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Abstract

Background: The study aimed to determine latent patterns of geographical distribution of health-related air pollutants across
the USA, and to evaluate real-world cumulative effects of these patterns on public health metrics.

Methods: It was an ecological study using county-level data on the concentrations of 12 air pollutants (i.e., ozone, CO, NO2
and SO2, PM2.5 mass, and speciation, PM10 mass and speciation, HAPs, VOCs, NONOxNOy and lead) over 20 years, and
the rigid measurements of population health including life expectancy at birth, age-specific mortality risks and cause-specific
mortality rates (21 mutually exclusive disease groups). Latent class analysis (LCA) was used to identify the common clusters
of life expectancy-associated air pollutants based on their concentration characteristics in the final studied counties (n=699).
Multivariate linear regression analyses were then applied to assess the relationship between the LCA-derived clusters and health
measurements with confounding adjustment.

Results: PM2.5 mass, PM10 speciation, and NONOxNOy were associated with life expectancy and thus were included in LCA.
Five clusters were identified: the ‘all low’ cluster (n=115, 16.5%), ‘all medium’ cluster (n=285, 40.8%), ‘high particulates’
cluster (n=152, 21.8%), ‘all high’ cluster (n=136, 19.5%) and ‘mixed profile’ cluster (n=11, 1.6%). Cluster with a more severe
pollutant profile was associated with a decreasing life expectancy, an increasing mortality risk among the middle-aged and
elderly populations ([?]45 years), and an increasing mortality rate caused by chronic respiratory conditions, cardiovascular
diseases, and neoplasms.

Conclusions: Our study brings new perspectives of real-world geographical patterns of air pollution to explain health disparities

across the USA.
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Plain Language Summary 30 

Air pollution has been one of the major threats to public health. This ecological study first identified 31 

three most health-related air pollutants, which were PM2.5 mass, PM10 speciation, and NONOxNOy, 32 

from 12 types of classical air pollutants. It also investigated five spatial patterns of the three 33 

pollutants across the USA based on their county-level concentrations. We finally assessed the 34 

associations between the five clusters and three population health metrics, including life expectancy 35 

at birth, age-specific mortality risks, and cause-specific mortality rates. We found populations lived 36 

in counties exposed to higher levels of all three pollutants were associated with lower life expectancy, 37 

increased mortality risk among people aged over 45, and increased mortality rate caused by chronic 38 

respiratory conditions, cardiovascular diseases, and neoplasms. These findings provide a novel 39 

perspective to explain the existing health disparities, and have implications on future policy making 40 

and resources allocation regarding the prevention and treatment of air pollution.  41 
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Abstract  42 

Background: The study aimed to determine latent patterns of geographical distribution of 43 

health-related air pollutants across the USA, and to evaluate real-world cumulative effects of these 44 

patterns on public health metrics. 45 

Methods: It was an ecological study using county-level data on the concentrations of 12 air 46 

pollutants (i.e., ozone, CO, NO2 and SO2, PM2.5 mass, and speciation, PM10 mass and speciation, 47 

HAPs, VOCs, NONOxNOy and lead) over 20 years, and the rigid measurements of population health 48 

including life expectancy at birth, age-specific mortality risks and cause-specific mortality rates (21 49 

mutually exclusive disease groups). Latent class analysis (LCA) was used to identify the common 50 

clusters of life expectancy-associated air pollutants based on their concentration characteristics in the 51 

final studied counties (n=699). Multivariate linear regression analyses were then applied to assess the 52 

relationship between the LCA-derived clusters and health measurements with confounding 53 

adjustment.  54 

Results: PM2.5 mass, PM10 speciation, and NONOxNOy were associated with life expectancy and 55 

thus were included in LCA. Five clusters were identified: the ‘all low’ cluster (n=115, 16.5%), ‘all 56 

medium’ cluster (n=285, 40.8%), ‘high particulates’ cluster (n=152, 21.8%), ‘all high’ cluster 57 

(n=136, 19.5%) and ‘mixed profile’ cluster (n=11, 1.6%). Cluster with a more severe pollutant 58 

profile was associated with a decreasing life expectancy, an increasing mortality risk among the 59 

middle-aged and elderly populations (≥45 years), and an increasing mortality rate caused by chronic 60 

respiratory conditions, cardiovascular diseases, and neoplasms.  61 

Conclusions:  Our study brings new perspectives of real-world geographical patterns of air pollution 62 

to explain health disparities across the USA.  63 

 64 

Key words: air pollution, health inequality, geographical pattern, latent class analysis, epidemiology 65 

 66 

 67 

 68 
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Background 69 

Air pollution is a complicated mixture composed of gaseous pollutants, particulates, and other toxic 70 

pollutants such as hazardous air pollutants (HAPs), volatile organic compounds (VOCs), and lead. It 71 

is one of the major global threats to environmental sustainability and public health. In general, air 72 

pollution exposure is associated with oxidative stress and inflammation in human cells, which may 73 

lay a foundation for many acute and chronic diseases (Enweasor et al., 2021; Hahad et al., 2020; 74 

Møller et al., 2014; X. Rao et al., 2018; Valavanidis et al., 2013; Wiegman et al., 2020; Zhang et al., 75 

2020). Abundant research illustrates that various air pollutants could lead to adverse health 76 

consequences (Bascom et al., 1996; T.-M. Chen et al., 2007; Correia et al., 2013; Kim et al., 2018; 77 

Pope, 2007; Soni et al., 2018; Thurston, 2017). 78 

 79 

Long-term ambient exposure to increased concentrations of NO2 and SO2 is a risk factor for 80 

cardiovascular and respiratory disease mortality (T.-M. Chen et al., 2007; Khaniabadi et al., 2017). 81 

Long-term exposure to NO was associated with respiratory syncytial virus infection, 82 

neurodegeneration, and diseases related to the nervous system (Bhatt & Everard, 2004; Pacher et al., 83 

2007; Yun et al., 1997). Prolonged low-level exposure to CO was found to be associated with 84 

exacerbation of heart disease and neurological damage (Townsend, 2002). Furthermore, an increase 85 

in ozone concentration was found to be associated with excess deaths from respiratory conditions 86 

(Jerrett et al., 2009). Particulates, categorized mainly into PM2.5 and PM10, were also proved to be 87 

hazardous to health, including increased risks of mortalities from lung cancer and cardiovascular 88 

diseases and overall death (Dockery et al., 1993; Kim et al., 2018; Pope, 2007; Pope et al., 1995). 89 

Other toxic air pollutants such as VOCs and lead were found to be associated with asthma, 90 

nasopharyngeal cancer, hypertension, and they could affect the development and function of the 91 

central nervous system (Soni et al., 2018).  92 

 93 

In addition to the effects of individual air pollutants, studies have reported the impacts of multiple air 94 

pollutants on human health. Air containing high levels of ozone, PM2.5, and NO2 was associated with 95 

impaired lung function and increased incidence of cardiovascular conditions (Li et al., 2022; Rice et 96 

al., 2013). Increased concentrations of PM2.5, NO, and NO2 were associated with a higher risk of low 97 
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birth weight (Coker et al., 2016). Young populations exposed to high levels of PM2.5, PM10, SO2, and 98 

NOx simultaneously were more likely to develop phlegm, bronchitis, and asthma (Qian et al., 2004). 99 

 100 

The content of air pollutants differs among locations. For example, in the USA, a particularly high 101 

concentration of PM2.5 was monitored in the eastern region (Beckerman et al., 2013; Bell et al., 2007; 102 

Y. Wang et al., 2020). The concentration of PM10 was relatively higher in the middle and western 103 

seaboard (Hart et al., 2009). Elevated levels of NO2 were constantly recorded in both the eastern and 104 

southwestern regions (Hart et al., 2009; Y. Wang et al., 2020). Additionally, in research focusing on 105 

smaller regional scales, Ozone level was found to be high in the southeast of Seattle, and dense 106 

concentrations of PM2.5, NO, and NO2 were reported in the south of Los Angeles (Cooper & 107 

Peterson, 2000; Li et al., 2022). 108 

 109 

Individual air pollutants, in association with particular health outcomes, have been well established 110 

in the current literature. However, a more systematic understanding of the spatial distribution of 111 

simultaneous exposure to various health-related air pollutants across a large geographical area and its 112 

cumulative influence on overall health disparities is limited. In this study, we first aimed to assess 113 

whether there were geographical associations between the concentrations of a wide variety of air 114 

pollutants and the life expectancy at birth of residents using the national data of the USA. Second, 115 

we aimed to use cluster analysis to determine the common latent patterns of the geographical 116 

distribution of these life expectancy-associated air pollutants. Finally, using these derived patterns, 117 

we aimed to evaluate the real-world collective effects of air pollutants on the measurements of 118 

overall health, including life expectancy at birth, age-specific mortality risks, and cause-specific 119 

mortality rates. 120 

 121 

Materials and Methods  122 

This is an ecological study with county or county equivalent as the sample unit. The USA 123 

county-level air pollutants data and rigid public health metrics, including life expectancy at birth, 124 

age-specific mortality risks and cause-specific mortality rates, were analyzed. For potential 125 
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confounding adjustment, characteristics of population, socioeconomics, healthcare service, and 126 

residential environment and location data were also collected. 127 

 128 

Database and variable 129 

Daily records of twelve air pollutants within three categories, which are criteria gases (including 130 

Ozone, CO, NO2, and SO2), particulates (including PM2.5 mass, PM2.5 speciation, PM10 mass, and 131 

PM10 speciation), and toxics, precursors and lead (including HAPs, VOCs, NONOxNOy, and lead), at 132 

the county level between 1995 and 2014 (totally 20 years) were obtained from the USA 133 

Environmental Protection Agency (https://aqs.epa.gov/aqsweb/airdata/download_files.html#Annual) 134 

(U.S. Environmental Protection Agency, 2021). Technical information about the measured 135 

parameters, units, and classification of these air pollutants is shown in Table S1 in Supporting 136 

Information (U.S. Environmental Protection Agency, 2022). At least 1 of the 12 air pollutants was 137 

monitored in 1388 counties between 1995 and 2014. Annual average concentrations of the studied 138 

air pollutants from 1995 to 2014 were calculated based on the daily data. 139 

 140 

County-level health metrics of the residential population in this study included life expectancy at 141 

birth, age-specific mortality risks, and 21 mutually exclusive age-standardized cause-specific 142 

mortality rates in 2014. The age-specific mortality risks were presented in the following age 143 

categories: 0-4, 5-24, 25-44, 45-65, and 65-84 years old (Institute for Health Metrics and Evaluation, 144 

2017b). The 21 mutually exclusive causes of death were Communicable, maternal, neonatal and 145 

nutritional diseases, including 1) HIV/AIDS and tuberculosis, 2) diarrhea, lower respiratory and 146 

other common infectious diseases, 3) neglected tropical diseases and malaria, 4) maternal disorders, 147 

5) neonatal disorders, 6) nutritional deficiencies, 7) other communicable, maternal, neonatal and 148 

nutritional diseases; Noncommunicable diseases, including 8) neoplasms, 9) cardiovascular diseases, 149 

10) chronic respiratory diseases, 11) cirrhosis and other chronic liver diseases, 12) digestive diseases, 150 

13) neurological disorders, 14) mental and substance use disorders, 15) diabetes, urogenital, blood 151 

and endocrine diseases, 16) musculoskeletal disorders, 17) other non-communicable diseases; and 152 

Injuries, including 18) transport injuries, 19) unintentional injuries, 20) self-harm and interpersonal 153 
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violence and 21) forces of nature, war and legal intervention (Institute for Health Metrics and 154 

Evaluation, 2017a). 155 

 156 

County-level information on population characteristics (including size, gender, age, ethnicity), 157 

socioeconomics (including educational level, annual median household income, unemployment rate, 158 

poverty rate), healthcare service (including medical insured rate, number of physicians per 1,000 159 

population), and residential environment and location (including Rural Urban Continuum Code, 160 

latitude, longitude) were collected from the USA national official sources (Table S2 in Supporting 161 

Information) (Health Resources and Services Administration, 2021; Institute for Health Metrics and 162 

Evaluation, 2017a, 2017b; U.S. Census Bureau, 2014, 2021; U.S. Department of Agriculture, 2021). 163 

 164 

Statistical approach and analysis 165 

We used the mean concentrations over 20 years (from 1995 to 2014) to measure previous long-term 166 

exposure to air pollutants to evaluate its relationship with life expectancy in 2014. Univariate 167 

analyses were first carried out for the 12 individual air pollutants for potential candidates of risk 168 

factors. Multiple linear regression models with the backward selection method were then used to 169 

identify the final list of significant air pollutants associated with life expectancy, considering the 170 

possible confounding effects from each other. In this approach, a five-time repeated ten-fold 171 

cross-validation resampling scheme was carried out to assess the performance of the model via 172 

obtaining the mean squared error, without a high potential of biased estimation (James et al., 2013; 173 

Kuhn et al., 2023). This method was implemented 20 times, and the final set of air pollutants 174 

enrolled for later cluster analysis were those significantly associated with life expectancy at each 175 

time of the optimal model.    176 

 177 

After the final list of life expectancy-associated air pollutants was determined, our study samples 178 

(USA counties) included in later cluster analysis were identified based on the following criteria: a 179 

county containing maximumly one unmonitored pollutant (missing data) from the final listed air 180 

pollutants. Where there were missing data, multiple imputation using the predictive mean matching 181 

method was implemented according to the standard approach through an avaliable package in R (the 182 



 

 

8 

‘mice’ package) (van Buuren & Groothuis-Oudshoorn, 2011).  183 

Latent cluster analysis (LCA) was used to identify the common distribution patterns of the air 184 

pollutants across the USA. LCA-clustered counties were determined by the concentration features of 185 

the final listed air pollutants derived from the previous selection process. Before entry into LCA, 186 

data of air pollutant concentrations were classified into three categories (‘low’, ‘medium’, and 'high', 187 

ordinal data) according to the 33
rd

 and 67
th

 percentiles of their twenty-year mean concentrations. We 188 

reported Log-likelihood (LL) statistics with bootstrap p values, Bayes Information Criterion, and 189 

Consistent Akaike’s Information Criterion for each model containing cluster numbers from 1 to 10. 190 

LCA was carried out in the Latent GOLD (version 4.5) with Newton-Raphson algorithms and 191 

estimation-maximization being utilized for model parameters estimation (Vermunt & Magidson, 192 

2005). One thousand different random starting values were applied, and each included 50 193 

interactions. Bootstrap p values were determined to assess the model fit based on the LL statistics. 194 

The optimal model is the one with the largest number of clusters where the p-value remains 195 

significant at the desired significance level (5%). Each county was allocated into one cluster 196 

according to their posterior probabilities of belonging to each cluster. A mean posterior probability ≥ 197 

0.7 for samples allocated to a cluster was considered a good assignment (Nagin & Kerner, 2005). 198 

 199 

Multiple linear regression models were then developed to assess the associations between the 200 

LCA-derived clusters and life expectancy (2014 data), change in life expectancy (from 1995 to 2014), 201 

age-specific mortality risk (2014 data), and cause-specific mortality rate (2014 data), with adjustment 202 

for potential confounding factors including collected information on population characteristics, 203 

socioeconomics, healthcare service, and residential environment and location. 204 

 205 

All statistical analyses were performed in R (version 4.0.4) except for LCA. To correct the effect of 206 

multiple testing, a p-value < 0.005 (instead of 0.05), two-tailed, was set as the threshold for statistical 207 

significance, aiming to obtain conservative results with a low level of false positive findings. The 208 

flowchart of database construction and statistical analysis is shown in Figure S1 in Supporting 209 

Information. 210 

 211 
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Results 212 

Initial univariate analyses showed that concentrations of NO2, PM2.5 mass, PM10 mass, PM10 213 

speciation, and NONOxNOy were associated with life expectancy, whereas the other studied air 214 

pollutants (SO2, CO, Ozone, PM2.5 speciation, VOCs, HAPs and lead) were not. Multivariate 215 

analyses further indicated that only PM2.5 mass, PM10 speciation, and NONOxNOy were suggestive of 216 

consistent association with life expectancy (Table S3 in Supporting Information), which determined 217 

these three air pollutants to be included in the subsequent analyses.  218 

 219 

Descriptive statistics of the final studied counties (n=699) regarding the concentrations of the three 220 

selected air pollutant, health measures, and socio-demographic variables are shown in Table 1. The 221 

geographical distribution of these counties is displayed in Figure S2 in Supporting Information, 222 

informing generally representative samples at the USA national level. 223 

 224 

In LCA, the five-cluster model was determined as the optimal model (Table S4 in Supporting 225 

Information). Studied counties generally displayed high posterior probabilities for their assigned 226 

clusters, with mean posterior probabilities ranging from 0.66 to 0.93 across the five clusters (Table 227 

2).  228 

 229 

Cluster 1 (n=115, 16.5%) was featured with low concentrations of PM2.5 mass, PM10 speciation and 230 

NONOxNOy (the ‘all low’ cluster, Figure 1a). Cluster 2 (n=285, 40.8%), the most common cluster, 231 

displayed medium levels of all three air pollutants (the ‘all medium’ cluster, Figure 1b). Cluster 3 232 

(n=152, 21.8%) was characterized by high PM2.5 mass and PM10 speciation (the ‘high particulates’ 233 

cluster, Figure 1c), whereas Cluster 4 (n=136, 19.5%) had the highest levels of all the three air 234 

pollutants (the ‘all high’ cluster, Figure 1d). Cluster 5, with the smallest size (n=11, 1.6%), displayed 235 

a mixed profile: high PM2.5 mass but low PM10 speciation (the ‘mixed profile’ cluster, Figure 1e).  236 

 237 

The geographical distribution of the counties stratified by the five LCA-derived clusters is presented 238 

in Figure 1f. Counties in Cluster 1, characterized by low air pollutant concentrations, were primarily 239 

located in the middle-west and northeast regions. Most counties included in Clusters 3 and 4, which 240 
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had relatively high pollution levels of the three air pollutants, were found in the middle-east and 241 

southwest coast regions. Counties classified into Cluster 2, with medium levels of all air pollutants, 242 

were distributed widely across the whole USA, whereas the distribution pattern of Cluster 5 was not 243 

to be summarized due to its small sample size. 244 

 245 

Table S5 in Supporting Information shows the county-level descriptive statistics of the three air 246 

pollutants and health outcome measurements stratified by the five clusters. Average county-level life 247 

expectancy in Cluster 1 was the highest (79.33 years, standard deviation (SD) 1.84), while Cluster 4 248 

was the lowest (77.40 years, SD 2.03). In multivariate analysis, compared to Cluster 1, Clusters 2, 3, 249 

and 4 were all significantly associated with a reduced county-level life expectancy at birth, with 250 

adjustment for collected potential confounding factors (left, Table 3). Similar results were obtained 251 

for life expectancy change as the outcome variable, however, only Clusters 3 and 4 reached statistical 252 

significance (right, Table 3).  253 

 254 

Differences in mortality risks were seen between these LCA-derived clusters, specifically among 255 

middle-age and elderly populations (Figure 2a). For example, for the group of 45-64 years the 256 

mortality risks were 11.14% (SD 2.03%), 11.71% (SD 2.62%), 13.23% (SD 2.94%), 13.80% (SD 257 

2.71%) and 12.80% (SD 3.56%) for those who lived in the counties of ‘all low’ (Cluster 1), ‘all 258 

medium’ (Cluster 2), ‘high particulates’ (Cluster 3), ‘all high’ (Cluster 4) and ‘mixed profile’ (Cluster 259 

5) clusters, respectively (Table S5 in Supporting Information). Confounding adjusted difference in 260 

age-specific mortality risks between clusters is shown in Figure 2b (the ‘all low’ Cluster 1 as the 261 

referent group), indicating consistently increased mortality risks among middle-age and elderly 262 

populations in severely polluted regions.  263 

 264 

For cause-specific mortality rates, health conditions associated with these LCA-derived clusters were 265 

neonatal disorders, diarrhea, lower respiratory and other common infectious diseases (in the 266 

communicable, maternal neonatal, and nutritional disease category, Figure 3a), neoplasms,  267 

cardiovascular diseases, and chronic respiratory diseases (in the noncommunicable disease category, 268 

Figure 3b), and self-harm and interpersonal violence (in the injury category, Figure 3c). In general, 269 
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results suggested that clusters with more severe pollution were associated with increased mortality 270 

rates of these conditions, except for self-harm and interpersonal violence.  271 
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 272 
Fig 1. Concentration characteristics of PM2.5 mass, PM10 speciation and NONOxNOy by latent class analysis-derived clusters and their spatial 273 

distribution across the USA  274 
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 275 

 276 
Fig 2. Age-specific mortality risk by latent class analysis-derived clusters of air pollutants 277 

The ‘all low’ cluster (cluster 1) was the referent group; All models adjusted for population characteristics (including size, gender, and ethnicity), socioeconomics 278 
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(including educational level, annual median household income, unemployment rate, and poverty rate), healthcare service (including medical insured rate, number of 279 
physicians per 1,000 population), and residential environment and location (including Rural-Urban Continuum Codes, latitude, and longitude). 280 
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 281 

Fig 3. Cause-specific mortality rate by latent class analysis-derived clusters of air pollutants 282 
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The ‘all low’ cluster (cluster 1) was the referent group; All models adjusted for population characteristics (including 283 

size, gender, and ethnicity), socioeconomics (including educational level, annual median household income, 284 

unemployment rate, and poverty rate), healthcare service (including medical insured rate, number of physicians per 285 

1,000 population), and residential environment and location (including Rural-Urban Continuum Codes, latitude, 286 

and longitude). Disease group: HAT: HIV/AIDS and tuberculosis; DLR: Diarrhea, lower respiratory and other 287 

common infectious diseases; NTD: Neglected tropical diseases and malaria; MatD: Maternal disorders; NeoD: 288 

Neonatal disorders; NutD: Nutritional deficiencies; OCM: Other communicable, maternal, neonatal, and nutritional 289 

diseases; Neop: Neoplasms; CD: Cardiovascular diseases; CRD: Chronic respiratory diseases; COC: Cirrhosis and 290 

other chronic liver diseases; DD: Digestive diseases; DeuD: Neurological disorders; MSU: Mental and substance 291 

use disorders; DUB: Diabetes, urogenital, blood and endocrine diseases; MusD: Musculoskeletal disorders; ONC: 292 

Other non-communicable diseases; TI: Transport injuries; UI: Unintentional injuries; SHI: Self-harm and 293 

interpersonal violence; FNWL: Forces of nature, war and legal intervention. 294 

 295 
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Discussion 296 

Epidemiological research has been typically conducted only on specific air pollutants and diseases 297 

due to difficulties in design, cost, and management of a single study containing a comprehensive list 298 

of air pollutants and grand indicators of public health. Using recently available high-quality 299 

open-access databases, our ecological study at the USA national scale has made an effort to evaluate 300 

the real-world collective effects of air pollutants on human health, and could provide a novel 301 

perspective to explain the existing health disparities and a hint at future policy planning and resource 302 

allocation regarding the prevention and treatment of air pollution. 303 

 304 

In this study, regional concentrations of air pollutants, including PM2.5 mass, PM10 speciation, and 305 

NONOxNOy, were found to be associated with life expectancy. On the other hand, the regional 306 

concentrations of SO2, CO, Ozone, PM2.5 speciation, VOCs, HAPs, and lead were not associated. For 307 

the other two air pollutants, i.e., NO2 and PM10 mass, our multivariate analysis with the resampling 308 

approach suggested that those apparent associations, which initially occurred in univariate statistics 309 

or individual resampling tests, were not robust.  310 

 311 

Using LCA, we identified five clusters with distinct profiles of the three life expectancy-associated 312 

air pollutants, which altogether depicted the spatial distribution patterns of critical air pollutants 313 

across the USA. Previous research has described the spatial distributions of specific air pollutants 314 

separately, but no one has considered the patterns of multiple air pollutants in an integrated way, 315 

particularly concerning the most important indicator of population health, the life expectancy at birth 316 

(Beckerman et al., 2013; Bell et al., 2007; Cooper & Peterson, 2000; Hart et al., 2009; Y. Wang et al., 317 

2020).  318 

 319 

Further assessment of the relationship between these clusters and health measurements revealed that 320 

Clusters 3 (the ‘high particulates’ cluster) and 4 (the ‘all high’ cluster) were associated with lower 321 

life expectancy, higher age-specific mortality risks among middle-age and elderly populations, and 322 

higher rates of mortality caused by several diseases including those with the greatest burden (i.e., 323 

neoplasms, cardiovascular diseases, and chronic respiratory diseases). It was noticeable that the 324 
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association of more severely polluted clusters with increased mortality risks was only seen among 325 

middle-aged and elderly populations, but not in younger people. This finding implies that the 326 

possible effects of prolonged exposure to these air pollutants on adverse health outcomes are very 327 

likely to be a slow and cumulative process. Previous studies provided varying degrees of evidence 328 

for the effects of these individual air pollutants on respiratory and cardiovascular systems and cancer 329 

(Atkinson et al., 2014; Z. Chen et al., 2022; Mohammadi et al., 2022; X. Rao et al., 2018; Sun et al., 330 

2017; Turner et al., 2011). However, our study advances this research area by looking at the 331 

real-world patterns of multiple air pollutants within a geographical region and investigating their 332 

collective effects on diseases.  333 

 334 

Disparities of air pollution in different regions have been a constant phenomenon across the USA. 335 

Previous studies suggested that the eastern region and California state were confronted with high 336 

concentrations of PM2.5, while the western regions had a medium level of PM2.5 pollution (Bell et al., 337 

2007). Consistent with these findings, the spatial distribution pattern of studied air pollutants, as 338 

demonstrated in our study, indicated that the clusters with the highest levels of PM2.5 mass (i.e., 339 

Clusters 3 and 4) were mainly located in the east part and southwest coast of the USA, whereas the 340 

cluster with a medium level of PM2.5 mass (i.e., Cluster 2) showed a dense presence in the west of 341 

the country. However, regarding the distribution of PM10 speciation, a previous study found that the 342 

PM10 level in the western half of the USA was higher than in the east between 1985 and 2000 based 343 

on the geographical information system-based estimators (Hart et al., 2009), which is inconsistent 344 

with our identified patterns: most counties within Clusters 3 and 4 were gathered in the east of the 345 

USA. This variety might be due to the different measurement methods and study periods between the 346 

two studies. Furthermore, according to our study, Cluster 4, with the highest level of NONOxNOy, 347 

also appeared in California, which supports another study conducted in Los Angeles demonstrating a 348 

particularly high regional level of NO (Coker et al., 2016). Large cities with denser populations are 349 

accompanied by more transportation emissions, intenser economic activities releasing air pollutants, 350 

and thus severer air pollution (S. Wang et al., 2020). Our results demonstrated that many of these 351 

regions, such as the northeast metropolitan area, were classified as the ‘all high’ cluster (Cluster 4).  352 

 353 
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In previous literature, various research has demonstrated the substantial geographical disparities in 354 

life expectancy across the USA. For example, based on the data of 2014, the life expectancy at birth 355 

was generally low in the counties located in the middle east and southeast areas, such as the south 356 

region of Mississippi, western Virginia, and eastern Kentucky, but it was the highest in middle 357 

Colorado (Dwyer-Lindgren et al., 2017). The former areas overlapped with the counties classified 358 

into Clusters 3 and 4 analyzed in this study, whereas a considerable number of counties in Colorado 359 

were allocated to Cluster 1. Differences in life expectancy should refer to disparities in the 360 

occurrence and outcome of diseases. Previous research indicated that the southeast and middle-east 361 

regions of the USA (such as Alabama, Kentucky, Mississippi, and Tennessee) generally had high 362 

mortality rates of respiratory diseases (Vierboom et al., 2019). The west coasts, Texas and middle 363 

east regions experienced high mortality from cardiovascular diseases, whereas the mortality rates 364 

were much lower in the northeast and west regions (Dwyer-Lindgren et al., 2016; S. Rao et al., 2021). 365 

A similar pattern of geographical health disparity was also observed for the mortality rates of 366 

neurological disorders and neoplasms (Dwyer-Lindgren et al., 2016). The geographical association 367 

between health disparities and air pollutant clusters identified in this study suggests that the regional 368 

concentrations of PM2.5 mass, PM10 speciation, and NONOxNOy, analyzed simultaneously way, may 369 

be an important influencing factor in the real-world setting for regional public health. 370 

 371 

An ecological study using data reported at the county level is a feasible and effortful approach, as 372 

counties are the smallest administrative units in the USA where essential studied data can be 373 

obtained (Dwyer-Lindgren et al., 2016, pp. 1980–2014). This research took advantage of the 374 

exhaustive information for county-level demographics and socioeconomic conditions, healthcare 375 

provisions, and residual environmental statistics recorded by the US federal offices. It facilitated a 376 

thorough control for confounding factors in our statistical analyses. Although it is not available to 377 

include most of the USA counties in this study, the samples generally have a broad and 378 

representative geographical coverage of the country, ensuring the generalizability of the results. This 379 

study employs indicators of overall population health, such as life expectancy at birth and mortality 380 

rates, as opposed to more specific health measurements, such as disease status. It is important to 381 

acknowledge potential variations in the standards of disease identification and practice of disease 382 
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recording among different counties. Unbiased information on specific health measurements across 383 

the USA is scarce. Moreover, some health indicators may be influenced by detection capabilities and 384 

be subject to survival bias. For instance, a higher reported incidence of lung cancer in a certain area 385 

might actually result from improved diagnostic methods or more effective treatments, subsequently 386 

extending survival times. In contrast, life expectancy and mortality statistics present fewer challenges, 387 

mainly when conducting expansive geographical investigations spanning multiple administrative 388 

regions. These metrics provide a less biased evaluation of population health. 389 

 390 

There are some limitations in this study. Due to the issue of ecological fallacy from the nature of the 391 

ecological study, no inferences of the results could be made at the individual level (Sedgwick, 2014). 392 

It has not attempted to reveal possible mechanisms behind the observed patterns and associations. 393 

Again, as an ecological study, common issues, such as migration bias, may impact the results 394 

(Sedgwick, 2014). In this study, we summarized the prolonged exposure to air pollutants using the 395 

average level over time, however, other statistics could be used, such as those focusing on the 396 

extreme values. We only included 12 air pollutants, while other potentially important pollutants 397 

might be missed. The geographical pattern of air pollutants was determined by LCA with the 398 

mentioned selection criteria for the optimal model, however, the use of other statistical approaches 399 

may obtain slightly different results. 400 

 401 

Conclusion 402 

Our county-level ecological study identified the common geographical patterns of life 403 

expectancy-associated air pollutants across the USA. Five distinctive clusters were determined 404 

according to the 20-year concentration features of PM2.5 mass, PM10 speciation, and NONOxNOy. In 405 

particular, the clusters, characterized by the regions having higher concentrations of these three air 406 

pollutants, were associated with a lower life expectancy, higher mortality risks among the 407 

middle-aged and elderly populations, and higher mortality rates of several specific causes including 408 

chronic respiratory diseases, cardiovascular diseases, and neoplasms. Our study brings new 409 

perspectives of real-world geographical patterns of air pollution to explain health disparities across 410 

the USA.  411 
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Table 1. Descriptive statistics of air pollutant concentrations, health measurements, and socio-demographics at the county level of USA 

Characteristics, n=699  Median (interquartile range) Mean (standard 

deviation) 

Number 

(%) 

Air pollutant concentrations    

    PM2.5 Mass (μg/m
3
) 9.39 (4.95) 9.03 (3.39) - 

    PM10 Speciation (μg/m
3
) 15.37 (10.11) 14.80 (7.41) - 

    NONOxNOy (ppb) 5.95 (7.71) 7.30 (6.84) - 

Health measurements    

    Life expectancy, year     

        Life expectancy (2014) 78.53 (3.01) 78.44 (2.23) - 

        Increase in life expectancy between 1995 and 2014 3.33 (0.01) 3.41 (0.12) - 

    Age-specific mortality risk, %    

        0 – 4 years 0.63 (0.22) 0.65 (0.18) - 

        5 – 25 years 0.83 (0.35) 0.87 (0.27) - 

        25 – 44 years 2.77 (1.02) 2.88 (0.84) - 

        45 – 64 years  12.05 (3.68) 12.37 (2.82) - 

        65 – 84 years  50.77 (7.80)  50.52 (5.95) - 

    Cause-specific mortality rate, number of deaths/100 000 Population    

        Communicable, maternal, neonatal, and nutritional diseases    

            HIV/AIDS and tuberculosis 1.12 (1.54) 1.82 (2.05) - 

            Diarrhea, lower respiratory and other common infectious diseases 30.06 (12.10) 30.85 (9.20) - 

            Neglected tropical diseases and malaria 0.05 (0.05) 0.06 (0.05) - 

            Maternal disorders 0.30 (0.15) 0.33 (0.14) - 

            Neonatal disorders 2.94 (1.35) 3.19 (1.17) - 

            Nutritional deficiencies 1.35 (0.73) 1.44 (0.66) - 

            Other communicable, maternal, neonatal, and nutritional diseases 1.29 (0.44) 1.34 (0.33) - 

        Noncommunicable diseases     

            Neoplasms 196.77 (37.59) 197.20 (29.60) - 

            Cardiovascular diseases 252.63 (67.88) 256.96 (52.17) - 

            Chronic respiratory diseases 58.15 (22.06) 59.15 (15.96) - 

            Cirrhosis and other chronic liver diseases 17.71 (6.91) 18.87 (7.18) - 

            Digestive diseases 15.73 (3.26) 15.63 (2.66) - 

            Neurological disorders 99.01 (30.10) 97.94 (21.36) - 

            Mental and substance use disorders 13.60 (7.54) 14.84 (6.71) - 

            Diabetes, urogenital, blood and endocrine diseases 56.39 (19.32) 58.24 (15.87) - 

            Musculoskeletal disorders 3.16 (1.04) 3.28 (0.86) - 

            Other non-communicable diseases 6.22 (1.69) 6.34 (1.37) - 

        Injuries     

            Transport injuries 16.20 (10.11)  17.89 (8.39) - 



            Unintentional injuries 22.29 (6.32) 22.52 (5.41) - 

            Self-harm and interpersonal violence 21.44 (8.87) 22.49 (7.24) - 

            Forces of nature, war and legal intervention 0.06 (0.06) 0.08 (0.07) - 

Socio-demographics     

    Population characteristics    

        Size (per 1,000 population), n 108.52 (282.24) 304.38 (624.33) - 

        Gender, male % 49.35 (1.38) 49.63 (1.57) - 

        Ethnicity, white alone % 87.71 (17.79) 82.78 (14.62) - 

        Age, %    

          0 – 9 years 12.35 (2.43) 12.48 (2.06) - 

            10 – 19 years 12.86 (1.86) 12.89 (1.59) - 

            20 – 29 years 12.74 (3.44) 13.30 (3.25) - 

            30 – 39 years 12.13 (2.04) 12.23 (1.75) - 

            40 – 49 years 12.33 (1.86) 12.33 (1.38) - 

            50 – 59 years 14.31 (1.96) 14.25 (1.61) - 

            60 – 69 years 11.36 (3.00) 11.77 (2.53) - 

            70 – 79 years 6.32 (2.31) 6.71 (2.02) - 

            ≥ 80 years 3.93 (1.53) 4.05 (1.21) - 

    Socioeconomics    

        Educational level (age ≥ 25), %    

            Less than a high school diploma 10.60 (6.00) 11.62 (5.28) - 

            A high school diploma only 29.70 (9.15) 29.80 (7.08) - 

            Completing some college or associate's degree 31.40 (6.95) 31.27 (5.16) - 

            A bachelor's degree or higher 25.40 (13.55) 27.31 (10.64) - 

        Median household income (annual, per 1,000 US dollars), n 48.57 (15.09)  51.48 (13.53) - 

        Unemployment rate, % 6.00 (2.40) 6.28 (2.21) - 

    Poverty rate, % 15.50 (7.05) 15.89 (5.51) - 

    Healthcare service    

    Medical insured population (age < 65), % 86.65 (6.20)  86.63 (4.62) - 

    Physicians (per 1,000 population), n 1.78 (1.78) 2.15 (1.87) - 

Residential environment and location     

    Rural-Urban Continuum Code    

            1 (Metro areas, 1 million population or more) - - 171 (24.46) 

            2 (Metro areas, 250 thousand to 1 million population) - - 163 (23.32) 

            3 (Metro areas, population fewer than 250 thousand) - - 111 (15.88) 

            4 (Urban population of 20 thousand or more, adjacent to a metro area) - - 50 (7.15) 

            5 (Urban population of 20 thousand or more, not adjacent to a metro area) - - 31 (4.43) 

            6 (Urban population of 2,500 to 19,999, adjacent to a metro area) - - 62 (8.87) 

            7 (Urban population of 2,500 to 19,999, not adjacent to a metro area) - - 62 (8.87) 

            8 (Completely rural or less than 2,500 urban population, adjacent to a metro - - 14 (2.00) 



area) 

            9 (Completely rural or less than 2,500 urban population, not adjacent to a metro 

area) 

- - 35 (5.58) 

        Latitude 38.18 (7.06) 38.82 (5.23) - 

        Longitude -94.92 (24.69) -94.91 (15.96) - 

 

 

 

 



Table 2. Cluster classification: posterior probability of membership of clusters 

Assigned cluster, 

n =699 (%) 

Mean posterior probability for each cluster (standard deviation) 
Cluster 1 

(the ‘all low’ cluster) 
Cluster 2 

(the ‘all medium’ 

cluster) 

Cluster 3 

(the ‘high particulates’ 

cluster) 

Cluster 4 

(the ‘all high’ 

cluster) 

Cluster 5 

(the ‘mixed profile’ cluster) 

Cluster 1 (the ‘all low’ cluster),  

n = 115 (16.5%) 

0.66 (0.12) 0.32 (0.08) 0.02 (0.05) 0.00 (0.00) 0.00 (0.00) 

Cluster 2 (the ‘all medium’ cluster),  

n = 285 (40.8%) 

0.02 (0.03) 0.88 (0.14) 0.06 (0.10) 0.03 (0.08) 0.02 (0.05) 

Cluster 3 (the ‘high particulates’ cluster),  

n = 152 (21.7%) 

0.01 (0.01) 0.13 (0.13) 0.84 (0.13) 0.01 (0.01) 0.01 (0.01) 

Cluster 4 (the ‘all high’ cluster),  

n = 136 (19.4%) 

0.00 (0.00) 0.06 (0.06) 0.01 (0.00) 0.93 (0.06) 0.00 (0.00) 

Cluster 5 (the ‘mixed profile’ cluster),  

n = 11 (1.6%) 

0.00 (0.00) 0.01 (0.01) 0.08 (0.02) 0.00 (0.00) 0.91 (0.01) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 3. Associations of air pollutant clusters with life expectancy and change in life expectancy with confounding adjustment 
Variables in multivariate regression analysis Life expectancy, 2014 

Adjusted R
2
=0.67 

Change in life expectancy, 1995-2014 

Adjusted R
2
=0.45 

 Coefficient 99.5%  

Confidence Intervals 

Coefficient 99.5%  

Confidence Intervals 

Clusters of air pollutants     

    Cluster 1 (the ‘all low’ cluster) 0 (referent) - 0 (referent) - 

    Cluster 2 (the ‘all medium’ cluster) -0.36  (-0.80, -0.08) -0.25  (-0.56, 0.05) 

    Cluster 3 (the ‘high particulates’ cluster) -0.79  (-1.32, -0.27) -0.40  (-0.77, -0.04) 

    Cluster 4 (the ‘all high’ cluster) -0.95  (-1.50, -0.39) -0.46  (-0.84, -0.07) 

    Cluster 5 (the ‘mixed profile’ cluster) -0.83  (-2.02, 0.36) 0.33  (-0.50, 1.15) 

Population size (per 1,000 population), n  0.0006  (0.0003, 0.0008) 0.0004  (0.0002, 0.0006) 

Gender, male %  0.11  (-0.01, 0.22) 0.12  (0.05, 0.20)  

Ethnicity, white alone % 0.04  (0.02, 0.05) -0.02  (-0.03, -0.01) 

Education level, bachelor’s degree % -0.12  (-0.15, -0.09) -0.05  (-0.07, -0.03) 

Median household income (per 1,000 US 

dollars), n  
0.04  (0.02, 0.06) 0.01  (-0.002, 0.029) 

Unemployment rate, % 0.08  (0.004, 0.16) 0.16  (0.10, 0.21)  

Poverty rate, % -0.10  (-0.15, -0.04) -0.03  (-0.07, 0.01)   

Insured population, % 0.02  (-0.02, 0.06) -0.03  (-0.06, -0.0008) 

Physicians (per 1,000 population), n  0.06  (-0.04, 0.16) 0.11  (0.04, 0.18)   

Rural-Urban Continuum Code     

    1 0 (referent) - 0 (referent) - 

    2 0.39  (-0.06, 0.84) -0.39  (-0.70, -0.08) 

    3 0.49  (-0.04, 1.03) -0.49  (-0.86, -0.11) 

    4 0.62  (-0.05, 1.28) -0.17  (-0.63, 0.30)   

    5 0.21  (-0.58, 1.01) -0.51  (-1.07, 0.04)   

    6 0.80  (0.13, 1.46) -0.24  (-0.71, 0.22)   

    7 0.36  (-0.31, 1.04) -0.37  (-0.84, 0.10)   

    8 0.90  (-0.20, 2.01) 0.01  (-0.76, 0.78)  

    9 0.98  (0.15, 1.82) -0.14  (-0.72, 0.44)   

Latitude 0.01  (-0.02, 0.05) 0.03  (0.002, 0.05)   

Longitude 0.003  (-0.01, 0.01) 0.01  (0.01, 0.02)  
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