding average 
2-m air temperature for the summer months. Census tracts' most frequently occurring temperature (MFT) was 
calculated using air temperature at 2-m height data from 1 January 2000 through 31 December 2020, obtained 
from NASA's Daymet Version 4 data set (Thornton et al., 2020). Temperature estimates were rounded to the near-
est degree, and the modal temperature estimate for each grid cell represented the MFT. Grid cell MFT estimates 
were aggregated to the census tract level by taking the area-weighted mean of each temperature estimate within 
the census tract polygon, yielding the 20-year MFT for each census tract. Heat exposure for each census tract was 
measured by calculating the difference between the average 2-m air temperature for the summer months and the 
20-year MFT. Quantifying heat exposure based on recent summer months' temperature anomaly relative to the 
MFT captures spatial differences in summertime warming and potentially incorporates an aspect of local climate 
adaptation (Spangler & Wellenius, 2020).

2.1.2. Residential Disparity Data

HOLC data were obtained from the Inter-university Consortium for Political and Social Research's Historic 
Redlining Scores for 2010 and 2020 US Census Tracts project (Meier & Mitchell, 2021). This project overlaid 
HOLC maps with 2020 census tract polygons to calculate a weighted average HOLC score for recent census tract 
boundaries (Meier & Mitchell, 2021). HOLC grades ranged from “A” to “D,” where “A” was “Best,” “B” was 
“Desirable,” “C” was “Definitely Declining,” and “D” was “Hazardous” (Nelson et al., 2020; Pearcy, 2020). The 
original HOLC grades were converted to numbers for calculation purposes (A = 1, B = 2, C = 3, and D = 4) 
(Meier & Mitchell, 2021). The resulting census-tract-level-weighted HOLC scores for 2020 census tract bound-
aries ranged continuously from 1.0 to 4.0 and were available for 13,488 census tracts across 142 cities (Meier & 
Mitchell, 2021).

Disadvantaged community data were obtained from the White House Council on Environmental Quality's 
CEJST (Climate and Economic Justice Screening Tool, 2022a, 2022b). Data utilized for this analysis consisted 
of the tool's binary census-tract-specific disadvantage indicator (“disadvantaged” or “non-disadvantaged”), 
along with each census tract's unique geographic identifier (GEOID) (Climate and Economic Justice Screening 
Tool, 2022a, 2022b). The CEJST identifies a census tract as “disadvantaged” if it exceeds the threshold for one or 
more environmental or climate indicators and for both socioeconomic indicators within at least one of the tool's 
eight categories of criteria (Climate and Economic Justice Screening Tool, 2022a, 2022b).

Race and ethnicity population data were collected from ACS 5-Year Demographic and Housing Estimates from 
2019 (ACS Demographic and Housing Estimates, 2019). Race and ethnicity were combined, producing eight 
groups for comparison: Hispanic or Latino of any race, non-Hispanic White, non-Hispanic Black or African 
American, non-Hispanic American Indian and Alaska Native, non-Hispanic Asian, non-Hispanic Native Hawai-
ian and Other Pacific Islander, non-Hispanic Other race, and non-Hispanic Multi-racial (two or more races).

2.2. Statistical Analysis

2.2.1. HVI Construction

Principal component analysis (PCA) was performed to reduce the original number of variables to a smaller 
number of sufficiently explanatory components. PCA reduces potential collinearity between original varia-
bles by grouping correlated variables into new principal components (Reid et al., 2009). The PCA method has 
been used previously to construct city-(Conlon et al., 2020; Johnson et al., 2012; Mallen et al., 2019; Wolf & 
McGregor, 2013), county-(Harlan et al., 2013; Prudent et al., 2016), state- (Maier et al., 2014; Nayak et al., 2018), 
and national-(Reid et al., 2009) level HVIs. The varimax rotation method minimizes the number of variables 
loading on specific principal components, ensuring they are independent of each other and the original variables 
(Reid et al., 2009). Principal components are retained if they meet each of the following standard criteria: a clear 
break in the Scree plot, Eigenvalue greater than 1, and the cumulative proportion of variance explained by the 
retained components is greater than 70% (Cattell, 1966; Jolliffe & Cadima, 2016; Wold et al., 1987). Census 
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tracts receive normalized factor scores for each retained component, which are often rescaled for easier interpre-
tation and to minimize the effect of outliers in subsequent calculations (Reid et al., 2009).

We calculated an HVI for 55,267 census tracks, with 18,735 census tracts excluded from the analysis due to 
missing data for one or more variables. Together, the EVI and air temperature data sets contributed 15,927 
(90.7%) of the missing data points, possibly due to grid cell disruption caused by water body or cloud coverage. 
Correlation among the included variables was assessed using Spearman's rank correlation coefficient (Table S1 
in Supporting Information S1). PCA with varimax rotation identified five components to be retained based on 
meeting the standard criterion, adequately representing the various aspects of heat vulnerability (Figures S1 and 
S2 in Supporting Information S1). Factor loadings quantify each variable's influence on the individual retained 
components, and can be described as Education/Language, Economic/Demographic, Land Cover/Housing, 
Elderly/Social Isolation, and Exposure/Underlying Conditions factors (Table S2 in Supporting Information S1). 
For interpretability and calculation purposes, normalized factor scores produced from the varimax rotation were 
rescaled from 1 to 6 based on deviation from the mean. Each census tract, therefore, received five factor scores, 
each ranging from 1 to 6. The individual factor scores were summed to calculate the HVI score for each census 
tract, having a potential range of 5–30. Heat Vulnerability Index scores were geocoded and plotted using each 
census tract's unique GEOID.

2.2.2. Heat Vulnerability and Environmental Racism Analysis

Correlation and linear regression analysis methods were used to quantify the relationship between HVI scores 
and weighted HOLC scores at the census tract level. Weighted HOLC scores were rounded to the nearest inte-
ger and reassigned original grade measurements (1 = A, 2 = B, 3 = C, and 4 = D) to assess differences in HVI 
score  among grade-specific strata. We used analysis of variance to test whether at least one HOLC grade-specific 
mean HVI score was significantly different from at least one other grade-specific score. If this was the case, 
we then used post-hoc honestly significant difference tests to calculate the magnitude, direction, and statistical 
significance of differences between HOLC grade-specific mean HVI scores. We compared mean HVI scores for 
CEJST “disadvantaged” and “non-disadvantaged” census tracts using the t-test. We used analysis of variance 
and post-hoc honestly significant difference tests to assess differences in mean HVI score among HOLC-grade 
specific census tract strata by CEJST disadvantaged community status.

Heat vulnerability was analyzed for the various race/ethnicity groups in the United States in several ways. First, a 
mean HVI score was calculated for each group weighted by the census-tract-specific population of each group. In 
addition, each census tract was assigned to a race/ethnicity category according to its modal, or most populous, 
race or ethnicity. Mean census tract HVI scores were then compared across race/ethnicity categories. For exam-
ple, a census tract where 2,000 residents were Hispanic or Latino of any race, 1,000 were non-Hispanic White, 
500 were non-Hispanic African American or Black, and 500 were non-Hispanic Asian, would be assigned to the 
Hispanic or Latino of any race category. The mean HVI score of all census tracts assigned to the Hispanic or 
Latino of any race category would be calculated and compared to that of other race/ethnicity categories. Finally, 
the population proportion of each race/ethnicity group was calculated for HVI score deciles.

3. Results
HVI scores were calculated for 55,267 U.S. census tracts (Figure  1). Scores ranged from 10 to 26 with a 
country-wide mean (SD) equal to 17.47 (2.16). Visual assessment of the HVI Map revealed higher HVI scores in 
urban census tracts compared to surrounding suburban and rural areas. In the greater New York City metropolitan 
area, higher HVI scores were apparent in the Bronx, Brooklyn, and Newark, New Jersey compared to lower scores 
in the western portion of Nassau County, New York, and Bergen County in northeastern New Jersey. In Chicago, 
high HVI scores were evident throughout Cook County, with lower scores more prevalent in the surrounding 
DuPage and Will Counties. Los Angeles and Houston's urban areas also exhibited considerably higher HVI 
scores than the surrounding suburbs. Figure 1 also depicts higher HVI scores in the southwestern United States, 
a spatial pattern consistent with the Global Burden of Disease (GBD) estimates of heat-related mortality at 
the state level (Figure S3 in Supporting Information S1) (Global Burden of Disease Study 2019 (GBD, 2019) 
Results, 2020). A sensitivity analysis was conducted to compare the original HVI scores, which used the average 
summertime 2m air temperature anomaly relative to the full-year MFT as the temperature anomaly variable, to 
alternative HVI scores using the average summertime 2m air temperature anomaly relative to the summertime 
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(June–August) MFT as the temperature anomaly variable. The sensitivity analysis yielded similar HVI results, 
with the original and alternative HVI scores highly correlated (R = 0.88) (Table S3 and Figure S4 in Supporting 
Information S1).

U.S. Department of Agriculture's Rural-Urban Commuting Area codes were used to assess differences in mean 
HVI scores between urban and non-urban areas (2010 Rural-Urban Commuting Area Codes, 2019). T test anal-
ysis measured significantly different (p-value < 0.001) mean HVI score in urban areas compared to non-urban 
areas. On average, HVI scores in urban areas were 0.29 (0.25, 0.33) points higher than in non-urban areas, 
supporting the visual differences apparent in Figure 1.

There was a weak-to-moderate association between HOLC grade and HVI (correlation coefficient of 0.305). 
Based on a simple linear model, per unit increase in weighted HOLC score was associated with a 0.8-point 
increase in HVI score (Figure S5 in Supporting Information S1). Mean (SD) HVI scores were 17.56 (1.80) for 
HOLC grade A census tracts, 18.61 (2.08) for grade B, 19.45 (1.92) for grade C, and 19.93 (1.90) for grade D 
(Figure 2). These mean HVI scores differed significantly across HOLC grade strata (p-value < 0.001). Post-
hoc honestly significant difference tests calculated significantly higher (p-value < 0.001) HVI scores for each 
incrementally higher-risk HOLC grade, differing by 1.05 (0.81, 1.28) between “A” and “B,” by 0.84 (0.71, 0.97) 
between “B” and “C,” and by 0.48 (0.37, 0.60) between “C” and “D” (Figure 2).

We assessed the distribution of the raw HVI variables across the various HOLC grades using heat maps (Figure 
S6 in Supporting Information S1). Analysis of variance showed that the mean value of each raw HVI variable 
significantly differed across HOLC grades (Table S4 in Supporting Information S1), suggesting that each raw 
variable contributed to the difference in mean HVI scores across the HOLC grade strata.

The mean (SD) HVI score for CEJST-defined “disadvantaged” census tracts was 19.13 (1.89), significantly 
higher (p < 0.001) than the mean HVI score of 16.68 (1.80) for “non-disadvantaged” census tracts. We also 
calculated the mean HVI score for census tracts within each HOLC grade stratified by disadvantage community 
status and found the highest score for disadvantaged census tracts with HOLC grade “D” and the lowest for 
non-disadvantaged tracts with HOLC grade “A” (Figure 3). Analysis of variance showed that mean HVI scores 
significantly differed across HOLC grades among both the “disadvantaged” (p < 0.001) and “non-disadvantaged” 
(p < 0.001) census tracts. Incrementally higher-risk HOLC grades had significantly higher (p < 0.001) HVI score 

Figure 1. Heat Vulnerability Index (HVI) Score Maps. N = 55,267 census tracts. Census tracts with missing data for one or more variables were excluded from the 
analysis and did not receive an HVI score (N = 18,735; white color on the map). Enhanced vegetation index and air temperature were the primary contributors to 
missing data.
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among non-disadvantaged census tracts. However, the only significant difference among disadvantaged tracts 
was between grade “C” and grade “D.” Within each HOLC grade stratum, disadvantaged census tracts had a 
significantly higher (p < 0.001) mean HVI score than non-disadvantaged tracts.

Figure 2. Distribution of Census Tract Heat Vulnerability Index (HVI) Scores for Home Owners Loan Corporation (HOLC) 
Grades. “HOLC Grade” x-axis label represents HOLC lending risk grade. Grade D represents historically “redlined” census 
tracts. Differences in HVI scores between adjacent HOLC grades were statistically significant (p-value < 0.001) according 
to post-hoc honest significant difference tests. Boxes depict HVI score interquartile range for each HOLC grade stratum. The 
middle line within the box marks the median HVI score for each HOLC grade. N = 10,701 census tracts with both a HOLC 
grade and complete data to calculate an HVI score.

Figure 3. Heat Vulnerability Index (HVI) Scores for Disadvantaged Communities and Home Owners Loan Corporation 
(HOLC) Grades. Violin plots show the density of census tracts receiving a particular HVI score given their HOLC grade and 
disadvantaged community status. Wider portions of the violin indicate more census tracts with the corresponding HVI score, 
while narrower portions indicate fewer census tracts with corresponding HVI score. The black dot and error bar within each 
violin mark the mean HVI score and standard deviation for each HOLC grade and disadvantaged community status stratum. 
N = 10,701 census tracts with both a HOLC grade and complete data to calculate an HVI score.
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The mean (SD) HVI score was highest for the non-Hispanic Black or African American race/ethnicity group at 
18.51 (2.02), followed by 18.19 (2.29) for Hispanic or Latino of any race, 17.95 (2.29) for Other races, 17.31 
(2.44) for Asian, 17.05 (1.90) for American Indian or Alaskan Native, 17.05 (2.14) for Multi-race, 16.76 (1.90) for 
non-Hispanic White, and 16.76 (2.13) for Native Hawaiian or Pacific Islander. These mean HVI scores differed 
significantly (p = 0.036) across groups. When calculated based on the modal race/ethnicity group population in 
each census tract, the mean (SD) HVI score was highest for Other races at 22.0 (0.0) (based on only two census 
tracts in which Other races had the modal population), followed by 19.31 (1.70) for non-Hispanic Black or Afri-
can American, 19.06 (2.14) for Hispanic or Latino of any race, 18.51 (2.66) for Asian, 16.96 (1.71) for American 
Indian or Alaskan Native, and 16.90 (1.89) for non-Hispanic White (Figure 4a). The Native Hawaiian or Pacific 
Islander and Multi-race race/ethnicity groups were not the modal population in any census tract.

Non-white persons were overrepresented in the most heat-vulnerable census tracts (Figure 4b). Non-white indi-
viduals made up 75.6% of the population in the highest HVI score category of census tracts, compared to only 
24.7% in the lowest category. Hispanic or Latino and non-Hispanic African American or Black individuals 
accounted for 38.4% and 26.6% of the highest category population, respectively, compared to 10.7% and 4.3% in 
the lowest category population and 18.0% and 12.3% in the entire United States population (ACS Demographic 
and Housing Estimates, 2019).

4. Discussion
The analyses in this study each supported the hypothesis that vulnerability to heat-related adverse health outcomes 
is greatest in historically defined and contemporaneously defined disadvantaged communities and in communities 
of color in the United States. Historically “redlined” census tracts were associated with higher heat vulnerability, 

Figure 4. Heat Vulnerability Index (HVI) Scores for Race/Ethnicity Groups. (a) Boxes depict HVI score interquartile range for each race/ethnicity group. The middle 
line within the box marks the median HVI score. The Native Hawaiian or Pacific Islander and Multi-race groups were not included because neither was the modal group 
in any census tract. (b) Bar plot depicts the race/ethnicity group population proportions within each HVI score category. Category “1” represents the lowest HVI scores 
and category “7” represents the highest HVI scores. These are the HVI score ranges corresponding to each category: category 1: 10–15 (N = 9,497; 18.6%); category 
2: 16 (N = 8,313; 16.3%); category 3: 17 (N = 9,380; 18.4%); category 4: 18 (N = 8,935; 17.5%); category 5: 19 (N = 6,600; 12.9%); category 6: 20 (N = 4,180; 8.2%); 
and category 7: 21–26 (N = 4,124; 8.1%). N = census tracts.
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consistent with similar analyses that found higher LST and lower green space in these segregated areas (Hoffman 
et al., 2020; Li et al., 2021; Namin et al., 2020; Nardone et al., 2021; Schinasi et al., 2022; Wilson, 2020). This 
association was evidenced by the correlation and regression analyses between continuous, weighted HOLC score 
and HVI score, as well as significantly increasing HVI scores between incrementally higher-risk HOLC grades. 
These residential disparities were driven by inequitably distributed determinants of heat vulnerability (i.e., the 
raw HVI variables), each of which differed significantly among HOLC grade strata.

Contemporaneously defined disadvantaged community status was also found to be associated with higher HVI 
score, both in aggregate and across HOLC grade strata. When HOLC grade and CEJST disadvantaged commu-
nity status were assessed together, the highest place-based heat vulnerability was measured in census tracts that 
were both historically redlined and presently disadvantaged. Finally, we observed high mean HVI scores among 
non-White race/ethnicity groups, and overrepresentation of people of color in the most vulnerable census tracts. 
Together, these results demonstrate place- and race/ethnicity-based disparities in heat vulnerability across the 
United States, and add to the literature on the long-term adverse environmental and health implications associ-
ated with racist housing policies (Hoffman et al., 2020; Li et al., 2021; Namin et al., 2020; Nardone et al., 2021; 
Schinasi et al., 2022; Wilson, 2020).

In addition to residential and race/ethnicity differences in heat vulnerability, urban areas were measured to have 
higher HVI scores than non-urban areas. This difference in vulnerability, however, cannot be validated without 
nationwide estimates of heat-related mortality. Although previous heat vulnerability indices also have measured 
increased vulnerability in urban areas (Reid et al., 2009), other studies have identified higher risk of heat mortal-
ity in rural areas (Chen et al., 2016; Hu et al., 2019). Heat vulnerability in urban versus non-urban communities 
has complex differences; therefore adaptation strategies should be designed to target the specific needs of each 
area.

The HVI developed in this study utilizes methodologies applied in previous studies (Reid et al., 2009), but also 
builds on previous indices in several ways. First, constructing the index with data from the most recently updated 
data sets provides more temporally relevant measures of the included variables. Utilizing the most recent temper-
ature estimates in particular is crucial for adequately describing heat exposure, as warming trends differ between 
the most and least socially vulnerable counties in the United States (Spangler & Wellenius,  2020). Second, 
the air temperature variable used to construct our HVI measures heat exposure more accurately (World Health 
Organization, 2021) than does LST, which has been used in the construction of previous indices. LST likely 
misrepresents heat exposure, as atmospheric and surface conditions can cause several degree differences between 
LST and ambient air temperature (Good, 2016). Additionally, measuring heat exposure based on recent summer 
months' temperature anomaly relative to the MFT captures current and spatially diverse warming trends. Basing 
the temperature anomaly on MFT, which is closely associated with minimum mortality temperature, also helps 
take into account potential geography-specific temperature adaptation, making it a multifaceted measure of heat 
exposure (Yin et al., 2019). Finally, this assessment provides HVI scores for most United States' census tracts 
(n = 55,267; 75% of census tracts), capturing vulnerability across urban, suburban, and rural areas. An earlier 
study sought to measure heat vulnerability for the entire country but excluded many non-urban areas from the 
final vulnerability scores due to the lack of a nationwide data set for air conditioning (Reid et al., 2009). Other 
studies of heat vulnerability within individual cities (Conlon et al., 2020; Johnson et al., 2012; Mallen et al., 2019; 
Wolf & McGregor, 2013), counties (Harlan et al., 2013; Prudent et al., 2016), or states (Maier et al., 2014; Nayak 
et al., 2018) did not provide the national scope necessary for an environmental racism assessment.

Beyond the improvements to the HVI, this study provided a unique analysis of the place- and race/ethnicity-based 
disparities associated with heat vulnerability. Previous studies have measured higher LST and lower green space 
in “redlined” areas (Hoffman et al., 2020; Li et al., 2021; Namin et al., 2020; Nardone et al., 2021; Schinasi 
et al., 2022; Wilson, 2020), but these studies failed to capture the various other socioeconomic, demographic, or 
biological determinants of vulnerability (World Health Organization, 2021). Additionally, this study is the first 
to quantify heat vulnerability across the various race/ethnicity groups in the United States, further illustrating the 
vulnerability of communities of color.

This study had several limitations. First, 18,735 census tracts did not receive an HVI score due to missing data 
and were therefore excluded from the analysis. Data loss occurred primarily during the calculation of census 
tract level EVI and air temperature values, possibly due to grid cell disruption caused by cloud coverage (Shen 
et al., 2015). We cannot rule out the possibility of some selection bias due to exclusion of these census tracts. 
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A second limitation was the lack of a nationwide data set measuring census-tract-level air conditioning access, 
which is known to provide strong protection against heat-related morbidity and mortality (Bouchama et al., 2007; 
Kaiser et al., 2001; Kilbourne et al., 1982; Naughton et al., 2002; Petkova et al., 2014; Romanello et al., 2021; 
Semenza et al., 1996). The positive association that has been observed between warmer temperatures and air 
conditioning access could indicate more widespread access to air conditioning across the southern portion of 
the country, further influencing the spatial distribution of HVI scores across the United States if air condition-
ing access had been included as a variable in the HVI construction (Bell et al., 2009). A third limitation was 
the use of diabetes to represent all comorbidities and underlying health conditions associated with heat-related 
morbidity and mortality. In fact, the magnitude of the association between heat exposure and various physical 
and mental health conditions varies (Knowlton et al., 2009; Semenza et al., 1996, 1999); however, measures of 
underlying health conditions other than diabetes were unavailable nationally at the county- or census-tract-level. 
Additionally, the original variables used to construct the HVI were consistent across geographic locations, but 
heat vulnerability in urban versus non-urban areas could be dependent on which combination of raw variables are 
used (Fard et al., 2021). Though a potential limitation, the observed urban versus non-urban differences in heat 
vulnerability are likely driven by differences in exposure, susceptibility, and adaptability that are captured in the 
original variables.

A fourth limitation of this study was that we were unable to validate the HVI by comparison to actual empirical 
heat-related morbidity or mortality data, due to data unavailability, but the general spatial pattern of HVI scores 
had approximate consistency with the GBD estimates of heat-related mortality at the state level (Global Burden 
of Disease Study 2019 (GBD, 2019) Results, 2020). A further limitation was that the Home Owners' Loan Corpo-
ration assigned grades based on the demographic, economic and social construction of a neighborhood, implicitly 
taking into account many of the same variables used for construction of the HVI score (Nardone et al., 2021; 
Pearcy, 2020). Finally, the White House Council on Environmental Quality's CEJST, which was utilized for this 
analysis due to its national scope, did not include race/ethnicity as a criterion for identifying environmentally 
and socially disadvantaged communities in the United States. Race/ethnicity also is not taken into account in 
California's CalEnviroScreen (CalEnviroScreen 4.0, 2021), but is a factor in the New York State Disadvantage 
Communities Map (Disadvantaged Communities Map,  2022). Due to varying geographic domains, a unique 
combination of demographic, socioeconomic, and environmental determinants, as well as different development 
methodologies, comparing our HVI scores to disadvantaged community status defined by these other tools would 
result in different outcomes and conclusions.

5. Conclusion
Residential and racial inequalities associated with heat vulnerability identified by this study confirm the persis-
tent legacy of racist policies in the United States and their connection to contemporary environmental injustices. 
Our findings can help inform policymakers about the national distribution of place- and race-based disparities in 
heat vulnerability to develop equity-promoting climate adaptation policies.
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