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Abstract: Urbanization produces spatially variable landscapes where climatic, environmental, and
social systems interact in complex ways that affect public health. Environmental exposure along with
the associated health risks are unevenly distributed and communities of color are often dispropor-
tionately affected by poor health outcomes. Acute pediatric asthma is the most common chronic
condition of childhood in developed nations and is especially prevalent in minority and low-income
children. In this study, we analyze the spatial variability of neighborhood-level acute pediatric asthma
emergency department (ED) visits across the Kansas City Metro Area. Using Bayesian negative
binomial regression, we describe the relationships and interactions between race, low income, frac-
tional vegetation, and PM2.5. We find significant disparities in acute pediatric asthma incidence in
census tracts with different levels of poverty and percentages of non-White populations, even after
accounting for neighborhood economic position. We also find that higher PM2.5 concentrations are
associated with increased asthma ED visits and that a high percentage of vegetative cover reduces
this effect in high-pollution neighborhoods. The magnitude of this protective effect is stronger in
neighborhoods with a high proportion of non-White residents. These results suggest that investing in
greenspace infrastructure may reduce the deleterious effects of PM2.5 and provide health benefits,
especially in neighborhoods of color.

Keywords: pediatric asthma; greenspace; air pollution; environmental justice; racial disparities

1. Introduction

Pediatric asthma is associated with a host of social, climatic, and environmental factors.
Asthma is not a disease but rather a diverse disorder of variable presentation with the
primary symptom being a chronic inflammation of the airways characterized by recurrent
episodes of wheezing, coughing, shortness of breath, and tightness of chest associated with
airflow obstruction [1–3]. Asthma is the most common chronic condition of childhood in
developed nations [4]. In the United States, pediatric asthma is associated with 50 billion
dollars in healthcare expenditures annually and causes significant disruptions to both
children and parents due to absenteeism [3]. Pediatric asthma doubled in the United States
between 1980 and 1995, and although the overall growth has slowed since then, racial
disparities have increased [5]. Minority and low-income children are disproportionately af-
fected in terms of prevalence rates, morbidity, and mortality [2,3]. Yet, little is known about
how race and poverty interact with environmental factors to influence asthma prevalence.

Exposure to higher levels of air pollution has been associated with increased asthma
incidence although some studies report conflicting results. In clinical settings, air pollution
has been shown to affect asthma through oxidative stress which aggravates symptoms
like cough and wheeze, decreases lung function, and induces airway inflammation [6].
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Chang et al. [7] found that short-term increases in PM2.5 increased asthma emergency
room admissions, and Delamater et al. [8] found that increasing levels of CO, NO2, and
PM2.5 had a positive effect on asthma hospitalization rates. On the other hand, in a meta-
analysis, Buteau et al. [9] found no evidence for the short-term effects of exposure to air
pollution but did find indications of long-term effects. However, the authors note that the
diversity of statistical design and exposure metrics precludes definitive conclusions. Addi-
tionally, in a review of studies on the impact of environmental factors on pediatric asthma,
Pollock et al. [10] found that the spatial variation of air pollutants has not been adequately
investigated, and Chen et al. [11] found that their effects on health can be underestimated
if spatial relationships are ignored. Using the same dataset as this study to examine racial
and spatial disparities in pediatric asthma, Kane [12] found that in neighborhoods divided
by Highway 71, which was constructed through historically Black neighborhoods, highway
presence is the primary hazard for acute asthma incidence. Additionally, a meta-analysis of
traffic-related air pollution found moderate to high impacts on pediatric asthma [13].

Greenspace can have protective effects against asthma by reducing heat exposure
and modifying pollution concentrations. Vegetation lowers temperatures by increasing
the latent heat flux and reducing the urban heat island (UHI) effect [14,15]. Increased
temperatures facilitate the formation of pollutants like ground-level ozone and have been
shown to have a positive association with asthma incidence [16–20]. Vegetation can also
impact concentrations of air pollutants by removing pollution through uptake, deposition,
and dispersion [21,22]. Alcock et al. [23] found that increased greenspace has a negative
effect on asthma incidence rate. Ayres-Sampaio et al. [24] found that lack of greenspace
is positively associated with increased hospital admissions for asthma, while Feng and
Astell-Burt [25] found that increased greenspace is protective against asthma incidence in
areas characterized by high traffic volume. Additionally, greenspace is a modifiable factor
of the urban environment and potential intervention point for improving public health.

However, social factors remain a key determinant of pediatric asthma prevalence.
Brewer et al. [26] found that accounting for disproportionately higher air pollution levels
in predominantly non-White neighborhoods did not attenuate the higher odds of asthma
diagnosis among non-White children. Castillo et al. [27] also found that there was signifi-
cant racial/ethnic inequity in the distribution of both PM2.5 exposure and associated health
impacts. However, while identifying social inequalities in asthma prevalence is helpful in
prioritizing resources to vulnerable neighborhoods, it is crucial to examine how modifiable
risk factors like environmental hazards are contextualized within these inequalities [28].
Many studies examine the effects of social factors on asthma in isolation or the relationships
between environmental and atmospheric characteristics and asthma prevalence, but few
examine how the these environmental and atmospheric relationships vary across social
factors. The social, environmental, and atmospheric systems in urban areas are intertwined
through both the surface-energy balance and more than a century of racially motivated
housing policies, civic disinvestment, and growing inequality, and increasing environmen-
tal justice and promoting health requires understanding their interactions. In this study,
we characterize the neighborhood-level factors relating to acute pediatric asthma rates
in the Kansas City Metro Area and how these factors vary by neighborhood social and
environmental context.

2. Data and Methods

The interactions between climatic, environmental, and social systems in the Kansas
City Metro Area affect acute pediatric asthma incidence. Although the distinctions between
these systems are fuzzy, it is helpful to define the climate system as encompassing the mea-
surable characteristics of the surface-energy balance including land surface temperature
(LST), precipitation and weather, atmospheric gases, and particulate matter. The envi-
ronmental system comprises qualities of the physical environment including land cover,
fractional vegetation, zoning and land use, building characteristics, and transportation
networks. The social system includes the intersecting characteristics of individuals, neigh-
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borhoods, and communities including poverty, health-care coverage, and race and ethnicity.
These climatic, environmental, and social components are examined simultaneously in
relation to each other to improve our understanding of urban systems as a whole rather
than the sum of their parts [29].

2.1. Data
2.1.1. Study Area

The Kansas City Metropolitan Area is located at 39.0398◦ N latitude and 94.5949◦

W longitude and spans two states and six counties: Johnson and Wyandotte Counties in
Kansas, and Platte, Clay, Cass, and Jackson Counties in Missouri. The Kansas City Metro
Area exhibits characteristic patterns of urban sprawl (Figure 1), which is generally defined
as “geographic expansion over large areas, low-density land use, low land-use mix, low
connectivity, and heavy reliance on automobiles relative to other modes of travel” [30],
showing a 55% increase in built area between 1972 and 2001 [31].

38.95°N

39°N

39.05°N

39.1°N

39.15°N

39.2°N

94.75°W 94.7°W 94.65°W 94.6°W 94.55°W 94.5°W 94.45°W 94.4°W

Figure 1. The Kansas City metro area exhibits classic patterns of urban sprawl. True-color composite
image from Landsat (30 m) 6 June 2011.

Like many American cities, Kansas City has a history of race-based residential housing
segregation and redlining [32]. In 2010, the Black–White dissimilarity index—a commonly
used measure of community-level segregation—was 62.2, indicating a high degree of Black–
White residential segregation [33]. For reference, the U.S. Department of Housing and
Urban Development (HUD) defines dissimilarity values of 55 and higher as indicating high
segregation and values between 40 and 54 as indicating moderate segregation [34]. The
overall non-White–White dissimilarity index in 2010 was 48 [33]. Additionally, the city
is highly economically segregated and the poverty rate rose from 8.5% to 12.4% between
2000 and 2010 [33]. In 2010, the Urban Institute identified Kansas City as the fifth most
economically segregated metropolitan area out of 100 analyzed [35]. Evidence shows that
living in racially and economically segregated communities can have detrimental impacts
on individual health [35].

Demographic characteristics of the Kansas City, MO-KS Metro Area from 2010 are
given in Table 1.
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Table 1. Demographic characteristics of the Kansas City Metro Area from the American Com-
munity Survey 5-year estimates. Data accessed through Social Explorer (www.socialexplorer.com,
accessed on 20 May 2024).

Category Attributes Population Percent

Total Total population 1,999,718

Age Pop. under 18 515,653 25.8

Race White Alone 1,594,663 79.7
Black or African American Alone 246,536 12.3
American Indian and Alaska Native Alone 9010 0.5
Asian Alone 44,589 2.2
Native Hawaiian and Other Pacific Islander Alone 2415 0.1
Some Other Race Alone 50,012 2.5
Two or More Races 52,493 2.6

Ratio of income-to-poverty level Pop. for whom poverty status is determined 1,967,280
Under 1.00 (Doing Poorly) 217,606 11.1
1.00 to 1.99 (Struggling) 307,623 15.6
Under 2.00 (Poor or Struggling) 525,229 26.7
2.00 and Over (Doing Ok) 1,442,051 73.3

2.1.2. Pediatric Asthma

KC Health CORE is a collaborative initiative between Children’s Mercy Hospital (CMH)
and the Center for Economic Information at the University of Missouri, Kansas City (UMKC-
CEI) created to investigate the geographic disparity of pediatric health outcomes. This analysis
uses pediatric asthma data from 2002–2012 geocoded to street centerlines based on the patients’
home address at the time of admission. The data come from a retrospective collection of
pediatric asthma encounters within the CMH network and include residents of Clay and
Jackson Counties in Missouri and Cass and Johnson Counties in Kansas. Only children aged
2–18 years are considered as asthma is difficult to diagnose in very young children [3,36]. The
original medical records were formatted according to Table 2 [36].

Table 2. Structure of the original pediatric asthma data records submitted by CMH to UMKC-CEI.

Category Attributes

Diagnosis Date of admission
ICD-9 code
Event account number
Patient medical record number (MRN)
Patient residential address

Demographics Birthdate
Sex
Race
Ethnicity

Visit characteristics Payment type
Patient class

The data were further classified into three severity levels: (1) controlled visit, (2) acute
care visit, and (3) hospitalization. These severity levels are constructed from the Interna-
tional Classification of Diseases Ninth revision diagnoses codes (ICD-9) which record the
patient diagnoses and the patient class, recording both the visit location and the type of
treatment received by the patient, e.g., controlled vs. acute care, inpatient vs. outpatient.
Level-1 visits are controlled encounters that do not necessarily indicate presentation of
symptoms, Level-2 visits are acute care visits for immediate symptoms at same-day clinics
and emergency departments, and Level-3 visits are the most severe acute care visits, re-
quiring hospitalization and/or aggressive treatment. This analysis only considers acute

www.socialexplorer.com
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care visits (Levels 2 and 3). The CMH network contains the only facilities in the Kansas
City metropolitan area that specialize in pediatric emergency care and emergency patients
are typically transferred there from other facilities. Thus, the network is likely to capture
the majority of acute and severe cases of pediatric asthma [12]. See Kane [12,36] for more
details on processing of the asthma data. The asthma observations were assigned to census
tracts based on the location of the home where the child was living at the time of admission.
Data were further aggregated to the total count of acute asthma cases per census tract
allowing us to investigate broad spatial trends (Figure 2). A total of 1 census tract and 11 as-
sociated asthma observations were discarded due to missing data, resulting in a sample of
71,381 daily acute-care asthma cases over 11 years and 427 census tracts.
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Figure 2. Spatial distributions of asthma rates and independent variables. Moving from top left to
bottom right, the plots show values per census tract: (a) the relative risk of acute asthma incidence
compared to the study area mean rate, (b) the proportion of population living with an income to poverty
ratio of below 2.00 indicating doing poorly or struggling, (c) the proportion of the population who
identifies as non-White, (d) the mean fractional vegetation (Fr) indicating the amount of vegetative cover,
(e) the mean land-surface temperature (LST), (f) and quintiles of the mean PM2.5 concentration.

2.1.3. Environmental Data

We characterized the physical environment of each census tract with the percent
of vegetated cover estimated from the Moderate Resolution Imaging Spectroradiometer
(MODIS) Terra Surface Reflectance Daily Global 250 m product for the years 2002–2012.
Data were acquired from and calculations performed using Google Earth Engine via
the R package rgee [37]. Most research on the relationship between greenspace and
asthma uses the Normalized Difference Vegetative Index (NDVI) as a proxy measure for
“greenness”; however, while correlated with the amount of vegetation in a pixel, NDVI
does not represent a physical quantity [38]. A better measure is the fractional vegetation
(Fr), a quantity derived by imposing physical constraints on NDVI [39]. Like NDVI, Fr
is easily derived from freely available satellite imagery but has the additional benefits of
representing a physical quantity and being less dependent on atmospheric conditions [38].

To calculate Fr, first, we calculated the NDVI, which is defined as

NDVI =
ρNIR − ρred
ρNIR + ρred

(1)
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where ρNIR and ρred are the surface reflectance values in the near-infrared and red bands,
respectively. From NDVI, we calculated Fr, which is the vegetated proportion of a pixel
and is defined as

Fr =
(

NDVI − NDVIsoil
NDVIveg − NDVIsoil

)2
(2)

where NDVIsoil and NDVIveg are the NDVI values corresponding to bare soil and fully
vegetated pixels, respectively [39]. NDVIsoil was assigned a value of 0.17 and NDVIveg was
assigned a value of 0.85 based on the probability density functions of NDVI values from
representative bare soil and fully vegetated pixels selected from the study area. Where there
were multiple pixels intersecting a census tract, the daily median value was calculated. The
NDVI value corresponding to the 99th percentile of the time series of each census tract was
chosen to represent the proportion of vegetated cover as a static land cover type (Figure 2).
Fr from the Landsat 7 8-Day NDVI Composite (30 m) product was also calculated to assess
the sensitivity of model results to the resolution of Fr. The choice of MODIS (250 m) or
Landsat (30 m) resulted in equivalent model estimates for the effect of greenspace indicating
that either spatial resolution can be used effectively. We chose the MODIS data because of
the high temporal resolution, which may benefit subsequent research.

2.1.4. Climatic Data

Daily land-surface temperature (LST) for each census tract was calculated from the
MODIS Terra Land Surface Temperature and Emissivity Daily Global 1 km product for the
years 2002–2012 using rgee and Google Earth Engine. Where there were multiple pixels
intersecting a census tract, the daily median value was calculated. We then calculated
the mean value for the time series for each census tract (excluding NA values). While
LST values averaged over 11 years contain no information about the temporal association
between acute asthmatic episodes and temperature, the LST averages reveal an uneven
spatial distribution similar to that of asthma and the other risk factors (Figure 2).

We used PM2.5 concentration estimates developed by the Center for Air, Climate and
Energy Solutions (CACES) using v1 empirical models as described in Kim et al. [40]. These
models use land-use regression (LUR) to estimate annual air pollution concentrations
at the census-block level by combining data from U.S. Environmental Protection Agency
regulatory monitors, land-use characteristics, and satellite-derived estimates of air pollution.
These estimates are then upscaled to the census-tract level with a population-weighted
average. This dataset is freely available with coverage of the entire United States. We
calculated the mean PM2.5 concentration per census tract for the years 2002–2012. These
calculated means for the census tracts containing the 13 EPA monitors in the study area
show good agreement (r = 0.71) with the mean observed PM2.5 concentrations and exhibit
the expected spatial variation (Figure 2). Additionally, we assigned PM2.5 quintile ranks
to the census tracts to emphasize intra-urban variation in environmental exposure and
reduce dependence on precision of the estimated means. This has the additional benefit of
reducing the correlation between Fr and PM2.5. While the LUR does make use of land cover
as a variable, covariates used in the PM2.5 modelling were combined using partial least
squares (PLS) to reduce dimensionality; in addition, the estimated PM2.5 concentrations
contribute different information than Fr.

2.1.5. Socioeconomic Data

Social data were acquired from the American Community Survey (ACS) 5-year es-
timates for 2010 (2006–2010) using Social Explorer and the 2010 Decennial Census using
the tidycensus package for R [41]. Variables include income-to-poverty ratios from the
ACS (under 1.00: doing poorly, 1.00–1.99: struggling, 2.00 and over: doing okay) [42], the
proportion of non-White residents from the 2010 Decennial Census (calculated as (Total
Population − Total White Alone)/Total Population), and the population under age 18 per
census tract from the 2010 Decennial Census [43] (Figure 2). We aggregated the income to
poverty ratio categories to under 2.00—doing poorly or struggling—and above 2.00—doing
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okay based on Social Explorer definitions. We opted to use the proportion of non-White
residents to characterize neighborhood racial composition because studies repeatedly show
that communities of color are disproportionately impacted by environmental exposure
and that race-based residential segregation is linked to persistent and unequal health
outcomes [44–46].

2.1.6. Data Processing

All data processing was performed in the R software environment for statistical
computing version 4.1.2 using the tidyverse suite of packages [47,48].

2.2. Analysis Methods
2.2.1. Descriptive Analysis

The relationships between variables were first explored through descriptive analysis.
Mean values of the independent variables were calculated for quintiles of asthma rates
(number of cases per population under 18) to examine how they vary between census tracts
with high and low rates. Relationships were also visualized by categorizing each of the
independent variables into deciles and then calculating the mean asthma rate for the tracts
falling within each bin.

2.2.2. Statistical Modelling

We estimated the effects of PM2.5 on acute pediatric asthma using negative binomial
regression with Bayesian methods. Additionally, we investigated how greenspace mod-
erates the relationship between air pollution and asthma and how this moderating effect
differs by neighborhood social context. We controlled for social characteristics of the census
tracts and included the population under 18 as an offset to control for the differing pediatric
populations per census tract. All analyses were accomplished using the brms package for
R [49].

The asthma counts were generated by a Poisson process with the following probability:

P(Yi = yi|xi) =
e−λi λ

yi
i

yi!
(3)

where λi is the conditional mean count per census tract, otherwise known as the rate
parameter. However, in a Poisson distribution, the mean and the variance are assumed to
be equal. In the case of the total number of acute care asthma visits per tract, the variance
far exceeds the mean (E(Y) = µ = 176.28, Var(Y) = σ2 = 25, 478.31), indicating that the
data are overdispersed, a quality of the distribution which, if ignored, can result in the
underestimation of the uncertainty surrounding the parameters. The negative binomial
distribution is a special case of the Poisson distribution which accounts for overdispersion
by introducing dispersion parameter ϕ which allows the mean µ and variance σ2 to be
estimated separately. As ϕ approaches infinity, σ2 approaches µ and the negative binomial
distribution resembles the Poisson distribution. Thus, the data are represented by

yi ∼ NB(ui, exp(Xi, β), ϕ) (4)

where ui is an exposure variable to account for uneven sampling—in this case the pedi-
atric population per census tract, Xi is the independent variables, and β is the regression
coefficients [50].

Because we are interested in describing the magnitude and direction of effects as well
as explicitly accounting for uncertainty in effect estimates, we made use of a Bayesian
modelling framework. Bayesian methods explicitly quantify uncertainty, placing the
focus on the presence and strength of effects rather than on null hypothesis significance
testing [51]. Uncertainty is associated with the measurement of all variables, not least
in regard to the asthma outcome data [12]. Additionally, given that pediatric asthma
is associated with a number of factors from genetics to indoor allergens to atmospheric
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conditions, the purpose of such an analysis is not to pinpoint exact effects but to understand
the structure of relationships in a manner that allows for targeted intervention.

Bayesian methods make explicit use of probability distributions to quantify infer-
ential uncertainty and incorporate expert knowledge through the specification of prior
distributions for the estimated parameters [52]. These prior distributions represent the
uncertainty of our knowledge about the data-generating process before seeing the actual
data. The priors are then conditioned on the observed data, resulting in posterior estimates
of the parameter distributions. These posterior distributions represent intervals with a high
probability of containing the quantity of interest, which allows probabalistic statements to
be made about the modelled effects, an advantage over the frequentist paradigm which
interprets confidence intervals only in relation to a (hypothetical and infinite) repeated
series of similar trials [53].

The foundation of Bayesian inference is Bayes’ theorem,

p(θ|data)︸ ︷︷ ︸
posterior

∝ p(data|θ)︸ ︷︷ ︸
likelihood

× p(θ)︸︷︷︸
prior

(5)

which states that the probability of a parameter given the data are proportional to the
probability of the data conditioned on the parameter multiplied by the marginal probability
for the parameter. In other words, the posterior distribution is the the prior distribution
weighted by the observed data.

The total count of acute care pediatric asthma visits between 2002 and 2012 per
census tract was modelled with a log-link function to relate the mean count µ to a linear
combination of k variables:

µi = exp(log(exposure) + α + β1 ∗ x1i + β2 ∗ x2i + ... + βk ∗ xki) (6)

where i indexes the census tracts and the exposure is the total population under 18. Incor-
porating the exposure term accounts for the differing pediatric populations of census tracts
and is equivalent to modelling the asthma rate. The independent variables considered were
poverty (proportion of the census tract population with an income to poverty ratio of less
than 2.0), race (the proportion of non-White residents), Fr, LST, and quintiles of PM2.5. LST
was found to have no effect in any model and so is not presented in the results.

Priors for the intercept and β terms were selected to be weakly informative [54]
and chosen based on prior predictive checks (simulating outcomes from the priors and
comparing them to the observed data) [55]. Sensitivity of the posterior estimates to prior
specification was also tested by changing the parameters of the priors and evaluating their
affect on the posterior. Non-informative, weakly informative, and strongly informative
priors all produce equivalent estimates of the parameters indicating that the data are
sufficiently strong to dominate posterior estimation [54].

Bayesian estimation is accomplished by repeatedly sampling from the joint posterior
distribution which in brms is accomplished using a Markov chain Monte Carlo (MCMC)
algorithm. Effectiveness of the MCMC sampling was assessed visually by inspecting trace
plots for chain convergence and numerically with Rhat (R̂) estimates. R̂ represents the
amount of between chain variance relative to the within chain variance with a value of
1.0 indicating total convergence. Stable and accurate estimates of parameters depend
partially on sample size, which was evaluated numerically by the effective sample size
(ESS) which estimates the amount of independent information available from the dependent
chains as a ratio of the actual sample size by the amount of autocorrelation present in the
chains [56].

We present the results of four models:
Model 1: asthma = poverty ratio + prop. non-White
Model 2: asthma = poverty ratio + prop. non-White + PM2.5
Model 3: asthma = poverty ratio + prop. non-White + PM2.5 + fractional vegetation
Model 4: asthma = poverty ratio + prop. non-White + PM2.5 × fractional vegetation
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These models were designed to assess the degree to which asthma rates are effected by
social, environmental, and climatic environments and to investigate racial disparities. Models
were compared using the widely applicable information criterion (WAIC) and by visually
assessing the model fit by simulating asthma counts from the joint posterior density.

3. Results

Census tracts with the highest asthma rates are characterized by higher risk levels for
all independent variables (Table 3). Moving from the census tracts with the lowest asthma
rates (Quintile 1) to the highest (Quintile 5), the proportion of the population below a poverty–
income ratio of 2.0 increases, the proportion of the population who identifies as non-White
increases, Fr decreases, and the PM2.5 concentration increases. This is also evident in a
visual assessment of bivariate risk. Figure 3 shows that asthma rates are highest in census
tracts characterized by higher poverty levels and higher PM2.5 concentrations, higher poverty
levels and a higher proportion of non-White residents, higher poverty levels and lower Fr, a
higher proportion of non-White residents and lower Fr, and a higher proportion of non-White
residents and higher PM2.5 concentrations. This exploratory analysis indicates that census
tracts with high asthma rates are characterized by higher levels of poverty, higher proportions
of non-White residents, lower Fr, and higher PM2.5 concentrations.

Table 4 presents results from all models as incidence rate ratios (IRRs) and Figure 4
shows the posterior distributions of the model coefficients for Model 4 only. Because the
negative binomial regression models the log of the asthma counts, the exponentiated model
coefficients correspond to the percent change in asthma count associated with a one unit
increase in the independent variable and are known as incidence rate ratios. An IRR of
one indicates that a change in exposure produces no change in the asthma count, an IRR
less than one indicates that an increase in exposure decreases asthma counts, and an IRR
greater than one indicates that an increase in exposure increases asthma counts.

Neighborhood social characteristics have strong positive effects on asthma incidence
(Model 1). A 1% increase in the proportion of the population with a poverty ratio under 2.0
is associated with a 3.42% increase in the rate of acute asthma while there is an increase in
asthma rate with each successively higher quartile of the proportion of non-White residents.
The second quartile (Q2) has an asthma rate 1.32% higher than Q1 (lowest percentage of
non-White residents), Q3 is 1.60% higher than Q1, Q4 is 2.25% higher than Q1, and Q5 is
4.33% higher than Q1. With the addition of environmental exposure variables Fr and PM2.5
(Models 2–3), the effect of poverty ratio on asthma decreases by 1.28%, while the effect of
proportion of non-White residents increases in both Q4 (0.07%) and Q5 (0.33%), indicating
that the burden of environmental exposure is borne more heavily by neighborhoods of
color even after controlling for neighborhood economic characteristics.

Models 2–4 examine the effects of environmental exposure while controlling for
neighborhood social characteristics. There is little certainty that the IRR for LST is different
from one (model not shown) and so LST is not included in these models. Results of all
models indicate that higher levels of PM2.5 increase asthma incidence, especially above
the 40th percentile of PM2.5 (Q3–Q5). Including Fr but not the interaction between Fr and
PM2.5 only changes the model estimates by 0.01%, and the IRR for Fr indicates no effect
on asthma. When including the interaction term, the overall effect of Fr becomes positive,
increasing asthma rates by 1.65% with every 1% increase in Fr. However, the interaction
terms show that this effect becomes negative in census tracts characterized by higher levels
of PM2.5. Essentially, in neighborhoods characterized by levels of PM2.5 less than the 40th
percentile (Q1–Q2), PM2.5 has no effect on asthma rates and Fr has no effect. On the other
hand, neighborhoods characterized by levels of PM2.5 above the 40th percentile (Q3–Q5)
show increased asthma rates. However, the interaction terms indicate that increasing Fr in
these neighborhoods lowers PM2.5 concentrations. It should be noted that that for Q4, the
interval for the Fr and PM2.5 interaction term includes the value of 1.0 and therefore may
not be significant, but for the Q5, the interval does not include the no-effect value.
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Table 3. Mean values of independent variables in census tracts stratified by quintiles of asthma rate,
increasing in prevalence from 1 to 5. Neighborhoods characterized by the highest rates of asthma
have higher poverty ratios, higher proportions of non-White residents, lower fractional vegetation
(Fr), and higher PM2.5 concentrations compared to neighborhoods with lower asthma rates.

Asthma Rate (Quintiles)

1 2 3 4 5

Mean proportion poverty–income ratio below 2.0 0.12 0.18 0.29 0.42 0.57
Mean proportion non-White residents 0.10 0.14 0.20 0.38 0.72

Mean Fr 0.63 0.58 0.55 0.57 0.46
Mean PM2.5 10.42 10.72 10.88 11.00 11.14
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Figure 3. Descriptive plots showing bivariate means of asthma rates. Independent variables are
divided into quintiles and the mean asthma rate calculated for each bin. Asthma rates are highest
in (a) neighborhoods characterized by high poverty and lower than the 80th percentile of fractional
vegetation (Fr), (b) high poverty ratio and high proportion of non-White residents, (c) Fr below the
80th percentile and high proportion of non-White residents, (d) high poverty ratio and high PM2.5

concentrations, (e) low Fr and high PM2.5 concentrations, and (f) high proportion of non-White
residents and PM2.5 concentrations above the the 20th percentile.
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Table 4. Exponentiated estimates (IRRs) with 89% credibility intervals. Lower WAIC (widely
applicable information criterion) indicates better model fit.

Model 1 Model 2 Model 3 Model 4

Intercept 0.06 0.05 0.05 0.04

[0.06, 0.07] [0.05, 0.06] [0.04, 0.06] [0.03, 0.05]
Prop. poverty ratio under 2.0 3.42 2.14 2.15 1.91

[2.63, 4.44] [1.63, 2.83] [1.62, 2.85] [1.43, 2.56]
Prop. non-White Q2 1.32 1.29 1.29 1.33

[1.19, 1.47] [1.17, 1.44] [1.16, 1.44] [1.19, 1.48]
Prop. non-White Q3 1.60 1.57 1.57 1.61

[1.43, 1.79] [1.41, 1.74] [1.41, 1.76] [1.44, 1.80]
Prop. non-White Q4 2.25 2.32 2.32 2.35

[1.98, 2.55] [2.05, 2.62] [2.05, 2.63] [2.08, 2.66]
Prop. non-White Q5 4.33 4.66 4.65 4.80

[3.71, 5.07] [4.01, 5.43] [4.00, 5.43] [4.12, 5.61]

Fr 1.00 1.65
[0.81, 1.24] [1.00, 2.73]

PM2.5 Q2 1.20 1.19 1.13
[1.08, 1.33] [1.08, 1.32] [0.72, 1.77]

PM2.5 Q3 1.41 1.40 2.57
[1.26, 1.57] [1.26, 1.56] [1.68, 3.94]

PM2.5 Q4 1.44 1.43 2.24
[1.28, 1.61] [1.28, 1.60] [1.40, 3.57]

PM2.5 Q5 1.50 1.49 2.38
[1.33, 1.69] [1.32, 1.69] [1.60, 3.56]

Fr × PM2.5 Q2 1.15
[0.58, 2.27]

Fr × PM2.5 Q3 0.38
[0.20, 0.74]

Fr × PM2.5 Q4 0.51
[0.25, 1.07]

Fr × PM2.5 Q5 0.48
[0.25, 0.91]

Bayes’ R2 0.759 0.770 0.769 0.767
WAIC 4598.5 4567.9 4570.0 4566.9

Fr x  PM2.5 Q5

Fr x  PM2.5 Q4

Fr x  PM2.5 Q3

Fr x  PM2.5 Q2

PM2.5 Q5

PM2.5 Q4

PM2.5 Q3

PM2.5 Q2

Fr

Prop. non−white Q5

Prop. non−white Q4

Prop. non−white Q3

Prop. non−white Q2

Prop. poverty ratio under 2.0
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C
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with medians and 89% intervals

Posterior distributions

Figure 4. Posterior distributions of exponentiated model coefficients for Model 4. Acute asthma
incidence per census tract is modelled on the proportion of residents with a poverty to income ratio
below 2.00, the proportion of residents who identify as non-White, the fractional vegetation (Fr),
quintiles of PM2.5, and the interaction between Fr and the quintiles of PM2.5.
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Examining the conditional effects of both PM2.5 and the interaction between PM2.5
and Fr shows that the magnitude of these effects is stronger in census tracts characterized
by higher poverty levels and higher proportions of non-White residents (Figures 5 and 6).
For the lowest values (Q2), the interaction term includes the no-effect value. As the PM2.5
concentration increases, Fr has a stronger negative effect on asthma rates. Additionally and
most importantly, the magnitude of this effect is stronger in census tracts characterized by
higher poverty levels and higher proportions of non-White residents. While the burden
of environmental exposure is borne more heavily by neighborhoods of color, this burden
may be partially alleviated by increasing Fr in highly polluted areas. We caution that
the Bayesian analysis is not an explicitly causal analysis, and while we offer this as a
potential explanation, additional analysis is necessary to assess the true causal nature of
the interaction.
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Figure 5. Effects of PM2.5 quintiles on asthma incidence conditioned on the proportion of residents
living in poverty (a) and effects of the interaction between fractional vegetation (Fr) and PM2.5 quin-
tiles on asthma incidence conditioned on the proportion of residents living in poverty. Conditional
effects are shown for fixed values (0.25, 0.5, 0.75) of proportion of residents living in poverty. The
effect of PM2.5 is stronger in neighborhoods characterized by higher poverty rates. In neighborhoods
with PM2.5 concentrations above the 40th percentile (Q3–Q5), PM2.5 has a stronger positive effect on
asthma rates (a). In these higher-pollution neighborhoods, Fr has a negative impact on asthma rates
with the magnitude of this effect being larger in neighborhoods with higher poverty rates (b).

Model fit was assessed visually with posterior predictive plots (Figure 7). Yrep indicates
that the simulated values are replications of the outcome (using the same predictor values
that informed the model) rather than predictions [55]. While there is some unaccounted for
variation, predictions drawn from the joint posterior density of the model approximate the
shape of the observed asthma incidence distribution and the medians of these predictions
cluster around the median of the observed data. Mapping the means per census tract of



Urban Sci. 2024, 8, 176 13 of 18

the predictions from the MCMC draws also shows that the model adequately captures the
spatial variation of the observed asthma counts (Figure 8).
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Figure 6. Effects of PM2.5 quintiles on asthma incidence conditioned on the proportion of non-White
residents (a) and effects of the interaction between fractional vegetation (Fr) and PM2.5 quintiles
on asthma incidence conditioned on the proportion of non-White residents (b). Conditional effects
are shown for quintiles of the proportion of non-White residents. The effect of PM2.5 is stronger
in neighborhoods characterized by higher proportions of non-White residents. In neighborhoods
with PM2.5 concentrations above the 40th percentile (Q3–Q5), PM2.5 has a stronger positive effect
on asthma rates (a). In these higher-pollution neighborhoods, Fr has a negative impact on asthma
rates with the magnitude of this effect being larger in neighborhoods with a higher proportion of
non-White residents (b).
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Figure 7. Posterior predictive checks. Plot shows densities of simulated values overlaid on the density
of observed values. The x-axis is truncated to highlight the area of greatest density.
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Figure 8. Mean acute asthma counts from the posterior replications for each census tract shown with
the observed counts. From left to right, the plots show (a) the predicted counts against the observed
counts and (b) the percent difference between the mean predicted counts and the observed counts.

4. Discussion

The goal of this research was to describe the structure of the census tract-level variation
in acute pediatric asthma rates in the Kansas City Metro Area. Using geolocated health data
linked with census, satellite, and air pollution data, we explored the social, environmental,
and atmospheric factors influencing asthma incidence. We found that while increased
greenspace was associated with lower asthma rates in areas characterized by high PM2.5
concentrations, the strongest influence on asthma rates was the proportion of non-White
residents in a census tract. We also found that average LST was not a significant factor
influencing pediatric asthma.

Our research provides support for the positive association between rate of acute
asthma incidence and long-term air pollution concentrations. Many studies point to such
an association [6,7], and while some research indicates contradictory results [26], these may
be due to the large variation in data and methods, including asthma outcome (acute vs.
affirmative diagnosis), statistical design (count vs. binary outcome), spatial scale (census
tract vs. county), and temporal scale (averages over study period, years, months, or weeks).
We found that higher levels of PM2.5 were associated with increased incidence rate ratios,
especially above the 40th percentile of PM2.5 levels. Similar to [23] we found that increased
Fr was associated with decreased asthma incidence when PM2.5 concentrations were high
but had little to no effect when they were low, possibly due to increased particulate
deposition in high pollution areas [21,22]. Street-level geometry can affect deposition
by altering turbulence and wind patterns, and although we did not consider such fine
resolution details, Fr is a key factor in air pollution mitigation strategies [57]. Building on
the work in [12], we found that environmental exposure (PM2.5 concentrations) and the
associated positive effects on pediatric asthma were higher in communities of color.

Confirming the work in [12], we found that racial and socioeconomic disparities in
acute pediatric asthma rates are significant even after accounting for neighborhood envi-
ronmental and atmospheric factors. Research indicates that disadvantaged children have
elevated exposure to deleterious physical conditions and elevated levels of psychosocial
stress that accumulate over time [58]. Structural racism and residential segregation are
substantial factors in shaping the spatial distribution of environmental health and environ-
mental health disparities in the United States [59], and racial disparities in the prevalence
of disease reflect disparities in environmental and social environments [58]. Our research
indicates that the proportion of non-White residents in a census tract is the strongest pre-
dictor of acute pediatric asthma in Kansas City, even after controlling for poverty and
environmental exposure. This finding indicates that interventions targeted at reducing the
health implications of structural racism are key to controlling the asthma epidemic.
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Of primary importance are the results indicating that the protective effect of vegetation
in high-pollution areas is stronger in census tracts characterized by higher levels of poverty
and higher proportions of non-White residents. We found that in census tracts that were
above the 40th percentile of PM2.5 concentrations, increasing the amount of fractional
vegetation decreased the asthma rate, with the magnitude of this effect being higher in
neighborhoods of color. These findings provide support for civic investment in public
greenspace, especially in neighborhoods of color, to increase environmental justice by
providing a range of positive health benefits [60], including the reduction in acute pediatric
asthma. Our results provide evidence for targeted interventions to reduce air pollution by
identifying neighborhoods where greenspace investment can have the greatest positive
impact on health. Greenspace can not only reduce pediatric asthma, but also promote phys-
ical activity; in addition, it is associated with a reduction in obesity, promotes psychological
well-being, reduces mortality, and reduces the urban heat island effect [15,60–62].

4.1. Limitations

This study relied on data that were both temporally and spatially averaged. Acute
asthma incidences and the environmental variables were aggregated to the census-tract
level for an ecological analysis. These aggregations represent group exposures that are not
readily measured at the individual level; however, this can result in misrepresentation of
individual exposure and results from this study are not appropriate to extrapolate to indi-
viduals [63]. Regardless, population-level effects—in this case neighborhoods represented
by census tracts—are of primary concern to policy makers, and an ecological study can
provide easy-to-interpret information on the spatial distribution of environmental health
risk. Additionally, future studies should assess sensitivity of the results to different spatial
scales of aggregation, i.e., zip codes or other municipal tabulation areas, and caution should
be used when interpreting the results at a different scale.

The temporal averaging of the data privileges the spatial variability of environmen-
tal health risk but neglects any yearly or seasonal trends in the relationships between
acute pediatric asthma, greenspace, and air pollution. Changes to the built environment
in established urban areas are generally quite slow, and these averages represent back-
ground exposure levels. Any neglected changes within census tracts are likely to be minor
compared to the between-tract variation in exposure and asthma outcomes.

4.2. Strengths

A major strength of this analysis is the fine spatial scale of the analysis. By looking
at the rates of acute pediatric asthma per census tract, we were able to investigate the
relationship between asthma incidence and the social, environmental, and atmospheric
structure of the neighborhood where a child was living when they were admitted to an
emergency facility in the CMH network for acute asthma. The 427 census tracts in the
analysis represent a range of neighborhood conditions. Understanding neighborhood-
level variation not just in exposure but exposure-related health risks is crucial to creating
informed and targeted policies and intervention strategies [27]. Additionally, the analysis
was conducted using open-source software and with freely available (with the exception
of the confidential asthma) data. The methods are fairly straightforward and the results
are easy to interpret. These were conscious choices made to increase the portability of the
methods and to provide analysis that is interpretable, impactful, and actionable.

4.3. Conclusions

Our findings show that there are significant racial disparities in neighborhood acute
pediatric asthma rates in the Kansas City Metro Area. Neighborhoods that are characterized
by a high proportion of non-White residents, and to a lesser extent a high proportion
of residents living in poverty, exhibit higher rates of asthma incidence. We also found
that increased levels of PM2.5 were associated with increased asthma incidence, but this
effect was moderated by the fraction of vegetation (Fr). This interaction was stronger in
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neighborhoods with a higher proportion of non-White residents, indicating that increasing
the amount of greenspace in neighborhoods of color is protective against the deleterious
effects of air pollution on pediatric asthma. Understanding how greenspace interacts with
air pollution to influence the spatial distribution of asthma can inform urban planners
on the policy consequences and benefits of alterations to the urban land surface. Our
research provides a clear mandate for planners and policy makers when considering the
environmental health impacts of development and public policy: prioritize environmental
justice to improve health equity.
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