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ABSTRACT 

Exposure to industrial air toxicants remains a leading environmental health risk in the United States (US). Our 

prospective cohort study examines the extent to which industrial air toxicant exposure accounts for individual 

mortality risk throughout the adult life course. Individual data come from Americans’ Changing Lives, a 

nationally representative US cohort who were followed for six waves between 1986 and 2019 (N = 3,329). 

Industrial air toxicant data come from the Environmental Protection Agency’s Risk-Screening Environmental 

Indicators Geographic Microdata; toxicants are recorded at each wave within five circular buffers surrounding 

respondents’ homes at increasing radiuses (1-km to 25-km). We employ accelerated failure time-shared frailty 

survival models that account for unmeasured between-person differences in mortality risk, and other individual- 

and area-level characteristics measured over time. We report three key findings. First, associations between air 

toxicants and mortality are non-linear, such that respondents who reside in areas with relatively low toxicant 

levels still live for ~1-2 fewer years, on average, compared to peers residing in the least polluted areas. Second, 

toxicants recorded within larger areas approximating the size of cities account for the widest mortality gaps. 

For example, respondents who reside within the most polluted 25-km buffers during the study period live for 

~4 fewer years, on average, compared to their peers in the least polluted areas. Third, several of these 

associations are amplified for respondents who identify as non-Hispanic Black (vs. White), report lower 

incomes, or reside in high-poverty census tracts. Our study corroborates that industrial air toxicants remain 

significant environmental health risks in the US, especially for socioeconomically disadvantaged populations.  
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INTRODUCTION 

Despite decades of successful environmental regulations and air quality improvements in the United States 

(US), exposure to industrial air pollution remains a leading environmental health risk.1,2 By recent estimates, 

100,000 annual US deaths are attributable to anthropogenic emissions, broadly, with one-third linked 

specifically to industrial emissions.1 Dozens of epidemiological cohort studies conducted over the past thirty 

years have also uncovered robust links between air pollution exposure and all-cause, cardiopulmonary, and 

lung cancer mortality.3 Moreover, studies have revealed elevated mortality risks even among populations 

exposed to relatively low pollution levels, suggesting there may be no safe exposure threshold.4,5   

 Our study offers several novel contributions to this literature. First, we assess links between industrial 

air toxicants and mortality risk among over 3,000 participants in the Americans’ Changing Lives (ACL) study, 

a diverse and national longitudinal cohort that has been followed for six waves from 1986 to 2019.6,7 The 

ACL study offers a unique opportunity to incorporate into our mortality estimates historically high industrial 

toxicant levels that predate critical environmental regulations of the 1990s.8,9 Exploiting the multilevel and 

longitudinal structure of the ACL data, we can also account for unmeasured between-person differences in 

mortality risk, and a battery of individual- and area-level characteristics measured over time.  

 Second, studies typically employ area-level proxies of pollution exposure that do not account for 

multiple spatial scales or pollutant toxicity levels.2 We address these limitations by modeling repeat toxicant 

concentrations at five spatial scales using the Environmental Protection Agency’s (EPA) Risk-Screening 

Environmental Indicators Geographic Microdata (RSEI-GM).10–12 The RSEI-GM database includes granular 

air toxicant measures that quantify the differential toxicity of industrial pollutants based on their known 

capacity to cause chronic health conditions like cancer.10 While several studies have linked RSEI-GM 

indicators to individual-level health outcomes,13–15 no study we know of has examined links with individual 

mortality among a diverse national cohort.  

 Third, owing to the diversity of the ACL cohort, our study is also uniquely situated for testing the 

differential vulnerability hypothesis. Broadly, this hypothesis predicts that the adverse health effects of industrial 
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toxicant exposure will be amplified for otherwise vulnerable or distressed populations.16–18 For example, 

people with lower incomes are vulnerable to chronic financial stress,19 and often lack access to healthful 

resources like high-quality nutrition, healthcare, and exercise facilities.20 Relative to their White peers, Black 

and Hispanic Americans also tend to report more health complications from psychosocial stressors, including 

financial strain, traumatic life events, and unfair treatment.21–25 Moreover, racialized health disparities often 

persist even when Black and Hispanic Americans achieve higher socioeconomic status (SES).26–30 Together, 

these findings suggest that chronic socioeconomic deprivation and stress could exacerbate the adverse health 

effects of air toxicant exposure for disadvantaged socioeconomic and racial-ethnic groups. 

 Due to generations of institutionalized segregation (e.g., redlining), residential areas across the United 

States also remain starkly segregated by race-ethnicity and SES. 31,32 Residential areas characterized by 

concentrated disadvantage, including disproportionate shares of residents in poverty or from minoritized 

racial-ethnic backgrounds, often contain other hazards aside from air pollution, such as social disorder;33,34 

police brutality;35 water and soil pollution; 36,37 and lack of food retailers, greenspace, and other infrastructure 

conducive to resident health.38–40 In turn, prolonged exposure to neighborhood contexts like these could 

generate chronic proinflammatory stress responses and cardiometabolic dysregulation,41–43 ultimately 

interacting with and compounding the adverse health effects of air toxicant exposure.  

Despite mixed results,44,45 studies have found that the associations between pollution exposure and 

morbidity or mortality are larger for Black (vs. White) Americans,16,46 lower-income groups,46 and groups 

exposed to more stressors.18 Studies have also found that states with more income inequality and/or Black 

residents exhibit stronger associations between state-level particulate matter and diminished resident life 

expectancy, relative to peer states with lower income inequality and/or smaller Black populations.47,48  

The differential vulnerability hypothesis ultimately reflects a stress-moderating process.19 To test this 

hypothesis, we examine whether associations between RSEI-GM air toxicant indicators and mortality are 

amplified for respondents who identify as Black or Hispanic (vs. White), report lower incomes, or reside in 
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racially segregated or high-poverty areas. These additional characteristics of respondents and their residential 

contexts are meant to proxy other latent environmental conditions we cannot measure directly.  

METHODS 

Americans’ Changing Lives (ACL) Study 

Individual data include Waves 1 through 6 of the ACL study, a closed longitudinal cohort study following a 

national sample of 3,618 adults in the contiguous US. ACL was approved by the University of Michigan’s 

Institutional Review Board (#HUM00153243). All respondents provided written informed consent before 

participating in any wave. ACL recruited respondents from a multistage stratified area probability sample, 

including oversamples of Black and older-age adults, resulting in a baseline sample of adults ages 25 to 96 

with a mean age of 54 in 1986.6  ACL reinterviewed respondents in 1989, 1994, 2001-2002, 2011, and 2019. 

Relevant to our study, geocoordinates of respondents’ residential locations are recorded at each wave. ACL 

also conducts regular mortality tracking between waves using the National Death Index (NDI).50 Our analytic 

sample includes respondents with no missing observations at Wave 1 (N = 3,329). 

Risk-Screening Environmental Indicators Geographic Microdata (RSEI-GM) 

Industrial air toxicant data come from RSEI-GM.10–12 RSEI-GM is modeled from data on air releases and 

transfers reported by every facility in the EPA’s Toxics Release Inventory (TRI). RSEI-GM models account 

for the fate of pollutants based on inputs like the total amounts of emitted pollutants, their sources of release 

(e.g., smokestack), molecular weights and decay rates, and local weather and topography. Our measures also 

incorporate toxicity weights applied to each pollutant, a.k.a., “toxicity-weighted concentrations.” Toxicity 

weights are relative numerical ranks based on the known potential for different pollutants to cause chronic 

health conditions from long-term exposure (e.g., cancer). Thus, toxicity-weighted concentrations are designed 

to gauge chronic human toxicity associated with long-term exposure to industrial air toxicants.51 

The EPA has released RSEI-GM data annually since 1988. In our study, respondents’ residential 

locations are linked to toxicants recorded one year before their interviews. For instance, because Wave 2 
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occurred throughout the year 1989, respondent locations are linked with the first RSEI-GM dataset released 

in 1988. Starting in 1995, the EPA also began making major updates to the TRI list to include additional 

chemicals and industrial facilities, while maintaining a list of ~300 core chemicals from 1988. Our measures 

reflect toxicity-weighted concentrations of chemicals included in the original 1988 core chemical list.  

Because ACL started in 1986, respondents at Wave 1 are also linked to the earliest RSEI-GM 

database in 1988. According to historical EPA data, national averages of industrial air emissions were 

relatively stable between Waves 1 and 2 of ACL. For example, estimates of total suspended particulate from 

industrial processes were 2.5 and 2.7 million metric tons in 1986 and 1989, respectively.52 As other scholars 

have already documented, levels of industrial air pollution did not begin to drastically change until after the 

passing of new EPA regulations in 1990.8,9 Thus, we assume that levels of industrial air toxicants in 1986 were 

comparable to those first documented in 1988. Still, we acknowledge this as a data limitation, and address it 

by controlling for respondents’ patterns of residential mobility across waves (see below). 

Using geospatial packages in R and PySpark, we merged RSEI-GM toxicity-weighted concentrations 

into all waves of ACL through a multistep process. First, we created five circular buffers around respondents’ 

residences at radiuses of 1-km, 2-km, 5-km, 10-km, and 25-km. Second, we created a new database containing 

the geometric intersections of the five circular buffers with the RSEI-GM grid system, which is composed of 

810 meters by 810 meters square grid cells. In this merged database, we then calculated the land area 

proportions of RSEI-GM square grid cells that overlapped with the five circular buffers. Next, we spatially 

weighted the toxicity-weighted concentrations recorded in RSEI-GM square grid cells, multiplying grid 

concentrations by their respective proportions of land area contained within each of the five circular buffers. 

Finally, we aggregated toxicity-weighted concentrations to the circular buffer level by averaging all spatially 

weighted RSEI-GM square grid concentrations contained within each circular buffer. The result is a set of 

toxicity-weighted concentrations within five circular buffers surrounding respondents’ residential addresses at 

increasing radiuses (1-km to 25-km). The five buffers are meant to gauge air toxicant exposures within 

residential contexts and broader activity spaces (e.g., daily commutes, leisure sites, etc.). 
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Measurement 

Mortality. Mortality data originate from causes of death reported on participants’ death certificates. Causes of 

death are categorized according to ICD-9 and ICD-10 codes (International Classification of Diseases, 9th and 

10th revisions, respectively). Mortality data are summarized in Table 1 and Figure S1 (online supplement). As 

of the latest mortality tracking in 2019, 60% of the sample has died. Almost all deceased respondents (97%) 

died from internal causes, such as chronic or other unspecified illnesses. Main analyses predict all-cause 

mortality. Sensitivity analyses replicate our findings excluding deaths from external/unknown causes.  

[TABLE 1 HERE] 

Covariates. All models include time-invariant and time-varying covariates recorded at respondent and 

area levels. Time-invariant measures are recorded at Wave 1. Time-varying measures are recorded at all waves. 

At the respondent level, we include time-invariant measures of five-year birth cohort (pre-1905 to 1960+); race-

ethnicity (non-Hispanic Black, Hispanic, and non-Hispanic White); sex (female vs. male); and educational 

attainment (college/postgrad vs. less than college). We exclude Non-Hispanic Native American and Asian 

respondents due to small cell sizes. Time-varying measures include marital status (married vs. not married); 

employment status (employed vs. non-employed/disabled); family income (standardized to 1000 USD in 2019); 

homeowner status (owns home vs. does not); and smoker status (never vs. current/former smoker). We also 

include a time-varying indicator for mover status (new vs. same residence). At Wave 1, respondents answered 

whether they had moved to a new place of residence in the last three years. At subsequent waves, respondents 

answered whether they had moved to a new place of residence since their last interview. 

At the area level, we include time-varying measures of state of residence, tract poverty (proportion of 

residents below the federal poverty level); tract rural-urban commuting area (RUCA) codes (metropolitan vs. small 

town/rural); and tract racial clustering. We employ two tract-level measures of racial segregation that account for 

the spatial clustering of Black and Hispanic residents using the Getis-Ord i* (Gi*) hotspot Z-score. Scores are 

categorized as “segregated” (vs. “non-segregated”) based on a 1.96 significance threshold.53 The online 

supplement includes additional information about the Gi* statistic. 
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For all tract measures, data originate from the 1990 census for Waves 1 through 3 and the 2000 

census for Wave 4. For tract poverty at Waves 5 and 6, data come from American Community Survey (ACS) 

five-year estimates between 2008-2012 and 2013-2017, respectively. Tract RUCA codes at Waves 5 and 6 

originate from the 2010 census. Gi* statistics at Waves 5 and 6 are based on five-year ACS estimates from 

2010-2014 and 2015-2019, respectively.  

Analysis Plan 

Our main models predict survival time in years from birth using fully parametric accelerated failure time 

(AFT)–shared frailty survival models that account for right censoring, covariates, and multiple observations 

clustered within respondents. AFT models are distinct from and advantageous over proportional hazards 

(PH) models in several ways.54,55 For one, while PH models assume covariates shift the hazard function 

multiplicatively, AFT models assume covariates accelerate or decelerate the effect of time on survival. The 

log-linear regression parameters of AFT models are also more robust than PH models to omitted covariates.55 

Shared frailties are cluster-specific random effects for latent common mortality risks (“frailties”) of cluster 

members.55 In our models, shared frailties account for unobserved heterogeneity and multiple observations 

clustered within ACL respondents, akin to a random intercept in a multilevel model. Our models assume 

respondents have unique frailties with mean 1 and finite variance (theta) estimated from the data.  

To test this model, we first converted our dataset to long format, resulting in multiple rows per 

respondent. We then employed the streg command in Stata 19 with the shared option specified to track 

respondents’ unique study identification numbers across waves.54 This command performed maximum 

likelihood estimation for parametric AFT-shared frailty models. 

We also tested various model specifications and assumptions for the origin time and survival/frailty 

distributions. After consulting BIC and likelihood ratio test statistics, we decided on a final model that 

predicts survival time in years from birth assuming log-logistic survival and gamma frailty distributions. We 

also tested different functional forms of RSEI toxicity-weighted concentrations. These included: (1) original 

values; (2) logged values; and (3) linear splines with knots at the median, tertile, quartile, quintile, and decile 
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points of their distributions. Though fit statistics favored logged values, these proved to be problematic for 

two reasons. First, logged values resulted in major losses of variance and high correlations (r > .95) between 

buffers, rendering comparisons across RSEI buffers meaningless. Second, logged values assume a linear 

association between toxicant exposure and mortality. Yet studies cited earlier suggest the effects of air 

toxicants on mortality are likely non-linear.4,5 For our main tests, we decided to model RSEI toxicant 

concentrations as linear splines with tertile knots. To stabilize knots across waves, we constructed splines 

after converting the dataset to long format. Thus, tertiles should be interpreted relative to the full range of 

toxicant concentrations observed across the entire ACL study period (1986 to 2019).  

 We also conducted a series of ancillary analyses. Results for these analyses are tabulated in the online 

supplement and briefly discussed below. To test the differential vulnerability hypothesis, we modeled 

interaction terms between toxicity-weighted concentrations and four moderators: (1) respondent race-

ethnicity, (2) respondent income, (3) tract racial segregation, and (4) tract poverty. To test the sensitivity of 

our findings, we also replicated our models in three ways: (1) using logged RSEI concentrations instead of 

splines; (2) assuming an entry time of Wave 1 with an exponential survival/gamma frailty distribution; and (3) 

excluding respondents who died of external/undocumented causes.  

RESULTS 

Sample Characteristics 

Table 2 reports descriptive statistics of study variables (excluding state of residence). Means/counts are 

reported for each variable with standard deviations/percentages in parentheses. Statistics are reported 

separately for each survey wave. Although recorded only at Wave 1, statistics for time-invariant measures are 

also included at each wave to document changes in sample composition over time.  

 The typical ACL respondent at Wave 1 was born around 1932. Most respondents at Wave 1 were 

also female (63%), non-Hispanic White (61%), married (54%), employed (52%), a homeowner (63%), and 

living in a metropolitan area (77%). Reviewing toxicity-weighted concentration levels across buffers, average 

toxicant levels tend to be lowest in the 1- and 2-km buffers, before increasing and leveling off within 5-, 10-, 
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and 25-km buffers. These patterns are to be expected, given that larger land areas will likely contain more 

industrial facilities documented in the RSEI-GM database. Depending on respondents’ residential locations, 

however, larger buffers may also include additional bodies of water and/or vacant landmasses that contain 

little or no recorded air emissions, which could explain why toxicants level off in larger areas. 

One striking pattern in Table 2 is the reduction in average air toxicant levels over the study period. 

For example, average toxicity-weighted concentrations in 25-km buffers plummet from 105,950 to 3,420 

between 1986 and 2019. There are at least two explanations for these patterns. First, researchers have found 

that environmental policies and industrial practices enacted shortly after the start of ACL led to drastic 

reductions in industrial air emissions nationwide over subsequent decades.8,9 These include the Community 

Right to Know Act of 1986, Pollution Prevention Act (PPA) of 1990, and Clean Air Act (CAA) Amendments 

of 1990. The CAA Amendments, in particular, targeted many of the industrial air toxicants documented in 

the RSEI-GM database.56  Second, selective mortality could also be partially responsible. That is, respondents 

who were socioeconomically disadvantaged in early waves could have been both more likely to live in heavily 

polluted areas and to die prematurely, which may have further contributed to observed declines in average 

pollution levels over the study period. For instance, we also observe changes in the ACL sample composition 

across Waves 1 to 6, such that surviving respondents have become increasingly college educated (13% to 

28%), higher income ($64k to $89k in 2019 USD), and White (61% to 70%); more respondents also report 

being homeowners (63% to 80%) and residing in tracts with lower poverty rates (18% to 14%).  

[TABLE 2 HERE] 

Survival Model Results 

Table 3 reports results from multivariable AFT-shared frailty models. Results are reported as exponentiated 

survival time ratios (TR) with 95% confidence intervals (CIs) in brackets. TRs less/greater than 1.00 indicate 

shorter/longer survival times. Accompanying Table 3 is a set of graphs depicting marginal predicted survival 

times as a function of RSEI toxicity-weighted concentration splines across all spatial buffers (Figure 1). 
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 Table 3 reveals significant non-linear associations between toxicity-weighted concentrations and 

survival. Due to their wide scales, TRs for toxicity-weighted concentration splines are difficult to interpret. 

Generally, we find that increases in toxicity-weighted concentrations within the first two splines predict 

shorter survival times across all buffers, holding covariates constant. For 25-km buffers only, we also observe 

an additional decline in survival between the second and third spline of toxicity-weighted concentrations.  

 [TABLE 3 HERE] 

Figure 1 clarifies these associations. For each graph, the x-axis depicts tertile knots for the RSEI 

toxicity-weighted concentration splines. The y-axis represents predicted survival time in years from birth. For 

1-km and 2-km buffers, we observe one-year declines in survival time within the first and second splines, but 

no additional declines within the third spline. The result is a two-year total gap in survival time between 

respondents who reside in areas with the highest (100%) versus lowest (0%) toxicant concentrations (~73.5 

vs. ~ 75.5 years). We begin to observe additional declines in survival within the third splines of 5-, 10-, and 

25-km buffers. For example, we observe a four-year total gap in survival between respondents living in 25-km 

buffers with the highest (100%) versus lowest (0%) toxicant concentrations (~71.5 vs. ~75.5 years).  

[FIGURE 1 HERE] 

 We also find some evidence of differential vulnerability. The full set of tests is tabulated in the online 

supplement (Tables S1-S5). Here, we focus only on a handful of significant interactions from these tables, 

which we graph in Figures 2 and 3. First, Model 5 of Table S1 shows that the inverse association between 

survival time and toxicant concentration splines recorded within 5-km buffers is significantly larger for Black 

(vs. White) respondents, particularly in buffers with concentrations recorded within the highest tertile spline. 

This non-linear interaction is graphed in Figure 2. This figure shows that for White respondents, the total gap 

in survival time between respondents who reside in 5-km buffers with the highest (100%) versus lowest (0%) 

toxicant concentrations is around two years (~74 vs. ~76 years). However, for Black respondents, this same 

gap is nearly 12 years (~62 vs. ~74 years), with roughly 9 years of this total gap observed among Black 

respondents living in areas with toxicant concentrations recorded within the third tertile.  
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[FIGURE 2 HERE] 

Second, Model 9 in Tables S2 and S3, respectively, show that the inverse associations between 

survival and RSEI toxicity-weighted concentration splines recorded in 25-km buffers are buffered for 

respondents who report higher incomes, and exacerbated for respondents who live in census tracts with 

higher poverty rates. Figure 3 graphs these non-linear interactions by respondent incomes (top) and tract 

poverty rates (bottom). Although our interaction terms treated income and poverty as continuous variables, 

we split the graphs into “high” (top 10%) and “low” (bottom 25%) income and poverty groups for the sake 

of visual demonstration. Relative to their peers who report high incomes or reside in low-poverty tracts, 

respectively, those with low incomes and who reside in high-poverty tracts exhibit steeper declines in survival 

when residing in 25-km buffers with toxicant levels recorded within the third tertile.  

There were three additional significant interactions we did not graph. First, Models 8 and 10 in Table 

S1 reveal similar interactions with respondent race-ethnicity (Black vs. White) when testing logged toxicant 

concentrations within 10- and 25-km spatial buffers. Second, Model 7 of Table S2 also indicates a similar 

moderation pattern by respondent incomes when modeling toxicant concentration splines within 10-km 

buffers. Finally, Tables S4 and S5 provide no evidence of moderation by tract racial segregation. 

[FIGURE 3 HERE] 

Sensitivity Analyses 

Sensitivity analyses are tabulated in the online supplement and briefly discussed here. First, Stata currently 

does not support probability weighting with shared frailty models. Thus, our main results are unweighted. To 

confirm that weighting does not alter our main findings, we replicated our main results with and without 

weights using respondent-level clustered standard errors instead of shared frailties (Table S6). Second, logged 

toxicity-weighted concentrations produce similar results, albeit at the expense of informative variance across 

spatial buffers (Figure S2). Third, we observe comparable patterns when assuming an entry time of Wave 1 

with exponential survival and gamma frailty distributions (Table S7; Figures S3 and S4). Fourth, results are 

identical excluding 53 respondents who died from external or unknown causes (Table S8).  
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DISCUSSION 

We uncovered three key findings. First, consistent with prior work,4,5 we found non-linear associations 

between measures of industrial air toxicant concentrations and individual mortality, such that adults who lived 

in areas with relatively low toxicant concentrations still tended to die 1-2 years earlier than peers who lived in 

areas with few or no toxicants. Second, the magnitude of associations between toxicant concentrations and 

mortality varied depending on the size of the exposure area. Within smaller areas approximating the size of 

neighborhoods, associations between toxicant concentrations and mortality leveled off at high toxicant levels, 

resulting in a 2-year total mortality gap between respondents living in the most versus least polluted areas. 

However, when considering toxicant concentrations within larger areas approximating the size of cities, we 

found a 4-year total mortality gap between respondents living in the most versus least polluted areas. Third, 

several of these associations were amplified for respondents who reported lower incomes, identified as non-

Hispanic Black (vs. White), or resided in high-poverty census tracts. 

Our study is characterized by limitations common to cohort studies in this area.3 First, RSEI-GM 

data are indirect proxies of exposure to industrial air toxicants, and thus should not be considered direct 

measures of exposure. Second, RSEI-GM only accounts for emissions from certain industry sectors who are 

legally mandated to report to TRI. Other important sources of air pollution to consider in future research are 

biogenic sources (e.g., wildfires), and emissions from transportation and residential sectors, to name a few.1 

Third, our censored survival models do not account for underlying biological pathways or disease initiation 

and progression, and thus provide little insight into nonfatal health conditions linked to toxicant exposure. 

On a similar note, because ACL originally sampled adults ages 25 to 96, our models cannot account for 

toxicant exposures during critical or sensitive developmental periods earlier in the life course.57 Finally, 

although our models accounted for various sources of confounding at individual and spatial levels, our 

mortality estimates are based on observational data and still could be biased by omitted covariates. For 

example, unmeasured hazardous workplace exposures may at least partially explain some of our findings, 

especially results observed among Black and lower-income respondents.58,59 
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 Despite these limitations, our findings have critical implications for researchers and policymakers. 

For the research community, we are among the first to link RSEI-GM indicators with individual mortality 

data from a large and nationally representative longitudinal cohort. By accounting for non-linear associations 

across multiple spatial buffers, we also uncovered evidence to suggest distinct mechanisms linking individual 

mortality risk with industrial air toxicant exposures over the adult life course. For instance, we found the 

largest toxicant-mortality associations within 25-km buffers. This suggests measures of industrial air toxicants 

recorded in larger land areas may gauge a broader swath of exposures encompassing daily activity spaces 

beyond residential locations, including workplaces, commuting routes, and other recreational spaces.60,61  

We also provide a novel test of the differential vulnerability hypothesis. Recall that this hypothesis 

suggests industrial air toxicant exposure will be more harmful for the health of otherwise vulnerable or 

distressed groups.16–18 Our analyses uncovered evidence of differential vulnerability among respondents who 

reported lower incomes, identified as non-Hispanic Black, or resided in high-poverty tracts, specifically when 

modeling high industrial air toxicant levels within larger spatial buffers approximating the size of cities. There 

are at least two plausible explanations for these patterns. First, disadvantaged groups may experience other 

chronic stressors that interact with and compound the adverse health effects of air toxicants, including 

financial strain, unfair treatment, and exposure to neighborhood violence and disorder.22,23,49 Second, 

compared to their White and affluent peers, the daily commutes and routines of disadvantaged populations 

may be geographically isolated to other polluted locations beyond their residential contexts. For example, 

activity space studies have found that residents tend to visit other locations within their cities that have similar 

socioeconomic compositions as their residential contexts.62 This may explain why we only found evidence of 

differential vulnerability when modeling industrial air toxicants within larger spatial buffers. 

 Our findings have three key policy takeaways. First, consistent with past studies,4,5 our results suggest 

that even low levels of air toxicant exposure can accumulate within the body over time to gradually accelerate 

mortality. Second, interventions designed to mitigate the dangers of industrial air toxicants to human health 

should consider multiscalar approaches, incorporating mitigation strategies at multiple geographic levels. 

Though neighborhood scales are important, our results also suggest interventions targeting air toxicants 
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within broader administrative areas like cities or counties may be most effective at reducing population-level 

mortality disparities. This finding can inform EPA regulators concerned with developing updated health-

protective standards and “residual risk rules” under the 1990 CAA Amendments.63 Third, we found evidence 

to suggest that the most lethal levels of industrial air toxicants were recorded prior to major federal air 

pollution regulations of the 1990s, which led to drastic reductions in industrial emissions nationwide over 

subsequent decades (e.g., PPA and CAA Amendments of 1990). These findings indicate that any attempts to 

roll back or eliminate environmental regulations could have dire consequences for US life expectancy.  
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TABLES AND FIGURES 

 

 

 

 

  

Table 1. Description of Survival Data: Americans' Changing Lives, Wave 6 (2019; N 
= 3,329). 

  Total Mean Median Min. Max. 

Respondents 3,329 — — — — 

Recorded deaths 1,994 — — — — 

Survival time from birth (years) 254,297.42 76.39 76.75 26.58 115.17 

Survival time from Wave 1 (years) 74,751.17 22.45 25.08 0.08 33.58 

Causes of death           

Cancer 398 0.20 — — — 

Diabetes 71 0.04 — — — 

Cardiovascular 637 0.32 — — — 

Cerebrovascular 197 0.10 — — — 

Neurodegenerative 117 0.06 — — — 

Other disease 521 0.26 — — — 

External cause 13 0.01 — — — 

Undocumented 40 0.02 — — — 

Note: For causes of death, the mean column represents the proportion of respondents who died from each cause. 
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Table 2. Descriptive Statistics of Study Variables: Americans' Changing Lives, Waves 1-6 (1986-2019). 

  
Wave 1 
(1986) 

Wave 2 
(1989) 

Wave 3 
(1994) 

RSEI toxicity-weighted concentrations a, c         

1-km buffer 72,336.69 (427,365.42) 64,060.12 (351,934.49) 16,685.27 (90,341.59) 

2-km buffer 95,119.14 (397,616.77) 87,566.05 (353,753.45) 22,729.16 (86,029.66) 

5-km buffer 108,889.20 (288,226.35) 104,555.71 (280,222.88) 29,680.47 (104,530.74) 

10-km buffer 107,249.14 (212,638.32) 105,194.18 (249,817.55) 30,411.17 (75,302.46) 

25-km buffer 105,367.03 (181,322.22) 100,665.57 (188,736.73) 27,680.04 (54,393.87) 

Birth year b 1932.12 (17.59) 1932.73 (17.06) 1934.35 (16.54) 

Race-ethnicity b             

Non-Hispanic Black 1,108 (33%) 819 (31%) 684 (29%) 

Hispanic 182 (5%) 129 (5%) 112 (5%) 

Non-Hispanic White 2,039 (61%) 1,662 (64%) 1,526 (66%) 

Female (vs. male) b 2,081 (63%) 1,667 (64%) 1,483 (64%) 

College degree (vs. less) b 443 (13%) 384 (15%) 363 (16%) 

Married (vs. not) a  1,783 (54%) 1,417 (54%) 1,268 (55%) 

Employed (vs. non-employed/disabled) a 1,723 (52%) 1,344 (51%) 1,127 (49%) 

Family income (1000 USD in 2019) a 63.65 (42.87) 65.71 (42.96) 64.23 (42.42) 

Homeowner (vs. not) a 2,113 (63%) 1,796 (69%) 1,670 (72%) 

Never smoked (vs. current/former smoker) a 1,471 (44%) 1,167 (45%) 1,042 (45%) 

Recently moved (vs. same residence) a 851 (26%) 600 (23%) 634 (27%) 

Tract poverty rate a .18 (.15) .17 (.14) .15 (.14) 

Segregated Black tract (vs. not) a 837 (25%) 589 (23%) 474 (20%) 

Segregated Hispanic tract (vs. not) a 376 (11%) 260 (10%) 203 (9%) 

Metro area (vs. small town/rural) a 2,566 (77%) 2,003 (77%) 1,798 (77%) 

Total N 3,329   2,610   2,322   

Note: Means/counts are reported with standard deviations/percentages in parentheses.  
a Time-varying measure recorded at each wave. 
b Time-invariant measure recorded at Wave 1. 
c Toxicity-weighted concentrations quantify industrial air toxicant emissions weighted by each toxicant's known potential to cause chronic human 
health conditions. Concentrations are recorded within five increasing spatial buffers (1-km to 25-km) encircling respondents' residential addresses at 
each wave. 
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Table 2. Continued. 

  
Wave 4 
(2001-2) 

Wave 5 
(2011) 

Wave 6 
(2019) 

RSEI toxicity-weighted concentrations a, c             

1-km buffer 5,683.91 (27,243.72) 2,994.35 (14,018.68) 1,669.47 (7,597.18) 

2-km buffer 8,371.93 (31,293.55) 4,851.87 (21,998.04) 2,341.27 (8,381.84) 

5-km buffer 11,825.66 (36,174.48) 6,811.45 (33,429.61) 3,593.46 (16,425.15) 

10-km buffer 12,006.26 (23,354.49) 8,927.59 (58,061.35) 4,072.62 (19,303.17) 

25-km buffer 10,562.56 (15,578.72) 7,549.25 (31,041.37) 3,331.61 (10,779.65) 

Birth year b 1938.46 (14.97) 1944.51 (12.23) 1948.53 (8.60) 

Race-ethnicity b             

Non-Hispanic Black 328 (26%) 376 (29%) 154 (24%) 

Hispanic 54 (4%) 77 (6%) 38 (6%) 

Non-Hispanic White 874 (70%) 839 (65%) 438 (70%) 

Female (vs. male) b 785 (63%) 805 (62%) 373 (59%) 

College degree (vs. less) b 229 (18%) 268 (21%) 176 (28%) 

Married (vs. not) a  699 (56%) 662 (51%) 350 (56%) 

Employed (vs. non-employed/disabled) a 614 (49%) 547 (42%) 222 (35%) 

Family income (1000 USD in 2019) a 70.45 (42.40) 95.29 (76.79) 88.58 (66.51) 

Homeowner (vs. not) a 968 (77%) 918 (71%) 503 (80%) 

Never smoked (vs. current/former smoker) a 580 (46%) 568 (44%) 282 (45%) 

Recently moved (vs. same residence) a 408 (32%) 572 (44%) 373 (59%) 

Tract poverty rate a .13 (.11) .16 (.12) .14 (.11) 

Segregated Black tract (vs. not) a 246 (20%) 231 (18%) 112 (18%) 

Segregated Hispanic tract (vs. not) a 119 (9%) 134 (10%) 48 (8%) 

Metro area (vs. small town/rural) a 1,043 (83%) 1,096 (85%) 537 (85%) 

Total N 1,256   1,292   630   

Note: Means/counts are reported with standard deviations/percentages in parentheses.  
a Time-varying measure recorded at each wave. 
b Time-invariant measure recorded at Wave 1. 
c Toxicity-weighted concentrations quantify industrial air toxicant emissions weighted by each toxicant's known potential to cause chronic 
human health conditions. Concentrations are recorded within five increasing spatial buffers (1-km to 25-km) encircling respondents' 
residential addresses at each wave. 
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Figure 1. Predicted Survival Time from Birth by RSEI Toxicity-Weighted Concentration Splines: ACL Study, 1986-2019 (N = 3,329). 
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Figure 2. Predicted Survival Time from Birth by 5-km RSEI Toxicity-Weighted Concentration Splines and Respondent Race-Ethnicity: ACL Study, 
1986-2019 (N = 3,329). 
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Figure 3. Predicted Survival Time from Birth by 25-km RSEI Toxicity-Weighted Concentration Splines and Respondent Income (top panel) and Tract 
Poverty (bottom panel): ACL Study, 1986-2019 (N = 3,329). 
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ONLINE SUPPLEMENT 

Getis-Ord (Gi*) Statistic 

The Gi* statistic returns a Z-score for each tract, reflecting the extent to which the proportion of 

Black/Hispanic residents in the tract deviates from the expected proportion of Black/Hispanic residents in 

the broader census-based statistical area (CBSA) or county in which the tract is located.1 The Gi* statistics 

used in our analyses are queen contiguity scores that further weight the composition of the focal tract by all 

neighboring tracts sharing a common vertex (i.e., edge or corner). To identify segregated and non-segregated 

tracts, we dichotomize Z-scores using a 1.96 significance threshold, whereby tracts that score at or above 1.96 

are classified as “segregated” and those that score below 1.96 are considered “non-segregated.” 2  

We measure tract-level segregation with Gi* statistics for several reasons. First, contrary to county- 

or metro-level (a.k.a., “global”) segregation measures, the Gi* statistic is a local neighborhood measure of 

segregation.3 Local segregation measures are more relevant for the differential vulnerability hypothesis, which 

is concerned with residential contexts as moderators of the health effects of air pollution. Second, tract-level 

Gi* statistics incorporate queen contiguity weights to account for spatial clustering of similar neighboring 

tracts, thereby proxying broader legacies of concentrated racialized (dis)investment within a CBSA or county. 

Third, while other commonly used local segregation measures also account for spatial clustering of tracts, the 

Gi* statistic further accounts for between-CBSA/county patterns of segregation, which is necessary for a 

national study like ours.4 For example, this feature accounts for the fact that Black residential segregation will 

mean something quite different in cities like Seattle, Washington (~7% Black) versus Detroit, Michigan 

(~75% Black). Finally, the Gi* statistic has been applied fruitfully in several large epidemiological cohort 

studies on neighborhood segregation and population health disparities.5,6 
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SUPPLEMENTARY TABLES 

 

Table S1. AFT-Shared Frailty Models Testing Interactions with Respondent Race-Ethnicity: ACL, Waves 1-6 (1986-2019; N = 3,329). 

  1-km Buffer   2-km Buffer   5-km Buffer   

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

RSEI toxicity-weighted concentrations   

Linear spline @ 0-33% 0.999 * —   0.999 * —   0.999 * —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   0.999 ** —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 1.000   —   1.000   —   0.999   —   

  [1.000, 1.000]       [1.000, 1.000]       [0.999, 1.000]       

Logged concentration —   0.996 *** —   0.996 *** —   0.996 *** 

      [0.995, 0.997]       [0.995, 0.997]       [0.995, 0.998]   

  Non-Hispanic Black (vs. White) 0.962 *** 0.973 ** 0.966 *** 0.974 * 0.966 *** 0.978 * 

  [0.946, 0.977]   [0.954, 0.992]   [0.950, 0.982]   [0.954, 0.994]   [0.951, 0.982]   [0.957, 0.998]   

  Hispanic (vs. White) 0.976   0.969   0.977   0.971   0.980   0.973   

  [0.948, 1.005]   [0.939, 1.001]   [0.949, 1.006]   [0.940, 1.004]   [0.952, 1.009]   [0.941, 1.006]   

Interactions: Black                         

X Linear spline @ 0-33% 0.999   —   0.999   —   1.000   —   

  [0.999, 1.000]       [0.999, 1.000]       [1.000, 1.000]       

X Linear spline @ 33-67% 1.000   —   1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       [1.000, 1.000]       

X Linear spline @ 67-100% 0.999   —   0.999   —   0.999 * —   

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 0.999]       

X Logged concentration —   0.998   —   0.998   —   0.998   

      [0.996, 1.000]       [0.996, 1.000]       [0.996, 1.000]   

Interactions: Hispanic                         

X Linear spline @ 0-33% 0.999   —   0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 33-67% 1.000   —   1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       [1.000, 1.000]       

X Linear spline @ 67-100% 1.000   —   1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       [1.000, 1.000]       

X Logged concentration —   0.998   —   0.998   —   0.998   

      [0.994, 1.001]       [0.994, 1.001]       [0.994, 1.001]   

Note: Models exclude non-Hispanic Asians and Native Americans. Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 
represent shorter/longer survival times. All estimates account for covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within 
respondents. AFT = accelerated failure time. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S1. Continued. 

  10-km Buffer   25-km Buffer 

  Model 7 Model 8 Model 9 Model 10 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 * —   0.999 * —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       

Logged concentration —   0.996 *** —   0.996 *** 

      [0.995, 0.997]       [0.995, 0.997]   

  Non-Hispanic Black (vs. White) 0.971 *** 0.981   0.968 *** 0.986   

  [0.955, 0.988]   [0.960, 1.003]   [0.952, 0.984]   [0.964, 1.009]   

  Hispanic (vs. White) 0.981   0.971   0.984   0.969   

  [0.953, 1.011]   [0.938, 1.005]   [0.955, 1.014]   [0.935, 1.005]   

Interactions: Black                 

X Linear spline @ 0-33% 0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 33-67% 1.000   —   0.999   —   

  [1.000, 1.000]       [0.999, 1.000]       

X Linear spline @ 67-100% 0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       

X Logged concentration —   0.998 * —   0.997 * 

      [0.995, 1.000]       [0.995, 0.999]   

Interactions: Hispanic                 

X Linear spline @ 0-33% 0.999   —   0.999 * —   

  [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 33-67% 1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       

X Linear spline @ 67-100% 1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       

X Logged concentration —   0.998   —   0.999   

      [0.995, 1.002]       [0.995, 1.002]   

Note: Models exclude non-Hispanic Asians and Native Americans. Survival time ratios are reported with 95% confidence 
intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for covariates, 
five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = 
accelerated failure time. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S2. AFT-Shared Frailty Models Testing Interactions with Family Income: ACL, Waves 1-6 (1986-2019; N = 3,402). 

  1-km Buffer   2-km Buffer   5-km Buffer   

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** —   0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 1.000   —   0.999   —   0.999   —   

  [1.000, 1.000]       [0.999, 1.000]       [0.999, 1.000]       

Logged concentration —   0.996 *** —   0.996 *** —   0.996 *** 

      [0.995, 0.997]       [0.995, 0.997]       [0.995, 0.997]   

Family income (1000 USD) 1.000   1.000   1.000   1.000   1.000   1.000   

  [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   

Interactions: Family income                         

X Linear spline @ 0-33% 0.999   —   0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 33-67% 0.999   —   0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 67-100% 1.000   —   1.000   —   1.000   —   

  [1.000, 1.000]       [1.000, 1.000]       [1.000, 1.000]       

X Logged concentration —   0.999   —   0.999   —   0.999   

      [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for 
covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = accelerated failure time. Family income is 
standardized to 2019 USD to account for inflation. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S2. Continued. 

  10-km Buffer   25-km Buffer   

  Model 7 Model 8 Model 9 Model 10 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 *** —   0.999 * —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 0.999 * —   0.999 * —   

  [0.999, 0.999]       [0.999, 0.999]       

Logged concentration —   0.996 *** —   0.995 *** 

      [0.995, 0.997]       [0.994, 0.996]   

Family income (1000 USD) 1.000   1.000   1.000   1.000   

  [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   [1.000, 1.000]   

Interactions: Family income                 

X Linear spline @ 0-33% 0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 33-67% 0.999   —   0.999   —   

  [0.999, 1.000]       [0.999, 1.000]       

X Linear spline @ 67-100% 1.000 * —   1.000 * —   

  [1.000, 1.000]       [1.000, 1.000]       

X Logged concentration —   0.999   —   0.999   

      [0.999, 1.000]       [0.999, 1.000]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent 
shorter/longer survival times. All estimates account for covariates, five-year birth cohorts, state of residence at each wave, and 
multiple observations nested within respondents. AFT = accelerated failure time. Family income is standardized to 2019 USD to 
account for inflation. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S3. AFT-Shared Frailty Models Testing Interactions with Tract Poverty: ACL, Waves 1-6 (1986-2019; N = 3,329). 

  1-km Buffer   2-km Buffer   5-km Buffer   

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6   

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** —   0.999 ** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 1.000   —   1.000   —   0.999   —   

  [1.000, 1.000]       [1.000, 1.000]       [0.999, 1.000]       

Logged concentration —   0.996 *** —   0.996 *** —   0.996 *** 

      [0.995, 0.997]       [0.995, 0.997]       [0.995, 0.997]   

Tract poverty rate 0.998   1.037   0.999   1.040   1.009   1.041   

  [0.945, 1.054]   [0.978, 1.099]   [0.946, 1.055]   [0.979, 1.105]   [0.955, 1.067]   [0.977, 1.110]   

Interactions: Tract poverty rate                     —   

X Linear spline @ 0-33% 1.000   —   1.000   —   1.000       

  [1.000, 1.000]       [1.000, 1.000]       [1.000, 1.000]   —   

X Linear spline @ 33-67% 0.999   —   0.999   —   0.999       

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]   —   

X Linear spline @ 67-100% 0.999   —   0.999   —   0.999       

  [0.999, 1.000]       [0.999, 1.000]       [0.999, 1.000]       

X Logged concentration —   0.996   —   0.996   —   0.996   

      [0.990, 1.002]       [0.990, 1.002]       [0.990, 1.003]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for  

covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = accelerated failure time. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S3. Continued. 

  10-km Buffer   25-km Buffer   

  Model 7 Model 8 Model 9 Model 10 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** —   0.999 ** —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —   0.999 *** —   

  [0.999, 0.999]       [0.999, 0.999]       

Linear spline @ 67-100% 0.999   —   0.999 ** —   

  [0.999, 1.000]       [0.999, 0.999]       

Logged concentration —   0.996 *** —   0.995 *** 

      [0.995, 0.997]       [0.994, 0.996]   

Tract poverty rate 1.024   1.038   0.996   1.014   

  [0.965, 1.085]   [0.971, 1.110]   [0.947, 1.048]   [0.949, 1.082]   

Interactions                 

Tract poverty X Linear spline @ 0-33% 0.999   —   1.000   —   

  [0.999, 1.000]       [1.000, 1.000]       

Tract poverty X Linear spline @ 33-67% 0.999   —   1.000   —   

  [0.999, 1.000]       [1.000, 1.000]       

Tract poverty X Linear spline @ 67-100% 0.999   —   0.999 * —   

  [0.999, 1.000]       [0.999, 0.999]       

Tract poverty X Logged score —   0.996   —   0.998   

      [0.990, 1.003]       [0.991, 1.005]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival 

times. All estimates account for covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within  

respondents. AFT = accelerated failure time. RSEI toxicity-weighted concentration is divided by 1,000 to facilitate coefficient interpretation. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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Table S4. AFT-Shared Frailty Models Testing Interactions with Black Tract Segregation: ACL, Waves 1-6 (1986-2019; N = 3,329). 

  1-km Buffer   2-km Buffer 

  Model 1 Model 2   Model 3 Model 4 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** —     0.999 ** —   

  [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —     0.999 *** —   

  [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 67-100% 1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]       

Logged concentration —   0.996 ***   —   0.996 *** 

      [0.995, 0.997]         [0.995, 0.997]   

Segregated Black tract (vs. not) 0.998   1.013     0.998   1.013   

  [0.978, 1.019]   [0.992, 1.036]     [0.978, 1.019]   [0.990, 1.036]   

Interactions: Segregated Black tract                   

X Linear spline @ 0-33% 1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 33-67% 0.999   —     0.999   —   

  [0.999, 1.000]         [0.999, 1.000]       

X Linear spline @ 67-100% 0.999   —     0.999   —   

  [0.999, 1.000]         [0.999, 1.000]       

X Logged concentration —   0.998     —   0.998   

      [0.996, 1.000]         [0.996, 1.000]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer 
survival times. All estimates account for covariates, five-year birth cohorts, state of residence at each wave, and multiple observations 
nested within respondents. AFT = accelerated failure time.  

*** p<.001, ** p<.01 (two-tailed). 
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Table S4. Continued. 

  5-km Buffer   10-km Buffer   25-km Buffer 

  Model 5 Model 6   Model 7 Model 8   Model 9 Model 10 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 *** —     0.999 *** —     0.999 ** —   

  [0.999, 0.999]         [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 33-67% 0.999 ** —     0.999 ** —     0.999 *** —   

  [0.999, 0.999]         [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 67-100% 0.999   —     0.999   —     0.999   —   

  [0.999, 1.000]         [0.999, 1.000]         [0.999, 1.000]       

Logged concentration —   0.996 ***   —   0.996 ***   —   0.995 *** 

      [0.995, 0.997]         [0.995, 0.997]         [0.994, 0.997]   

Segregated Black tract (vs. not) 0.999   1.013     0.994   1.011     0.993   1.013   

  [0.979, 1.020]   [0.989, 1.036]     [0.973, 1.015]   [0.987, 1.036]     [0.974, 1.012]   [0.989, 1.037]   

Interactions: Segregated Black tract                             

X Linear spline @ 0-33% 0.999   —     1.000   —     1.000   —   

  [0.999, 1.000]         [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 33-67% 0.999   —     0.999   —     0.999   —   

  [0.999, 1.000]         [0.999, 1.000]         [0.999, 1.000]       

X Linear spline @ 67-100% 0.999   —     0.999   —     0.999   —   

  [0.999, 1.000]         [0.999, 1.000]         [0.999, 1.000]       

X Logged concentration —   0.998     —   0.998     —   0.998   

      [0.996, 1.000]         [0.996, 1.001]         [0.996, 1.001]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for covariates, 
five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = accelerated failure time.  

*** p<.001, ** p<.01 (two-tailed). 
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Table S5. AFT-Shared Frailty Models Testing Interactions with Hispanic Tract Segregation: ACL, Waves 1-6 (1986-2019; N = 3,329). 

  1-km Buffer   2-km Buffer 

  Model 1 Model 2   Model 3 Model 4 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** —     0.999 ** —   

  [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —     0.999 *** —   

  [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 67-100% 1.000   —     0.999   —   

  [1.000, 1.000]         [0.999, 1.000]       

Logged concentration —   0.996 ***   —   0.996 *** 

      [0.995, 0.997]         [0.995, 0.997]   

Segregated Hispanic tract (vs. not) 0.999   1.000     0.999   1.002   

  [0.977, 1.022]   [0.975, 1.026]     [0.976, 1.023]   [0.976, 1.029]   

Interactions: Segregated Hispanic tract                   

X Linear spline @ 0-33% 1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 33-67% 1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 67-100% 1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]       

X Logged concentration —   1.000     —   1.000   

      [0.997, 1.003]         [0.997, 1.003]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. 
All estimates account for covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT 
= accelerated failure time.  

*** p<.001, ** p<.01 (two-tailed). 
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Table S5. Continued. 

  5-km Buffer   10-km Buffer   25-km Buffer 

  Model 5 Model 6   Model 7 Model 8   Model 9 Model 10 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 *** —     0.999 *** —     0.999 ** —   

  [0.999, 0.999]         [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 33-67% 0.999 *** —     0.999 *** —     0.999 *** —   

  [0.999, 0.999]         [0.999, 0.999]         [0.999, 0.999]       

Linear spline @ 67-100% 0.999   —     0.999 * —     1.000 ** —   

  [0.999, 1.000]         [0.999, 0.999]         [1.000, 1.000]       

Logged concentration —   0.996 ***   —   0.996 ***   —   0.995 *** 

      [0.995, 0.997]         [0.995, 0.997]         [0.994, 0.996]   

Segregated Hispanic tract (vs. not) 1.001   1.002     0.995   1.005     0.982   0.999   

  [0.978, 1.024]   [0.973, 1.031]     [0.971, 1.019]   [0.975, 1.036]     [0.959, 1.005]   [0.967, 1.032]   

Interactions: Segregated Hispanic tract                             

X Linear spline @ 0-33% 1.000   —     1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 33-67% 1.000   —     1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]         [1.000, 1.000]       

X Linear spline @ 67-100% 1.000   —     1.000   —     1.000   —   

  [1.000, 1.000]         [1.000, 1.000]         [1.000, 1.000]       

X Logged concentration —   1.000     —   1.000     —   1.000   

      [0.997, 1.003]         [0.997, 1.003]         [0.997, 1.004]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for covariates, five-
year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = accelerated failure time.  

*** p<.001, ** p<.01 (two-tailed). 



 

18 
 

RSEI Toxicity-Weighted Concentrations (logged) 0.992 *** 0.992 *** — — 0.992 *** 0.992 *** — —

[0.989, 0.995] [0.991, 0.994] [0.989, 0.995] [0.991, 0.994]

Linear spline @ 0-33% — — 0.999 ** 0.999 ** — — 0.999 ** 0.999 ***

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 33-67% — — 0.999 *** 0.999 *** — — 0.999 *** 0.999 ***

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 67-100% — — 0.999 0.999 — — 1.000 0.999

[0.999, 1.000] [0.999, 1.000] [0.999, 1.000] [0.999, 1.000]

Intercept 83.247 *** 83.547 *** 81.443 *** 81.519 *** 83.454 *** 83.790 *** 81.489 *** 81.624 ***

[78.648, 88.115] [80.577, 86.627] [76.957, 86.189] [78.648, 84.494] [78.824, 88.357] [80.793, 86.898] [77.002, 86.238] [78.757, 84.595]

Number of observations 11439 11439 11439 11439 11440 11440 11440 11440

five-year birth cohorts, and robust standard errors clustered at the respondent level. Weighted estimates incorporate baseline ACL survey w eights (V1860). AFT = accelerated failure time.

Weighted Unw eighted Unw eighted Weighted Unw eighted

Note: Survival time ratios are reported w ith 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for covariates, state of residence at each w ave, 

*** p<.001, ** p<.01, * p<.05 (tw o-tailed).

Table S6. AFT Models of Survival Time from Birth w ith Respondent-Level Clustered Standard Errors: Testing Sensitivity to Survey Weights, ACL Waves 1-6 (1986-2019).

1-km Buffer 2-km Buffer

Weighted Unw eighted Weighted
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RSEI Toxicity-Weighted Concentrations (logged) 0.992 *** 0.993 *** — — 0.992 *** 0.992 *** — —

[0.989, 0.995] [0.991, 0.995] [0.989, 0.995] [0.991, 0.994]

Linear spline @ 0-33% — — 0.999 ** 0.999 *** — — 0.999 ** 0.999 ***

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 33-67% — — 0.999 *** 0.999 *** — — 0.999 *** 0.999 ***

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 67-100% — — 0.999 0.999 — — 1.000 0.999

[0.999, 1.000] [0.999, 1.000] [0.999, 1.000] [0.999, 1.000]

Intercept 83.557 *** 83.884 *** 81.575 *** 82.197 *** 83.855 *** 84.147 *** 81.613 *** 81.911 ***

[78.904, 88.485] [80.868, 87.012] [77.094, 86.317] [79.311, 85.187] [79.171, 88.816] [81.110, 87.297] [77.114, 86.374] [79.030, 84.897]

Number of observations 11444 11444 11444 11444 11445 11445 11445 11445

five-year birth cohorts, and robust standard errors clustered at the respondent level. Weighted estimates incorporate baseline ACL survey w eights (V1860). AFT = accelerated failure time.

Weighted Unw eighted Weighted Unw eighted

Note: Survival time ratios are reported w ith 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates account for covariates, state of residence at each w ave,

*** p<.001, ** p<.01, * p<.05 (tw o-tailed).

Weighted Unw eighted Weighted Unw eighted

Table S6. Continued.

5-km Buffer 10-km Buffer
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Table S6. Continued. 

  25-km Buffer 

  Weighted Unweighted Weighted Unweighted 

RSEI Toxicity-Weighted Concentrations (logged) 0.991 *** 0.992 *** —   —   

  [0.988, 0.995]   [0.990, 0.994]           

Linear spline @ 0-33% —   —   0.999 * 0.999 *** 

          [0.999, 0.999]   [0.999, 0.999]   

Linear spline @ 33-67% —   —   0.999 *** 0.999 *** 

          [0.999, 0.999]   [0.999, 0.999]   

Linear spline @ 67-100% —   —   1.000   0.999   

          [0.999, 1.000]   [0.999, 1.000]   

Intercept 84.351 *** 84.473 *** 81.345 *** 81.668 *** 

  [79.584, 89.403]   [81.397, 87.664]   [76.834, 86.120]   [78.797, 84.644]   

Number of observations 11452   11452   11452   11452   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All 

estimates account for covariates, state of residence at each wave, five-year birth cohorts, and robust standard errors clustered at the respondent level.  

Weighted estimates incorporate baseline ACL survey weights (V1860). AFT = accelerated failure time.  

*** p<.001, ** p<.01, * p<.05 (two-tailed). 
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RSEI toxicity-w eighted concentrations

Linear spline @ 0-33% 0.999 ** 0.999 ** 0.999 ** 0.999 ** 0.999 **

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 33-67% 0.999 *** 0.999 *** 0.999 *** 0.999 *** 0.999 ***

[0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999] [0.999, 0.999]

Linear spline @ 67-100% 0.999 0.999 0.999 0.999 0.999 *

[0.999, 1.000] [0.999, 1.000] [0.999, 1.000] [0.999, 1.000] [0.999, 1.000]

Non-Hispanic Black (vs. non-Hispanic White) 0.744 *** 0.745 *** 0.746 *** 0.748 *** 0.751 ***

[0.706, 0.784] [0.707, 0.785] [0.708, 0.786] [0.710, 0.788] [0.713, 0.791]

Hispanic (vs. non-Hispanic White) 0.812 *** 0.812 *** 0.811 *** 0.813 *** 0.825 ***

[0.727, 0.909] [0.726, 0.908] [0.725, 0.907] [0.727, 0.909] [0.738, 0.922]

Female (vs. male) 1.236 *** 1.236 *** 1.236 *** 1.235 *** 1.237 ***

[1.187, 1.287] [1.187, 1.287] [1.187, 1.287] [1.186, 1.286] [1.188, 1.287]

Married (vs. not married) 1.000 1.000 1.000 1.001 1.002

[0.969, 1.032] [0.969, 1.033] [0.969, 1.032] [0.970, 1.033] [0.971, 1.034]

College degree (vs. less) 1.118 *** 1.118 *** 1.119 *** 1.119 *** 1.121 ***

[1.054, 1.185] [1.055, 1.185] [1.055, 1.186] [1.056, 1.187] [1.057, 1.188]

Employed (vs. non-employed/disabled) 1.039 * 1.039 * 1.037 * 1.038 * 1.040 *

[1.007, 1.071] [1.007, 1.071] [1.006, 1.069] [1.007, 1.070] [1.009, 1.072]

Family income (1000 USD) 1.000 1.000 1.000 1.000 1.000

[1.000, 1.000] [1.000, 1.000] [1.000, 1.000] [1.000, 1.000] [1.000, 1.000]

Homeow ner (vs. not) 1.067 *** 1.067 *** 1.066 *** 1.064 *** 1.062 ***

[1.030, 1.105] [1.030, 1.105] [1.029, 1.105] [1.027, 1.103] [1.025, 1.100]

Never smoked (vs. current/former smoker) 1.252 *** 1.252 *** 1.252 *** 1.252 *** 1.254 ***

[1.205, 1.300] [1.206, 1.301] [1.206, 1.301] [1.206, 1.301] [1.207, 1.302]

Recently moved (vs. same residence) 0.983 0.980 0.981 0.972 0.940

[0.852, 1.134] [0.849, 1.131] [0.850, 1.131] [0.843, 1.121] [0.815, 1.085]

Tract poverty rate 1.006 1.005 1.003 1.005 1.008

[0.957, 1.057] [0.956, 1.057] [0.955, 1.055] [0.956, 1.056] [0.959, 1.059]

Segregated Black tract (vs. not) 1.016 1.017 1.017 1.016 1.014

[0.966, 1.067] [0.968, 1.069] [0.968, 1.069] [0.967, 1.068] [0.964, 1.065]

Segregated Hispanic tract (vs. not) 1.077 ** 1.078 *** 1.077 ** 1.074 ** 1.075 **

[1.030, 1.125] [1.031, 1.126] [1.030, 1.125] [1.028, 1.122] [1.029, 1.123]

Metro area (vs. small tow n/rural) 1.011 1.011 1.011 1.010 1.008

[0.980, 1.043] [0.980, 1.043] [0.980, 1.043] [0.979, 1.042] [0.977, 1.040]

Intercept 18.443 *** 18.493 *** 18.503 *** 18.578 *** 18.574 ***

[16.498, 20.618] [16.543, 20.672] [16.555, 20.680] [16.619, 20.767] [16.605, 20.776]

Theta 3.497 3.496 3.502 3.501 3.524

[3.188, 3.836] [3.187, 3.835] [3.193, 3.842] [3.192, 3.840] [3.214, 3.865]

Table S7. AFT-Shared Frailty Models of Survival Time from Wave 1: ACL, Waves 1-6 (1986-2019; N = 3,329).

1-km 2-km 5-km 10-km 25-km 

to 2019 USD at each w ave to account for inflation. Family income and tract poverty rate are centered on their sample means. AFT = accelerated failure time. 

Theta = estimated frailty variance. 

*** p<.001, ** p<.01, * p<.05 (tw o-tailed).

estimates account for multiple observations per respondent, f ive-year birth cohorts, and state of residence at each w ave. Family income is standardized 

Note: Survival time ratios are reported w ith 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All 
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Table S8. AFT-Shared Frailty Models Excluding External/Unknown Causes of Death: ACL, Waves 1-6 (1986-2019; N = 3,276). 

  1-km Buffer 2-km Buffer 5-km Buffer 10-km Buffer 25-km Buffer 

RSEI toxicity-weighted concentrations 

Linear spline @ 0-33% 0.999 ** 0.999 *** 0.999 *** 0.999 *** 0.999 ** 

  [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   

Linear spline @ 33-67% 0.999 *** 0.999 *** 0.999 *** 0.999 *** 0.999 *** 

  [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   [0.999, 0.999]   

Linear spline @ 67-100% 1.000   0.999   0.999   0.999   0.999 ** 

  [0.999, 1.000]   [0.999, 1.000]   [0.999, 1.000]   [0.999, 1.000]   [0.999, 0.999]   

Intercept 77.928 *** 77.963 *** 78.081 *** 78.089 *** 78.057 *** 

  [76.448, 79.436]   [76.483, 79.471]   [76.570, 79.621]   [76.586, 79.623]   [76.561, 79.582]   

Theta 7.026   7.025   6.866   6.930   7.041   

  [6.536, 7.553]   [6.535, 7.552]   [6.384, 7.384]   [6.444, 7.452]   [6.550, 7.568]   

Note: Survival time ratios are reported with 95% confidence intervals in brackets; ratios less/greater than 1.00 represent shorter/longer survival times. All estimates  

account for covariates, five-year birth cohorts, state of residence at each wave, and multiple observations nested within respondents. AFT = accelerated failure time. 

Theta = estimated frailty variance. 

*** p<.001, ** p<.01, * p<.05 (two-tailed). 

 

 


