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Abstract

Background: Environmental health disparity research involves the use of metrics to assess 

exposure to community-level vulnerabilities or inequities. While numerous vulnerability indices 

have been developed, there is no agreement on standardization or appropriate use, they have 

largely been applied in urban areas, and their interpretation and utility likely vary across different 

geographies.

Objective: We evaluated the spatial distribution, variability, and relationships among different 

metrics of social vulnerability and isolation across urban and rural settings to inform interpretation 

and selection of metrics for environmental disparity research.

Methods: For all census tracts in North Carolina, we conducted a principal components 

analysis using 23 socioeconomic/demographic variables from the 2010 United States Census 

and American Community Survey. We calculated or obtained the neighborhood deprivation index 

(NDI), residential racial isolation index (RI), educational isolation index (EI), Gini coefficient, 
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and social vulnerability index (SVI). Statistical analyses included Moran’s I for spatial clustering, 

t-tests for urban-rural differences, Pearson correlation coefficients, and changes in ranking of tracts 

across metrics.

Results: Social vulnerability metrics exhibited clear spatial patterning (Moran’s I ≥0.30, p<0.01). 

Greater educational isolation and more intense neighborhood deprivation was observed in rural 

areas and greater racial isolation in urban areas. Single-domain metrics were not highly correlated 

with each other (rho≤0.36), while composite metrics (i.e., NDI, SVI, principal components 

analysis) were highly correlated (rho>0.80). Composite metrics were more highly correlated with 

the racial isolation metric in urban (rho: 0.54–0.64) versus rural tracts (rho: 0.36–0.48). Census 

tract rankings changed considerably based on which metric was being applied.

Significance: High correlations between composite metrics within urban and rural tracts 

suggests they could be used interchangeably; single domain metrics cannot. Composite metrics 

capture different facets of vulnerabilities in urban and rural settings, and these complexities should 

be examined by researchers applying metrics to areas of diverse urban and rural forms.

Introduction

The disproportionate distribution of environmental exposures in communities of lower 

income or marginalized racial and ethnic groups is well-documented in a voluminous 

literature 1–4. Most of the literature is focused on the urban context, where low-income 

communities in urban areas are likely exposed to higher ambient concentrations of air 

pollutants such as ozone and particulate matter 2, 5 or drinking water contaminants, such 

as lead 6, 7. Exposure disparities also exist in the rural context, where lower-income 

communities are more likely to live near environmental hazards like waste facilities and 

factory farms 8–10. Research has also demonstrated that some populations experience more 

pronounced health responses in relation to environmental exposures due to interactions 

between environmental factors and social and structural determinants of health 11, 12.

Environmental health researchers are being called upon to more carefully examine 

the complex relationships between social vulnerability, race and racism, environmental 

exposures, and health 13, 14. Across the environmental justice literature, researchers have 

quantified exposure to social vulnerability in numerous, inconsistent ways. Approaches 

have varied over time, and no standard approach or consensus exists. Moreover, comparing 

and synthesizing results from studies applying social disadvantage metrics across distinct 

geographies may be implicitly assuming that these indicators capture similar features 

across distinct types of communities. However, the physical, social, and environmental 

characteristics of rural communities are different than those in urban communities, where 

much of the epidemiological and environmental health research is focused 15. Additionally, 

socioeconomic position is typically assessed as a “snapshot” measure (i.e., at one time 

point) and for one aspect of socioeconomic status (SES), such as income or education, 

whereas current SES is a reflection of multi-generational and/or lifetime SES including 

that of childhood, financial resources other than traditional income such as family funds, 

or unusual expenses (e.g., health care expenses) 16. As socio-cultural systems differ by 

urbanicity (e.g., greater number of job opportunities in urban areas, higher social cohesion 

typically in rural areas), the snapshot and single domain proxies of SES may have 
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different implications across types of communities, including those of varying urbanicity. 

Exposure to community-level socioeconomic factors might be best characterized using 

different approaches in rural versus urban areas, and across different rural economies (e.g., 

agricultural vs. non-agricultural) or geographies (e.g., Coastal Plains vs. Mountain). Links 

between socioeconomic and environmental exposures and health outcomes may be obscured 

or misinterpreted if appropriate measures are not used.

Socioeconomic factors at the community level, such as poverty, education, and wealth, are 

often correlated and multidimensional. This correlation between factors makes it appealing 

to use a composite measure to combine multiple socioeconomic variables into one metric 

of vulnerability 17. In addition, a composite metric can serve as a proxy for the multi-

faceted concept of SES. While many studies take this approach, researchers use different 

metrics comprised of different variables, combined in different ways, and often at different 

geographic scales. These disparate techniques make it challenging to compare results across 

studies and geographic areas and may yield inconsistent findings. In addition, composite 

metrics may not easily translate to specific policy interventions, which could benefit from 

the identification of priority factors. Furthermore, the availability of multiple, similar metrics 

makes the selection of which metric to use and whether it will impact the research findings 

challenging.

Additionally, terminology and meaning vary across metrics and over time. For 

example, the terms “disadvantage,” “deprivation,” and “vulnerability” are sometimes used 

interchangeably to refer to aspects of social inequity. Concentrated disadvantage 18 and 

neighborhood deprivation 17 measures are meant to assess a lack of resources in a 

community, and are typically used as a contextual predictor of poorer health outcomes. 

Social disadvantage has been defined as “a web of health risks including poverty, 

substandard housing and building infrastructure, unemployment, the erosion of social 

capital, and exposure to high levels of violence and crime”. 19 Social vulnerability, on 

the other hand, characterizes not just a community’s likelihood of harm but also its 

potential ability to recover from hazards. 20, 21 Other metrics are used to evaluate aspects 

of systemic racism and discrimination. For example, scholars assess multiple dimensions 

of racial residential segregation, the separation of different racial and ethnic groups into 

different neighborhoods with different resources to support health and well-being across 

the life course. 22, 23 These include the five dimensions originally described by Massey 

and Denton (1988) (evenness/dissimilarity, exposure/isolation, concentration, centralization, 

and clustering), and the more recent simplified conceptualization of evenness (similarity in 

distributions of racial and ethnic groups across areal units) and isolation (the probability 

of contact with members of a different racial or ethnic group).24, 25 The concept of 

isolation can be extended beyond race and ethnicity to other social domains, such as 

educational attainment.26 Furthermore, where socioeconomic disadvantage and residential 

racial isolation overlap, residents may be especially at risk of both environmental exposures 

and health risks.

Although epidemiological research is increasingly considering social and structural 

determinants of health at the community level 14, 27, most existing studies of the influence of 

community-level factors on health take place in the urban context 15, 28, 29. While composite 
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metrics often show deep deprivation in urban areas, there is also consistent evidence that 

living in a rural community can have negative impacts on economic well-being 30. Rurality 

is sometimes treated as the absence of urbanity, and as unidimensional even though there 

are many regional differences in rural areas 15, 27. Also, many studies of differences in 

urbanicity compare urban to semi-urban forms (e.g., more urban to less urban, still all in 

metropolitan areas); relatively few capture a full range of urban, ex-urban, and rural forms 
31. Rural areas differ dramatically not just in physical characteristics like land use and tree 

cover, but also in social characteristics like population density, age structure, educational 

attainment, employment status and type, and racial segregation 32. Amenities such as 

grocery stores, libraries, and schools may be harder to access. Moreover, the cost of living 

is often significantly lower in rural communities, which generates important differences in 

how poverty is experienced. Environmental hazards tend to be different in rural areas as 

compared to urban areas. Residential isolation may hamper collective bargaining power and 

sharing of information about hazards 33, 34. Therefore, there is unlikely to be a one-sized-

fits-all solution to assessing the link between socioeconomic conditions, community-level 

factors, and environmental pollutants.

Variations in how metrics classify areas in terms of the intensity of their vulnerability 

or isolation could yield different results in terms of differential exposure or health 

risks, potentially influencing reproducibility of research and policy recommendations. To 

best characterize the relationship between socioeconomic disadvantage and environmental 

burden, scholars and stakeholders must understand what their metric is capturing as well as 

whether it is appropriate for the particular area and research questions they are studying. 

The lack of a standard approach and understanding of metric performance across geographic 

settings can pose a design challenge for researchers beginning new studies, contribute to 

inconsistencies of results in existing studies, and obscure findings, potentially leading to 

misinterpretation of results. To investigate these issues, our objectives were to apply a 

selection of social vulnerability and isolation metrics to all census tracts within the state 

of North Carolina and evaluate the spatial distributions, variability, and relationships of 

different metrics in urban versus rural settings and across three geographic regions: Coastal 

Plain, Piedmont, and Mountain. We elected to conduct a single-state analysis rather than 

a national one, because state-specific differences and within-state heterogeneity could be 

masked by aggregate statistics 26, 35, 36.

Methods

Study Setting

We conducted our study in North Carolina, a southern state in the United States (US) 

with 33.9% of the population classified as rural, compared to 19.3% of the US, according 

to the 2010 US Census 37. The state has a range of urban and rural forms, with 

corresponding variations in the types of environmental exposures. The state includes three 

major geographic regions: the Appalachian Mountain region, which is located in the western 

part of the state, the Piedmont (“foothills”) or middle section of the state which contains the 

state’s largest cities, and the Coastal Plain, which is the eastern section of the state, covering 

about 45% of the state area, and home to farmland (e.g., cotton, soybeans, tobacco) 38. 
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Areas bordering and within the Appalachian Mountains have historically relied on fossil fuel 

extraction and mining 39. Agricultural regions present exposures from pesticide use 40, 41 

and intense livestock operations 8, 9. It is also home to growing urban areas experiencing 

rapid land development 42. Our analysis was conducted at the census tract level (n=2,195 

tracts) in North Carolina. We obtained data on the percentage of the population living in 

areas designated as urban from the 2010 Census and classified each census tract as “urban” 

if ≥50% of the population was living in an urbanized area or urban cluster, and rural if it was 

<50% urban. We classified census tracts as belonging to one of the three major geographical 

regions of North Carolina.

Social Vulnerability and Isolation Metric Selection

For our analysis, we selected the following four metrics that are commonly used in public 

and environmental health literature: the neighborhood deprivation index (NDI), a residential 

racial isolation index (RI), the Gini coefficient, and the social vulnerability index (SVI) 

(Table 1). We also conducted an original principal component analysis (PCA) calculated 

using 23 census variables and calculated a newly developed educational isolation index 

(EI)26 (Table 1). We selected these metrics to cover a range of characteristics, including 

both single domains (e.g., income inequality, race) or composite metrics (more than one 

domain incorporated), those which are publicly accessible and those that require additional 

programming and processing, and those which incorporate characteristics of adjacent areas 

(“spatial”, e.g., racial isolation) and those which do not (“aspatial”). We obtained or 

constructed these six metrics for the census tracts in North Carolina; metrics requiring 

calculations used variables from the 2010 Census and/or American Community Survey.

Neighborhood Deprivation Index (NDI)

Census tract-level data from the 2010 US Census were used to calculate the composite NDI 
17. The NDI has been used in other studies examining neighborhood conditions and health 

outcomes, including preterm birth 43, 44, small for gestational age birth 45, and hypertension 

during pregnancy 46. The NDI is created using the first component from a PCA of eight 

census variables: percent of households in poverty, percent of female-headed households 

with dependents, percent with annual household income <$30,000, percent of households 

on public assistance, percent of males in management/professional occupation, percent in 

crowded housing, percent unemployed, and percent without a high school education.

Residential Racial Isolation of Non-Hispanic Blacks (RINHB)

We calculated a previously developed 47 local, spatial measure of racial isolation (RI) 

of census tracts with respect to self-identifying non-Hispanic Black (NHB) individuals 

(RINHB), compared with all other racial/ethnic groups, including Hispanics. In contrast to 

racial composition within a tract, which can be used to assess evenness as a proxy measure 

of segregation, RINHB measures isolation considering racial composition of an index area 

and all its adjacent areas and ranges from 0 to 1, with more weight given to the index area. 

A neighborhood (i.e., the index tract and all its adjacent tracts) whose population is entirely 

composed of racial and ethnic groups other than NHB will have an RINHB value that is 0. 

In contrast, a neighborhood environment that is all NHB will have an RINHB value that is 1. 

These reflect extremes of isolation, whereas a somewhat “integrated” community will have a 
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value somewhere between 0 and 1. A higher value of this metric can generally be interpreted 

as having greater inequities because communities with an RI value closer to 1 are more 

likely to have experienced racist policies related to housing, education, and disinvestment, 

leading to concentrated disadvantage and adverse health outcomes. 22, 47 23, 48 The metric is 

calculated as

RIim = ∑
j ∈ ∂i

wijT jm / ∑
j ∈ ∂i

wijT j (1)

where ∂i denotes the set of index unit (i) (in our case, census tract) and its neighbors (i.e., 

tracts that are adjacent to the index tract). Given M mutually exclusive racial subgroups, 

m indexes the subgroups of M (e.g., NHB). The variable Ti denotes the total population 

in region i (i.e., the index tract and tracts adjacent to the index tract) and Tim denotes the 

population of subgroup m in region i. The variable wij denotes an n × n first order adjacency 

matrix, where n is the number of census tracts in the study area. First order adjacency 

means that the entries in the matrix, wij, are set to 1 if a boundary is shared by region i 
and region j, and 0 otherwise. Entries of the main diagonal (since i ∈ ∂i, wij = wii when j 
= i) of wij are set to 1.5, such that the weight of the index unit, i, is larger than the weights 

assigned to adjacent tracts. This measure of RINHB has been used in other studies examining 

neighborhoods and health, including preterm birth 47, low birthweight 47, type 2 diabetes 49, 

and chronic hypertension 50.

Residential Educational Isolation without College Degree (EIWCD)

We applied a newly developed metric of educational isolation, as educational attainment 

has consistently been linked to health outcomes. 26 This metric is calculated with a formula 

analogous to RI, but for educational attainment. It captures the weighted average proportion 

of the non-college educated population residing in a neighborhood environment (i.e., index 

census tract and its adjacent tracts, with greater weight given to the index tract). Specifically, 

in each tract, we calculate a local, spatial measure of educational isolation of non-college 

educated individuals (EIWCD) (i.e., those without a four-year college degree). The metric 

is calculated using the formula in (1) but defining two mutually exclusive educational 

subgroups instead of mutually exclusive racial subgroups. EIWCD ranges from 0 to 1, with 

values close to 0 indicating that the neighborhood environment is nearly exclusively college 

educated (near complete isolation of individuals with a four-year degree from those without 

a college degree), and values close to 1 indicating that the neighborhood is almost all 

non-college educated (i.e., near complete isolation of individuals without a four-year degree 

from those with a college degree).

Social Vulnerability Index (SVI)

The SVI is an index developed by the Centers for Disease Control and Prevention that 

uses a combination of 15 US Census variables focused on four domains: SES, household 

composition, race/ethnicity/language, and housing/transportation 51. It was designed to assist 

emergency personnel in targeting disaster response efforts, but its use has been extended 

beyond these contexts 52, 53. Census tracts are assigned rankings with 0 being the least 

vulnerable and 1 being the most vulnerable. The ranking number for a given tract is 
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interpreted as the proportion of tracts that have the same or lower social vulnerability than 

the given tract. Therefore, a ranking of 0.75 indicates that 75% of tracts in the study area (in 

our case, the state) are less vulnerable than the tract of interest.

Gini Coefficient

The Gini Coefficient was originally presented in a 1912 book published in Italian by 

sociologist and statistician Corrado Gini; it has subsequently been presented in other formats 

and applied for decades to estimate income inequality 54 55, 56. It ranges from 0 (complete 

equality: all individuals have the same income) to 1 (complete inequality: all income is 

earned by 1 individual while all others have none). It is based on the Lorenz curve, which 

is an observed cumulative income distribution. The coefficient represents the deviation from 

perfect equality.

Principal Components Analysis (PCA) on Individual Census Variables

From the decennial 2010 Census and the American Community Survey, we obtained 23 

individual variables across multiple domains: educational attainment, income, employment, 

race/ethnicity/immigration, housing, age, and population density. We conducted a new 

PCA and utilized the first principal component with corresponding loading factor which 

includes loadings for 23 individual variables (Supplemental Table S1). Several factors 

across multiple domains had loadings with absolute values greater than 0.2, indicating a 

substantive contribution to the metric, such as percent population below the federal poverty 

line, percent of population with health insurance, and percent population identifying as non-

Hispanic Black. Variables capturing disadvantage have positive loadings (e.g., % population 

unemployed), while variables with negative loadings indicate advantage (e.g., % employed 

in managerial/professional jobs), meaning that a large factor score can be interpreted as 

having greater inequity, consistent with the other metrics.

Statistical Analysis

The goals of our statistical analysis were to evaluate the numerical values, spatial 

distributions, and variability of different metrics in urban versus rural settings and across 

three geographic categories: Coastal Plain, Piedmont, and Mountain, and to evaluate the 

associations between metrics. We accomplished this with five types of analyses, described 

below. All metrics can generally be interpreted as a higher numerical value indicating 

greater neighborhood inequity or disadvantage.

First, we mapped the metrics across all 2,195 census tracts to visually evaluate spatial 

distributions of each metric and differences between the different metrics. We used Moran’s 

I 57 to quantify spatial clustering of each of the metrics. Second, we compared the 

distribution of the inequity metrics between urban and rural census tracts and by geographic 

region using t-tests and using a one-way analysis of variance (ANOVA), respectively. Third, 

we calculated Pearson correlation coefficients to assess how the different inequity metrics 

correlate with each other in urban versus rural areas and among the three geographic 

regions. Fourth, we standardized all metrics by subtracting the mean and dividing by the 

standard deviation (across all tracts) and averaged these scaled metrics within each census 

tract. The purpose of this analysis was not to numerically combine separate metrics into 
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an aggregate metric but rather to illuminate whether certain tracts consistently ranked high 

or low across the metrics. Because a higher metric value is interpreted as having greater 

inequity, if the average z-score is high in an area, that means it was consistently high (greater 

inequity) across metrics. A low z-score would indicate that the census tract consistently 

ranked low (less inequity) across multiple metrics. If the average z-score was moderate, it 

could be either consistently moderate across metrics or low in some metrics, high in other 

metrics, yielding a moderate average. We conducted t-tests to compare differences in z-

scores between urban/rural areas and ANOVA for the three geographic areas. We calculated 

the standard deviation (SD) of the standardized metrics within a census tract, which captures 

whether there was consistency across metrics (low SD in z-scores) or inconsistency (high 

SD) within a tract. This allows distinguishing whether tracts with moderate z-scores were 

consistently moderate or had a combination of low and high z-scores. Both the mean and 

standard deviations of the z-score measures were mapped across all census tracts for visual 

display. Fifth, we ranked the census tracts by each of the metrics and classified them into 

metric quintiles. We then determined whether the quintiles changed across metrics for the 

tracts falling in the top 5% or bottom 5% for any metric, separately by urban and rural areas. 

This complements the z-score approach by examining how rankings change among a subset 

of census tracts.

Recognizing that there are different methods for classifying urban and rural areas, and that 

these classifications can have impacts on research and policy58, we conducted a sensitivity 

analysis by rerunning all analyses using two additional rural-urban classification schemes. 

We obtained the 2010 Rural Urban Commuting Area (RUCA) Codes for all North Carolina 

census tracts from the US Department of Agriculture. 59 This system has ten categories 

ranging from rural to metropolitan areas. We applied two additional binary classifications 

for compatibility with our modeling approach by assigning urban as levels 1–6 (metropolitan 

and micropolitan areas) versus rural as 7–10 (small town and rural) and urban as levels 1–9 

(metropolitan, micropolitan, small town) versus 10 (rural).

Results

We had full data on 2,149 of 2,195 census tracts (97.9%), with some missingness occurring 

for individual raw variables, metrics, or the urban/rural designation (2.1% of census tracts). 

Figure 1 illustrates the urban and rural census tracts, and the three distinct geographic 

regions of North Carolina. Figure 2 presents the spatial distribution of the six metrics across 

census tracts. Based on visual inspection, considerable differences in the spatial patterning 

are evident. For example, residential RINHB is high in some census tracts in more urban 

areas as well as in the more rural northeastern part of the state, which is also the location 

of Warren County, widely considered the birthplace of the United States’ environmental 

justice movement 60. In contrast, high EIWCD is pervasive throughout most of the rural 

parts of the state and particularly low in the north/central urban area corresponding to the 

Research Triangle Park. The isolation indices, which are spatial, exhibit a smoother pattern 

with distinct clusters. The SVI and NDI have similar overall patterns across the state, with 

the SVI demonstrating a greater range/variation, potentially attributable to its inclusion of 

15 versus 8 components. Our PCA results exhibit more spatial variability, potentially due to 

its 23 component variables. The Gini coefficient demonstrates less contrast across the tracts. 
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The Moran’s I statistics were statistically significant for all metrics, supporting the visibly 

observable spatial patterning. Spatial clustering was highest for the spatial metrics EIWCD 

(Moran’s I=0.88) and RINHB (Moran’s I=0.90) and lowest for the aspatial, single-domain 

Gini coefficient (Moran’s I=0.30).

The comparison in the magnitude of the deprivation metrics by urban and rural areas and 

by three geographic regions are presented in Table 2. Higher values for NDI and EIWCD 

in rural compared to urban tracts indicate more intense neighborhood deprivation and more 

intense educational isolation of non-college educated individuals in rural areas compared to 

urban areas. RINHB is higher in urban compared to rural areas. There are also statistically 

significant differences in the metrics between the three geographic regions (Table 2). RINHB 

is highest in the Coastal Plain and Piedmont regions and lowest in the Mountain region. In 

the Coastal Plain, RINHB is highest in urban areas and a large cluster of more rural census 

tracts in the northeastern part of the state; in the Piedmont, RINHB is also highest in urban 

areas, including most of the major cities in North Carolina (e.g., Charlotte, Greensboro, 

Raleigh, Durham). In sensitivity analyses using different definitions of urban and rural, the 

magnitude and direction of results were generally consistent, with some metrics, such as 

our new PCA, being more sensitive to the choice of urban-rural classification (Supplemental 

Table S2).

Table 3 presents the Pearson correlation coefficients between the metrics in urban and 

rural tracts. The composite metrics (SVI, NDI, and our new PCA) were highly correlated 

with each other (ρ>0.80), though the correlations were stronger in urban (ρ: 0.86–0.92) 

compared to rural settings (ρ: 0.80–0.85). In contrast, the single-domain metrics related to 

income, education, and race, were not strongly correlated in either urban or rural settings 

(ρ ≤0.36). The Gini coefficient (specific to income inequality) was not correlated with 

any of the other single domain metrics (RINHB or EIWCD) in urban or rural tracts (all ρ 
<|0.1|). The isolation metrics, EIWCD and RINHB, were weakly or moderately correlated in 

urban (ρ =0.36) and rural (ρ=0.32) settings. The correlation between composite metrics and 

single-domain metrics exhibited some differences between urban and rural tracts and tended 

to be higher in urban versus rural tracts. The largest differences were between composite 

metrics and RINHB. RINHB was more strongly correlated with the composite metrics in 

the urban (ρ: 0.54–0.64) versus rural areas (ρ: 0.36–0.48). The correlations between the 

composite metrics NDI and SVI and the single-domain EIWCD was slightly higher in 

urban compared to rural tracts (ρ: 0.62–0.63) and rural areas (ρ: 0.52–0.58); however, the 

correlation coefficients between our PCA and EIWCD were nearly equivalent in urban and 

rural tracts (ρ: 0.52–0.53). The strongest correlation observed between the Gini coefficient 

and any of the composite metrics was with the NDI in both urban (r=0.26) and rural 

areas (ρ=0.22). The correlation coefficients between metrics varied by region. The Pearson 

correlation coefficients between metrics were lowest in the Mountain region (median ρ 
=0.26, range: −0.2–0.85) with relatively low correlation of the RINHB and EIWCD with other 

metrics (ρ ≤0.26). The correlation coefficients in the Coastal Plain and Piedmont regions 

had similar medians (Coastal Plain: ρ =0.50, Piedmont ρ=0.56) and ranges (Coastal Plain: 

0–0.92, Piedmont: −0.02–0.91). In sensitivity analyses, we found that while there were 

some variations in correlation coefficients between metrics under the different urban-rural 

classifications, no clear pattern emerged.

Deziel et al. Page 9

J Expo Sci Environ Epidemiol. Author manuscript; available in PMC 2023 March 14.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 3 indicates that the northeastern and southern parts of the state are consistently 

characterized as having greater social inequity or isolation, because their z-scores are 

consistently high. There are also small clusters of small-area census tracts with consistently 

high inequity (high z-scores) in central areas of major cities, including Raleigh, Durham, 

Charlotte, and Winston-Salem. The difference between mean z-scores across regions was 

also statistically significant, further illustrating differences in inequities across tracts (p-

value<0.001). The standard deviation of the z-scores appear to be relatively low (<1 standard 

deviation) across most of the state, with some small areas having high standard deviations, 

suggesting consistency across the metrics despite the weak to moderate correlations between 

them.

Supplemental Figures 1–4 illustrate how the rankings of different census tracts vary 

based on which metric is being applied, complementing the z-score analysis with another 

illustration of consistency of how tracts are classified by metric. Supplemental Figure 1 

shows the quintile of each metric (with each quintile represented by a different color) for 

urban tracts that ranked in the top 5% of numerical values for any of the six metrics. While 

there are some tracts that rank consistently high across most metrics as indicated by the 

similar colors when reading across a tract from left to right, most tracts move quintiles based 

on the metric being applied (i.e., the colors change when reading left to right across metrics 

for a single tract). Supplemental Figure 2 shows the quintiles for rural tracts in the top 5% 

of numerical values for any of the six metrics. The movement of quintiles within the same 

tract across metrics is also evident based on the color changes. Supplemental Figures S3 and 

S4 illustrate these rankings for those tracts in the bottom 5% of any of the six metrics for 

rural and urban tracts, respectively. The lack of any obvious visual pattern illustrates that 

these metrics are capturing different features of communities, and tracts ranking high in one 

component of inequity may rank highly for other but not all aspects of inequity or isolation.

Discussion

This paper sought to evaluate the spatial distributions, variability, and relationships of 

different metrics in North Carolina for urban versus rural settings, and across three 

geographic categories: Coastal Plain, Piedmont, and Mountain. Our results found substantial 

variation in metrics over the state of North Carolina. Rural areas overall had similar or more 

intense vulnerability compared to urban areas based on the NDI, SVI, EIWCD, yet rural 

areas are often understudied, under-resourced, and overlooked 15, highlighting the need for 

additional environmental health and health disparity research that includes rural areas. The 

single domain metrics representing income inequality, racial segregation, and educational 

attainment segregation were not highly correlated with each other, further emphasizing that 

they reflect distinct aspects of the community and are not suitable proxies for each other. 

For example, RI is an indicator of segregation, and greater income equality did not correlate 

with greater integration in our analysis. The composite metrics were weakly to moderately 

correlated with single-domain metrics, and, particularly with regard to RI, these correlations 

varied by urban/rural designations and geographic regions, indicating that composite metrics 

are capturing different features in these distinct areas. The composite metrics were highly 

correlated with each other and exhibited increasing range and variability with the increasing 

number of factors incorporated in their calculations.
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Given the lack of a consensus about which metric to use, deciding which metric to use can 

be a vexing decision for researchers and communities. Composite metrics are useful for 

capturing the aggregate neighborhood context. From a statistical standpoint, if the goal is 

to identify root causes or explain the most variability in an exposure or health outcome, 

composite metrics with an increasing number of factors can offer benefits. There are 

many composite metrics available in the literature, and the strong correlations we observed 

between these aggregate indices suggest that the choice of composite metric would not be 

expected to substantially alter findings in health studies.

Composite metrics capture the broader spectrum of features within neighborhoods, are 

not interchangeable with single indicators, and may reflect different underlying factors 

in different areas. If the goal is to understand the association between a particular 

neighborhood characteristic (e.g., racial segregation) and an outcome of interest, domain-

specific metrics are critical. Domain-specific metrics may also be more helpful for informing 

specific policy interventions on which to intervene, as they are more easily interpretable 

than an aggregate index and lend themselves to policy goals (e.g., proportion of population 

above federal poverty limit). For example, if researchers are each using a different metric 

or running their own PCA, then any inconsistencies across studies could potentially be 

attributed to the metric differences and not other distinguishing features of the populations 

or settings. There are trade-offs between simplicity and interpretability and being more 

comprehensive.61

As social vulnerability metrics are being more broadly applied in health and social science 

literature, other studies have sought to compare these metrics. Lian et al. (2016) also found 

that certain composite SES indices were not well aligned with individual SES indicators 

and recommended composite metrics be used when attempting to capture neighborhood 

SES more broadly.62 Bravo et al. (2021) examined the inter-relationship between EI and 

RI across the continental US and found that a US-wide measure of correlation calculated 

between RI and EI masked considerable small-area variability in spatial patterns and 

correlations.26 Rufat et al. examined the validity of various metrics as indicators of seeking 

federal disaster-related assistance for property or housing damage; they observed differences 

across composite models in their ability to predict these disaster-related endpoints.63

Researchers should carefully consider whether they want to capture whether a community 

is socially disadvantaged based on one factor, such as poverty, or whether they want to 

characterize a broader spectrum of social disadvantage and use a composite metric. In 

addition, they may want to assess whether the relationships between social disadvantage and 

their outcome of interest vary by urbanicity or by geographic region, rather than assuming 

the relationship will not vary across geographic context. Recognition of the complexity and 

differences between metrics can help inform design of future analyses and interpretation 

of the current literature. Inconsistency across this literature results in studies capturing 

different elements of injustice. The differences in rankings by metrics indicate that efforts 

to accurately identify populations at risk could differ in results based on which metrics are 

applied and may create opportunity for faulty comparisons between studies.
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Further research about which metrics may be best-suited to a given research or policy 

question, and the interpretation and appropriate use of various metrics, could include work 

involving stakeholders, such as qualitative research with community members or research 

at a smaller geographic scale. Residents could report on which dimensions of deprivation 

or inequity are most important to them. Further, work by social scientists is needed to 

characterize the meaning of different metrics and explore where they diverge. Future 

research could also extend the study area to other states or the entire US. A national-level 

analysis would provide for exploration of a wider range of variation, including evaluation of 

different rural forms.

In terms of our study limitations, there are additional metrics used in the literature, such as 

the area deprivation index 64 or the Social Vulnerability Index (SoVI) 21, and we were not 

able to include all possible metrics in this analysis. In addition, we focused on residential 

racial isolation and did not explore other metrics of racial segregation or structural racism. 

We also acknowledge the census tract as a somewhat arbitrary administrative boundary 

and that our binary classification of urban-rural tracts based on Census data is relatively 

simplistic delineation.27 Our findings that some of the patterns were sensitive to alternative 

urban-rural designations suggests that researchers should carefully consider how urbanicity 

is defined and measured, and if or how their analysis or results may be sensitive to 

alternative urban/rural definitions or classification schemes.

Conclusions

Composite social vulnerability metrics were highly correlated with each other, suggesting 

that the choice of composite index may not substantively influence research findings. 

In contrast, single-domain metrics representing inequities or isolation related to income, 

education, and race were not well-correlated and cannot be used interchangeably. 

Correlations between composite and single-domain metrics exhibited some urban-rural 

differences, suggesting these may be capturing different features across geographies, 

and these complexities should be examined by researchers applying metrics to areas of 

diverse urban and rural forms, including different ways of characterizing urbanicity. More 

environmental disparity research is needed in rural settings, which experienced similar or 

more intense inequity with regard to neighborhood disadvantage, social vulnerability, and 

education isolation. Most disparity research has been conducted in the urban context and 

additional work is needed to evaluate the intersectionality of rural populations with racial/

ethnic minorities, environmental exposures, and issues of social inequity.
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Impact Statement:

Variations in how community-level vulnerability metrics classify exposure to social 

vulnerability or isolation could yield different results in terms of differential 

exposure or health risks, potentially influencing reproducibility of research and 

policy recommendations. To best characterize the relationship between socioeconomic 

disadvantage and environmental burden, scholars and stakeholders must understand what 

their metric is capturing as well as whether it is appropriate for the particular area they 

are studying. We found that correlations between metrics exhibited some urban-rural 

differences, suggesting these may be capturing different features across geographies, 

important considerations for researchers applying metrics to areas of diverse urban and 

rural forms.
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Figure 1. 
Urban and rural areas and geographic regions in North Carolina.
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Figure 2. 
Spatial distribution of six social vulnerability metrics across North Carolina: New PCA: 

original principal components analysis; NDI: neighborhood deprivation index; SVI: social 

vulnerability index; RINHB: Residential Racial Isolation of Non-Hispanic Blacks; EIWCD: 

Residential Educational Isolation without College Degree; Gini: Gini coefficient.
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Figure 3. 
Consistency in social vulnerability metrics across North Carolina census tracts, as captured 

by mean and standard deviations (SD) of Z-scores of the six metrics.
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Table 2.

Metric estimates by urban/rural designations with mean (interquartile range [IQR]) and results from a two-

sample t-test.

Mean (IQR) P-Value Mean (IQR) P-Value

Metric
a Urban (n=1,462) Rural (n=687) Piedmont (n=1,292) Mountain (n=259) Coastal Plains 

(n=598)

New PCA 0.23 (4.70) −0.49 (2.21) < 0.001 −0.10 (4.15) −0.75 (2.01) 0.54 (3.18) < 0.001

NDI −0.08 (3.25) 0.18 (1.60) < 0.001 −0.25 (2.90) 0.08 (1.77) 0.52 (2.34) < 0.001

SVI 0.50 (0.56) 0.51 (0.37) 0.515 0.47 (0.53) 0.48 (0.34) 0.58 (0.43) < 0.001

RINHB 0.23 (0.25) 0.16 (0.21) < 0.001 0.22 (0.21) 0.04 (0.04) 0.27 (0.21) < 0.001

EIWCD 0.69 (0.23) 0.82 (0.07) < 0.001 0.69 (0.28) 0.77 (0.14) 0.80 (0.11) < 0.001

Gini 0.42 (0.09) 0.42 (0.06) 0.821 0.41 (0.08) 0.44 (0.07) 0.43 (0.08) < 0.001

a
Greater numerical values of metrics can be interpreted as reflect greater inequity/isolation.
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Table 3.

Pearson correlation coefficients between metrics of disadvantage. Urban correlations above diagonal, rural 

correlations below.

Rural╲Urban New PCA NDI SVI RINHB EIWCD Gini Index

New PCA 1.00 0.92 0.86 0.64 0.53 0.21

NDI 0.85 1.00 0.86 0.56 0.62 0.26

SVI 0.85 0.80 1.00 0.54 0.63 0.20

RINHB 0.48 0.36 0.45 1.00 0.36 0.06

EIWCD 0.52 0.58 0.52 0.32 1.00 0.00

Gini Index 0.18 0.22 0.15 0.08 0.02 1.00
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