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Abstract
Air pollution has been cited as a factor in the development of respiratory illness in
children. Socioeconomic differences can intensify the effects of air pollution exposure on
low-income children compared to higher-income children. This correlational study
examined the relationship between air pollution exposure and respiratory health outcomes
among California children, as well as the moderating role of socioeconomic status. The
study was guided by the environmental health disparities framework and used secondary
data from the California Environmental Health Tracking Program, analyzing data from
49 California counties (n = 49). Independent variables were PM2.5 concentrations and
the number of 0zone exceedance days. The dependent variable was pediatric asthma
emergency department visit rates, and socioeconomic status served as the moderating
variable. Pearson correlation and multiple linear regression analyses showed a significant
positive association between PM2.5 exposure and pediatric respiratory health outcomes (r
= .58, p <.01). Socioeconomic status significantly moderates this relationship (f = .22, p
=.03), with children in lower-income areas experiencing greater respiratory burden at
similar pollution levels. These findings may inform public health interventions and
resource allocation in low-income and minority communities with elevated exposure to

air pollution.
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and live a healthy life.
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Section 1: Foundation of the Study and Literature Review
Introduction and Background

Air pollution, one serious environmental risk factor, is a current problem because
respiratory health issues exist in children from different backgrounds. There is rising
evidence that the burden of air pollution on respiratory diseases is unequally distributed
on the margins of society. California also boasts of some of the fastest-expanding cities in
the United States, at the price of air pollution. Over the past decade, rates of respiratory
disorders, including those frequently linked to air pollution (e.g., chronic obstructive
pulmonary disease [COPD], among others), have been on the rise in children (Kumar,
2020).

The state of California has inadequate controls and interventions put in place to
minimize respiratory diseases, particularly among people with low incomes. The
relationship between socioeconomic status (SES) and respiratory conditions in children
as an effect of policy and healthcare intervention was assessed through this study. This
research sought to address the problem of respiratory diseases resulting from
environmental perils, including air pollution. The principal objective was to study the
association between environmental risk factors and respiratory infections in children and
SES. Socioeconomically disadvantaged and advantaged children were the research
targets to assess the impact of ecological risk factors on respiratory illnesses in the two

groups.



Purpose Statement
This quantitative research employed a correlational design to assess the
relationship between environmental risk factors and respiratory diseases in children. The
most relevant variables used here were particulate matter and SES. Particulate matter is a
composition of fine solid and liquid particles commonly found in the air and may differ
in diameter. Still, it is frequently associated with particles less than 10 microns in
diameter as regulated by the Environmental Protection Agency (Sheppard et al., 2023).
An individual's assigned social class, including income, education, and occupation, is
called SES (Sheppard et al., 2023). The research framework rested on air quality values,
statistical measurements of particulate matter in the air, available research studies and
publications, participants' experiences, and documented cases.
Problem Statement
Although prior studies have investigated the relationship between air pollution
and health outcomes, relatively few have examined the moderating role of SES. In
California, limited published research has specifically analyzed the association between
children’s exposure to air pollution, respiratory disease outcomes, and the influence of
socioeconomic factors using robust tracking data on environmental health.
Research Questions and Hypotheses
The research questions for this study focused on the connection between air

pollution, respiratory conditions, and SES. The research questions were as follows:



RQI:

RQ2:

RQ3:

What is the relationship between air pollution exposure levels (IV) and
respiratory health outcomes (DV) among California children in low and
high-socioeconomic neighborhoods?

Null Hypothesis 1: No statistically significant correlation exists between
air pollution levels and respiratory health outcomes.

Alternative Hypothesis 1: Air pollution exposure levels positively
correlate with respiratory illnesses in children.

What is the relationship between particulate matter concentration in air

quality (IV) and the prevalence of respiratory illnesses (DV) among

children in California when controlling for age, gender, preexisting
conditions, geographic location, housing quality, and access to healthcare
services?

Null Hypothesis 2: There is no statistically significant relationship
between particulate matter concentration and the prevalence of
respiratory illnesses among children in California.

Alternative Hypothesis 2: Particulate matter concentration is positively
correlated with the prevalence of respiratory illnesses among
children in California.

How does socioeconomic status (IV) relate to exposure to air pollution

levels (DV) in different neighborhoods in California?



Null Hypothesis 3: There is no significant relationship between
socioeconomic status and air pollution exposure levels across
neighborhoods in California.

Alternative Hypothesis 3: Lower socioeconomic status is associated with
higher air pollution exposure levels across neighborhoods in
California.

Independent variable: Air pollution exposure levels—Measured by annual
average concentrations of PM2.5 and PM10 (pg/m?) from California Environmental
Health Tracking Program (CEHTP) data (Kumar, 2020)

Dependent variable: Respiratory health outcomes—Diagnosed respiratory
conditions (e.g., asthma, COPD) and hospital admissions related to respiratory issues
(Kumar, 2020)

Moderating variable: SES—Composite index including median household
income, education level, and unemployment rates, based on ZIP code-level data (Kumar,
2020)

Control variables: Age, gender, preexisting conditions, geographic location,
housing quality, and access to healthcare services.

Inclusion Criteria

o Studies on children aged 0—18 years with respiratory health outcomes

e Research on air pollution (e.g., PM2.5, NO2) and respiratory conditions

o Peer-reviewed articles published within the last 10 years

o Studies conducted in English



Exclusion Criteria

e Studies focusing on adults or other non-pediatric populations

o Research unrelated to air pollution or respiratory health

e Articles published before 2013 or non-peer-reviewed sources

e Studies not in English or without translations

Theoretical Framework

This study relied on the theoretical framework of the environmental health
disparities framework (EHDF). Robert Bullard and Dr. Sacoby Wilson developed this
theoretical framework. The framework indicates that, other than individual differences,
there are numerous other factors to which to attribute health disparities, including other
social differences, such as economic status and racial identity (Zimmer et al., 2024). The
EHDF defines how factors such as SES, race, and geographic position overlap to alter
environmental policies and effects on specific populations. The EHDF reflects an
understanding that not every person is affected by ecological hazards/effects (Zimmer et
al., 2024). The vulnerable populations exist in contrast with the vulnerable whole.

The environmental justice movement of the 1980s was the EHDF's origin. Bullard
has been named the father of environmental justice. He tested the location of solid waste
sites in Houston, Texas, and demonstrated that the choice of locations was greater in
Black neighborhoods (Bullard, 1983). Wilson (1987) widened this structure by
extrapolating the work to other socioeconomic variables, such as access to economic
opportunities in these neighborhoods. He described how environmental exposure took

shape in the context of declining economic opportunities and worse health consequences
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in poor communities of Chicago. Therefore, the environmental justice movement, which
gives force to the definition of the EHDF, is derived from the understanding that racial
minorities and the low-income community are more at risk of exposure to ecological
hazards than the whole population.

Over time, the concept of EHDF has changed to include social determinants of
health (SDOH), differences in exposure to environmental factors, neighborhood
disadvantage and resilience, cumulative risk and burden, and policy and structural
disparities. These social determinants, including poverty, housing, employment, and
education, define the risk of exposure to environmental hazards. Additionally, based on
physical differences, community-based environmental exposure varies. The framework
has also included access to healthcare, interacting exposures, and risk of the exposures on
the knowledge aspect and systematic policy and structural disparities, including redlining
(Breakey et al., 2024). These variations in being exposed to environmental hazards and
accompanying morbidity and mortality can be explained by the cumulative risk and
exposures of different populations.

This theory relates to this work because it involves a recognition of how the three
variables of differential exposure, vulnerability, and access to resources for respiratory
illness among children might intersect. To begin with, children belonging to lower social
classes can experience an increased risk of being exposed to air pollutants. Sooner or
later, there are those families that cannot afford to pay high rent, and they end up living
near freeways, industries, and traffic jam zones, among others, where air pollution

sources are. Low-income neighborhoods are likely to be located in the sites of worst



pollution, and in the United States, they are subjected to larger volumes of particulate
matter (Jbaily et al., 2022).

Second, differential vulnerability can be interpreted as the population's health
vulnerability compared to the rest. Children with low socioeconomic backgrounds are
prone to having impaired immune function because of chronic stress and housing
instability, and other sources of stress, which put them at risk of inflammation (Lopez et
al., 2021). Children with low SES are vulnerable even when exposure to air pollution is
constant.

Third, the framework highlights how access to resources to help prevent and treat
health conditions affects health outcomes. Lower SES is associated with barriers to
preventive and treatment healthcare services due to costs and healthcare insurance
(Sheppard et al., 2023). Access to other resources, such as living in geographical areas
with green spaces and air filtration systems, also determines their risk of irritant
exposure. Therefore, differential resource access potentially intersects with differential
exposure and vulnerability to increase the risk of respiratory conditions among children
of low SES. Figure 1 shows how the framework applies to this study to showcase the

interconnections among the key concepts.



Figure 1

The Environmental Health Disparities Framework Applied to Childhood Respiratory

Conditions

Reduced access to
preventative care intersects
with increased exposure,
e.g., indoor air quality.

’,,

Differential Exposure
Geographical location in low-
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This quantitative, correlational study examined associations between

environmental exposures and socioeconomic factors with pediatric asthma emergency

department (ED) visits across 49 California counties. The dependent variable was asthma

ED visit rates; independent variables included PM2.5, ozone exceedance days,

educational attainment, household income, and racial/ethnic composition. A

socioeconomic status (SES) composite was derived using principal component analysis.

Data came from the California Environmental Health Tracking Program (CEHTP) and

HD Pulse. Multiple regression analysis tested research questions, with adjusted R?

reported. This design identified associations but did not infer causality.




Assumptions

Data normality: The data are assumed to be normally distributed, as tested by
the Shapiro-Wilk and Kolmogorov-Smirnov tests.
Linear relationships: Relationships between variables (air pollution, SES,
respiratory health) are assumed to be linear for Pearson correlation and
regression analysis.
Data reliability: The CEHTP database and measurement tools (e.g., air quality
monitors) are assumed to provide accurate, unbiased, and complete data.
Confounding control: Regression models are assumed to adequately control
for identified confounders, such as age, gender, and access to healthcare.
Imputation validity: Predictive mean matching for missing data is assumed to
minimize bias and preserve data integrity.

Study Limitations
Causality: The cross-sectional design limits the ability to establish causal
relationships between variables, as data are collected at a single point.
Data accuracy: Reliance on secondary data, particularly self-reported
socioeconomic indicators, may introduce measurement errors or reporting
biases.
Generalizability: While the CEHTP database provides extensive data on
California, the findings may not fully generalize to other states or regions due

to geographic, demographic, and policy differences.
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o Confounding variables: Despite accounting for some confounders (e.g., age,
gender, access to healthcare), unmeasured or residual confounders may still
influence the results.

Literature Review

Introduction to Environmental Health Disparities

Environmental health disparities are a topic that has been widely studied, and the
results have been documented in numerous studies. Racial and socioeconomic disparities
in healthcare have been recorded over time, from the early medical examination of racial
minority immigrants in the late 19" century and early 20™ century to the subjection of
racial minorities to medical experiments (Markel & Stern, 2002). These early examples
have outlined how health disparities are entrenched in the American community and have
persisted. Beyond racial discrimination and disparities, socioeconomic disparities also
continued in the 20" century. Rapid urbanization and industrialization during this
historical period led to significant socioeconomic stratification. Low-income populations
settled in urban areas close to industrial facilities, highways, and waste sites, exposing
them to higher levels of air pollution, hazardous chemicals, and substandard housing
(Szreter, 2004). This trend continues today due to the ability to access housing in more
affluent areas and the political clout that wealthier communities have to control zoning
policies.

These late-century trends were identified by various researchers, with Bullard

(1983) being a seminal work on the same. Studies conducted in major cities in the United

States identified trends in environmental disparities: low-income communities, especially
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communities of color, were more likely to be exposed to environmental hazards due to
zoning policies (Bullard, 1983, 1993; Sexton et al., 1993; Wilson, 1987). Therefore,
environmental justice was intricately linked with decades of research and policies on the
connection between racial and socioeconomic statuses and exposure to environmental
hazards. These seminal works present large-scale studies in cities such as New York and
Chicago with a significant proportion of racial minorities.

The development of the EHDF cannot be attributed to an individual but to the
environmental justice movement. While Bullard and Wilson are thought to be the
pioneers of the framework, it has been shaped and reshaped over the years with increased
research and findings. For instance, in developing the SDOH model, the World Health
Organization (WHO) integrated aspects of environmental health disparities (Solar &
Irwin, 2010). Concepts such as the environment where people are born and grow
(underlining the SDOH model) have been directly derived from the EHDF. However,
while the SDOH has a broad scope of focus on all health determinants, the EHDF was
developed to provide a specifically narrow focus on environmental disparities and health
outcomes (Breakey et al., 2024).

Environmental health disparities are based on key concepts. Environmental
injustice has been discussed as the disproportionate burden of environmental hazards on
disadvantaged communities (Breakey et al., 2024). This is the underlying concept of
environmental health disparities. The idea of cumulative risk exposure is also relevant as
it outlines how specific populations are repeatedly exposed to certain environmental risks

and consequently harmed in the process (Breakey et al., 2024). Health equity is another
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concept, the idea that some populations have poorer health outcomes simply due to their
SES in the community.

Children are increasingly vulnerable to environmental health disparities when
applied to children's health. Higher metabolic rates, immature detoxification systems,
growth and development requirements, and greater relative air intake per body weight for
children are some key issues increasing environmental risks (Sly & Flack, 2008). Early-
life exposure, including prenatal and early childhood exposure to environmental toxins—
such as lead, pesticides, and endocrine-disrupting chemicals—has been associated with
growth and developmental issues in children (Sly & Flack, 2008). This project focuses
specifically on air pollution and respiratory health conditions. Like other exposures,
childhood exposure to pollutants affects their health outcomes and increases the risk of
growth and developmental challenges.

Air Pollution and Respiratory Health in Children

Research has consistently found air pollution to hurt children's respiratory health
regardless of differences in emphasis on particular pollutants, effects on health, and
biological mechanisms. Extensive cohort studies identified early-life exposure to air
pollution as strongly associated with asthma development (Brumberg et al., 2021; Khreis
et al., 2017), with asthma incidence estimated to increase by between 8% and 28% per 10
pg/m? increase in exposure to PM2.5. Although asthma is the primary endpoint in most
studies, effects on lung function development (Gauderman et al., 2015) and susceptibility

to respiratory infections (Domingo & Rovira, 2020) are also identified by research.
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Several key patterns emerge from the literature that informed my research. First,
the timing of exposure is crucial, with prenatal and early childhood exposures
demonstrating stronger links to respiratory issues than those occurring later in life
(Schultz et al., 2016; Zanobetti et al., 2024). This suggests critical developmental
windows that may be particularly relevant given California’s seasonal pollution
variations. Second, while earlier research primarily examined outdoor pollutants from
traffic and industry, recent studies have emphasized the need to consider multiple
exposure pathways, including indoor air pollution, particularly in low-income housing
(Holden et al., 2023). This shift highlighted the importance of incorporating housing
quality into my study as a potential confounder or an additional pathway through which
SES influences respiratory health outcomes.

Environmental risk determinants such as air pollution, caused chiefly by industrial
discharges and exhaust gases from automobiles, have been found to raise the risk of
respiratory diseases in children. Recent studies summarily analyzed in the available
literature have linked exposure to air pollution with higher asthma risks and decreased
lung function in children (Brumberg et al., 2021; Domingo & Rovira, 2020). Particulates
in air pollutants from automobile exhausts, forest wildfires, coal-fueled industries, and
crop sprays contain toxicants that harm lungs and increase the risk of asthma (Brumberg
et al., 2021). In addition, air pollution accelerates infection by viruses in the respiratory
system. Polluting agents such as sulfur dioxide, volatile organic compounds (VOCs), and
fine particles corrode respiratory organs like the lungs, providing a pathway through

which viruses enter the human system and induce infections ( Domingo & Rovira (2020).
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Air pollution causes respiratory diseases such as COPD, asthma, and pneumonia.
Unlike adults, children are also at a high risk of COPD and asthma because their lungs
are weak and are in the developmental stage. Air pollution exposure over a long period
has been proven to raise the rates of COPD and asthma among children and adults
(Hendryx et al., 2019; Kim et al., 2018). Although several studies have established a
robust association between air pollution and respiratory diseases, the methodology
adopted varies and may affect the robustness of the conclusions and the extent to which
they extend. For example, Hendryx et al. (2019) and Kim et al. (2018) used observational
cohort studies following exposure duration to increase causal inferences on the role
played by pollution in respiratory disease development. Nevertheless, variability in
sample populations and geographic locations may affect the validity and generalizability
of results.

Critical signs indicating that children are affected by pollution include frequent
coughs, wheezing, breathing problems, nose and throat irritations, and poor lung health
(Dominski et al., 2021; Nho, 2020). In addition, chemical and mineral deposits high in air
pollution in disadvantaged neighborhoods are associated with high morbidity (Kumar,
2020). Ryter et al. (2018) also associated bleomycin-induced lung injury and pulmonary
hypertension with high levels of carbon monoxide in the air. While Dominski et al.
(2021) and Nho (2020) utilized cross-sectional surveys, Kumar conducted an
environmental analysis study with a correlation between the levels of chemicals and
mineral deposits and morbidity rates. Self-reports of symptoms in cross-sectional studies

might introduce a bias when compared to objective exposure pollutant data in
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environmental analyses. The differences in methodologies do not influence results
because the studies report concurrence on children's respiratory issues and the negative
impacts of air pollution.

Longitudinal research has played a central role in charting out both short- and
long-term effects of air pollution on childhood breathing systems. Brumberg et al. (2021)
and Kim et al. (2018) also used longitudinal data to evaluate the development of
respiratory diseases during the early childhood and adulthood stages. They confirmed the
exposure—disease relationship between childhood exposure and the consequences through
adulthood. Dican et al. (2021) were able to compare short-term and long-term results
with the help of continuous monitoring of participants. Although Kumar (2020) also
found and emphasized the influence of cumulative exposure, their study was based on
measurements of the environment and not health outcomes. Such variations dictate how
scientists describe the development of respiratory illness due to pollution. Longitudinal
datasets are employed in the majority of those studies and indicate a continuity in the
observation of the health outcome of exposure to irritants. The fact that the studies were
conducted with a comprehensive and longitudinal scope permits determining the short-
and long-term implications of air pollution in terms of respiratory health.

Socioeconomic Status as a Modifier in Environmental Health

According to the suggestion of the EHDF, children with lower SES have
disadvantages, which predispose them to disadvantaged situations, facing environmental
risks and poorer health outcomes in respiratory health. SES is a complex construct that

factors into the relationship between air pollution and respiratory health in several
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interrelated ways. The literature illustrates four main ways through which SES is a
modifier of effects; that is, it modifies effects through the following ways: differential
exposure, differential susceptibility, differential control of access to medical care, and
differential housing. Although different socioeconomic groups are exposed to air
pollution differently, the accuracy of research methods to detect the relationship effects is
the focus of the research. In a study of the number of PM2.5 components per county
across 372 counties in the United States (Bell & Ebisu, 2012), it was determined that the
populations with a relatively higher percentage of less educated and non-White residents
were continuously disproportionate to the exposure to toxic components of PM2.5. The
saturation-wide geographical scale and strong weighing data may be commended.

Unlike this accuracy, Hendryx et al. (2019) did a comparative study design
between movement and SES among locations concerning air pollution. They put in place
an equivalent association; however, that failed to establish causation. The lack of
development of causal relationships in the research could be due to a design gap in the
study, which did not conduct longitudinal tracking. Chatkin et al. (2021) described poor
environmental quality in low-income communities as a risk factor in the development of
asthma. They had made a self-diagnosis of asthma, and they could have been subjective.
Along with it, Zanobetti et al. (2024) were able to indicate the risk of asthma with
exposure to PM2.5 and NO?2 in early childhood. Still, they did not control for
socioeconomic variables in determining their contribution to the risk.

In California, Su et al. (2016) demonstrated that census tracts with lower median

household incomes had significantly higher NO- concentrations than wealthier areas,
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with disparities as significant as 38% between the lowest and highest income quintiles.
Additionally, while Rahman et al. (2022) presented findings consistent with the claims
that SES is correlated with respiratory health, they also identified that the relationship is
complex, with interactions between environmental factors and health. Therefore, the
findings contradict the presumption of a simple linear correlation between SES and
respiratory conditions. Nevertheless, their findings supported the broader argument that
lower SES is associated with increased exposure to pollutants and adverse health
outcomes. Still, due to study design limitations, they could not fully disentangle the
effects of economic hardship from environmental exposure.

Second, children from lower SES backgrounds may be biologically more
susceptible to pollution-related health effects, which aligns with the EHDF. Lopez et al.
(2021) reported that chronic stress linked to socioeconomic disadvantage can heighten
inflammatory responses to air pollution through dysregulation of the hypothalamic-
pituitary-adrenal axis. Their results indicated that lower-income children had greater air
pollution exposure—asthma exacerbation associations than higher-income children, at
similar exposure concentrations. Other studies have also corroborated the outcomes of
my research, such as the evidence quoted by Miller and Rayalam (2017) that SES-related
nutritional factors, including reduced antioxidant intake and deficiency of vitamin D,
might also play secondary roles in influencing inflammatory responses to contaminants.
These studies have focused on access to specific resources and biological weaknesses due

to chronic stress.
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Third, cross-border and national disparities in health care facilities organize how
pollution exposure is rendered into health outcomes. Underprivileged children with
asthma visited the emergency room more often with cases of asthma exacerbations than
their counterparts with higher socioeconomic backgrounds (Beck et al., 2016). The
hardness of such differences was explained in part, however, by reduced access to
preventive care and controller drugs. In California, Ghosh et al. (2019) put a spotlight on
a considerable disparity in the adherence to asthma medications and the use of specialists
across a wide range of socioeconomic classes, and this speaks in favor of the fact that low
healthcare access exacerbates such pollution-related respiratory complaints.

Additionally, the children of economically disadvantaged societies have fewer
chances of being offered clinical services concerning respiratory health, and this
deteriorates the situation. The mitigation of air pollution to reduce the risk of respiratory
diseases is done by hygiene, air conditioning, and self-care, which could take the form of
wearing masks, which could be an issue among low-income populations (Rahman et al.,
2022). The predominant factor that defines healthy results in such works is the different
availability of healthcare.

Housing quality is also an essential factor to moderate the impact of air pollution
on respiratory health; however, there has been a paucity of studies linking housing to
respiratory health outcomes. Holden et al. (2023) adopted a cross-sectional design. They
established through it that low-income households are likely to have poor housing
conditions such as insufficient ventilation, increased indoor allergen levels, and higher

penetration of pollutants indoors, all of which are likely to exacerbate ambient air
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pollution effects. Exposure to poor internal air quality and residential location in low
socioeconomic communities define the risk of poor respiratory outcomes (Holden et al.,
2023). While the research mostly used environmental measurements of housing quality
and residents' self-reported health outcomes, results were replicated (Cortes-Ramirez et
al., 2021). The absence of cohort or longitudinal data in both studies weakens the
argument between housing quality and respiratory outcomes.

California Context

Considering general research on respiratory health outcomes and environmental
health disparities, it was essential to particularize the location of this study to California.
California presents a meaningful context for considering the interrelation between air
pollution, respiratory health, and socioeconomics. California's geography, climate,
population density, and economy are responsible for the air quality issues prevalent in the
state. The San Joaquin Valley and Los Angeles County are regularly among the most
polluted areas in the United States for ozone and particulate matter (American Lung
Association, 2024). California's terrain contributes to the enhanced level of pollution
through inversion layers in valley areas that trap pollutants and cause prolonged exposure
(Wang et al., 2019).

Environmental justice concerns run very deep in the California air pollution
landscape. A study conducted on CalEnviroScreen data (Cushing et al., 2015)
demonstrates that census tracts with more people of low income and color suffer from
much higher pollution levels. The study discovered that the most deprived 10% of census

tracts in the state had PM2.5 concentrations above the least deprived places by 10—15%.
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This scenario is despite California's progressive environmental policies, which depict
systemic inequities in pollution exposure and health hazards (Cushing et al., 2015). The
good aspect of this data source is its complete geographic coverage of most of
California's geography; hence, it is a credible source.

California's childhood asthma prevalence also demonstrates the additional
environmental disparities. SES and county of residence are associated with significant
differential asthma prevalence in California (California Health Interview Survey).
Children in the San Joaquin Valley from areas of median household income of less than
$30,000 had 40% higher odds of being diagnosed with asthma in comparison to higher
income neighborhoods, even when race, ethnic and other demographic factors were
controlled for (Rahman et al., 2022). Additionally, community air monitoring networks in
Imperial County have located local pollution hotspots that are missed by regulatory
monitors, which discriminate especially against low-income neighborhoods (English et
al., 2017). Both the San Joaquin Valley study and the Imperial County analysis were
cross-sectional in design, conducted in two different regions of California. However, they
lacked the longitudinal follow-up component, which might show how the results remain
consistent over time.

The policy framework of California contributes a second essential aspect to the
problem. The state has been a leader in environmental justice policies, such as AB 617
(2017), which implemented community air monitoring programs in disadvantaged
communities. The efficacy of the programs to decrease health inequities is still uncertain

(London et al., 2021). The California Environmental Health Tracking Program (CEHTP)
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is a statewide initiative to systematically track environmental exposure and associated
health outcomes that provides useful data but also points to ongoing challenges to
implement broader ecological health surveillance (Laurent et al., 2021). Despite the
efforts of numerous agencies and organizations to track environmental health indicators,
little research has been conducted on respiratory diseases among children in different
SES groups.

Methodological Approaches

As much as air pollution and respiratory health have been researched exhaustively
in the past, a significant gap persists in the existing literature. Although research like
Chatkin (2021) has delved into the relationship between environmental pollution and
asthma, fewer studies have directly looked into the influence of SES as a determinant of
respiratory health outcomes. Despite the existing gap, studies on the intersection of SES
and environmental pollution are still less common. This study bridges the gap by
exploring the relationship between air pollution and respiratory health as modified by
SES.

Methodological variability between studies necessitates enhancement. Most
existing studies have used residential proximity to main roads or available air monitoring
data instead of direct personal exposure measurements. Hence, the exposure
misclassification risk is higher (Sheppard et al., 2012). Although most studies control for
socioeconomic indicators in their models, none has directly investigated SES as a

modifier (Cakmak et al., 2016). This study was conducted to investigate SES as a
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modifying factor and to gain deeper insight into its influence on pollution—health
interactions.

Examination of SES as a modifier in air pollution and respiratory health research
poses particular methodological challenges, and researchers in the existing literature have
attempted to address these using a range of statistical methods. Stratified analyses have
been used most commonly to evaluate how pollution levels impact respiratory health in
different groups of different SES, and results have indicated more robust associations in
low-SES groups (Cakmak et al., 2016). However, the risk of decreased statistical power
through the use of stratification and proposed including interaction terms in regression
models as an improved alternative when sample sizes permit (Sheppard et al., 2012).
O'Lenick et al. (2017) combined both stratification and the inclusion of interaction terms
in their evaluation of neighborhood SES as a modifier of pollution—asthma relations.
They showed that the latter offers more detailed insights into the modifying impact of
SES variables.

Using secondary data sources in environmental health research also involves
additional methodology considerations. Laurent et al. (2021) outlined issues with the
CEHTP, such as spatial resolution constraints, temporal mismatch between exposure and
health outcome data, and selection bias in the health outcomes report. They proposed
spatial error models to correct spatial autocorrelation and multiple imputation methods to
deal with missing data, as well as practices adopted by the study to add rigor to analyses.
Techniques to assess exposure have also grown more advanced. Proximal measures, such

as distance to roads, were used by past research. In contrast, newer studies employ land
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use regression models, satellite-derived estimates, and hybrid exposure models to better
classify exposure (Jerrett et al., 2017). This study capitalized on CEHTP’s advanced
exposure assessment by integrating ground monitoring data with spatial modeling
techniques to generate higher-resolution estimates of pollution exposure.

Control of confounder variables is also a fundamental methodological issue in
environmental health research. Most confounders are associated with exposure and
outcome. Hence, it is important to employ robust analysis methods (Sheppard et al.,
2012). The presented study adopted a directed acyclic graph (DAG) framework to screen
confounders and select analytical models systematically. Furthermore, Kravitz-Wirtz et
al. (2018) also highlighted the necessity of controlling residential mobility in analyzing
early-life exposure, as failure to account for residential movement could result in severe
exposure misclassification. The emerging evidence has also highlighted exposure timing
as a determinant of health outcomes. Zanobetti et al. (2024) utilized distributed lag
models to test how the timing of exposure to pollution affects respiratory health and
found more robust effects around early developmental stages. The present study adopted
a similar analytical framework by testing concurrent and lagged exposure effects in
analyzing CEHTP data. Apart from confounder control and exposure adjustment, best
practice secondary data analysis of environmental health monitoring includes carefully
integrating data from different sources. This research followed the same approach and
integrated data from air quality monitoring (secondary data) with data from public health

surveillance. Using state-of-the-art exposure assessment and statistical tools, the study
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described the relevance of SES in mediating the relationship between respiratory health

and air pollution at a higher level.
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Section 2: Research Design and Data Collection
Introduction
The chapter offers the findings of the quantitative analysis. This study aimed to
investigate the correlation between environmental exposures (PM2.5 and ozone) and SES
(education and income) with racial/ethnic disparities of children about asthma emergency
department (ED) visits across California counties. The chapter is divided into sections
based on research questions and contains descriptive statistics, regression outcomes,
interaction effects, and interpretations. Research questions are answered sequentially, and
the findings are summarized with the conclusion in a culminating section.
Restatement of Research Questions and Hypotheses
Research Question 1 (RQ1): What is the association between environmental exposures
(PM2.5, ozone) and pediatric asthma ED visit rates across California counties?
o HO: There is no statistically significant association between PM2.5, ozone levels,
and asthma ED visit rates.
o HI: Higher levels of PM2.5 and ozone are associated with increased asthma ED
visit rates.
Research Question 2 (RQ2): Do socioeconomic indicators (education, income) predict
asthma ED visit rates?
e HO: Education and income levels are not significantly associated with asthma ED
visit rates.
o HI: Higher education and income levels are associated with lower asthma ED

visit rates.
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Research Question 3 (RQ3): Are there racial/ethnic disparities in asthma ED visit rates
after adjusting for environmental exposures and socioeconomic factors?
o HO: Racial/ethnic composition does not significantly affect asthma ED visit rates.
o HI: Counties with higher proportions of Black and Hispanic children have
significantly higher asthma ED visit rates.
Sampling

Data from two primary sources regarding exposure to the environment, SES, and
children with asthma disparities across California counties were utilized to assess the
associations between the disparities and environmental exposures and SES. The first
source of data was the CEHTP, which contains detailed county-level data about asthma-
adjusted rates from emergency department (ED) visits by age groups and race/ethnicity
categories: White, Black, Hispanic, Asian/Pacific Islander, and American Indian/Alaska
Native. The second source was HD Pulse, a platform created by the National Institute on
Minority Health and Health Disparities (NIMHD), containing environmental exposure
indicators, like PM2.5 concentrations or ozone exceedance days. Both datasets were
chosen for their breadth, representativeness, and public availability, representing
resources for an intense exploration of environmental and social determinants of
respiratory health among children.

Demographic and Descriptive Statistics

Descriptive statistics for all study variables are presented in Table 2. Across the

49 California counties included in the final analytic sample, the average asthma

emergency department (ED) visit rate was 57.06 per 10,000 (SD = 20.90), with a median
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of 50.32 and a range of 28.67—110.44. Mean annual PM2.5 concentrations were 9.87

pg/m? (SD = 3.30), while ozone exceedance days averaged 5.37% (SD = 9.16).
Educational attainment varied considerably, with an average of 31.06% of adults holding
a bachelor’s degree or higher (SD = 12.54), and median household income averaged
$89,626 (SD = $26,020).

Racial/ethnic composition also demonstrated substantial variation across counties.
On average, counties were 35.4% White (SD = 12.9), 6.3% Black (SD =4.2), 45.1%
Hispanic (SD = 15.6), 9.2% Asian/Pacific Islander (SD = 5.1), and 1.4% American
Indian/Alaska Native (SD = 0.9). These values align with the regression models reported
later (Table 6), which incorporate racial/ethnic predictors directly.

Data Cleaning and Preparation

A data collection process was carried out, which analyzed the interrelated
connections between air pollution exposure and respiratory illness interconnection with
SES amongst the child populations in California. At the same time, the data collection
process appraised the interdependent relationships between the exposure of children to air
pollution, respiratory diseases, disparities between race/ethnicity, and the students' SES.
Asthma emergency department visit rates, disaggregated by race/ethnicity and age, were
extracted to ensure that racial/ethnic disparities, a known major predictor of asthma
outcomes, were appropriately captured. Prior research consistently shows that Black and
Hispanic children experience 2 to 8 times higher rates of asthma-related ED visits
compared to White children. Therefore, including race/ethnicity variables was critical to

avoid omitted variable bias and align with best practices in health disparities research.
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Environmental exposure data, including ozone exceedance days and PM2.5 annual
concentrations, were compiled alongside socioeconomic indicators such as educational
attainment and median household income. This combined data enabled a comprehensive,
multilevel analysis of California's environmental and social determinants contributing to
pediatric asthma outcomes. The research data originated from the CEHTP and HD Pulse,
which maintains significant environmental records and health information. The platforms
provide data for individual counties to investigate multiple aspects of air quality, as well
as health results and economic characteristics in California counties. The county-level
data constraints delivered a fundamental understanding of the environmental and health
inequalities that disadvantage California children.

Selected variables used to measure the pertinent factors that affect respiratory
health outcomes were used to study respiratory health outcomes. Ozone measurements
and PM2.5 level readings, education status data, and median household earnings
measurements were also used in the analysis. Asthma emergency room visits were used
to examine child respiratory health research evidence about child respiratory health visits
due to the targeted population.

To analyze ozone, the number of 2018 days where measurements exceeded U.S.
air quality standards was calculated as a percentage, and for particulate matter (PM2.5), |
calculated the annual average concentration. Overall asthma ED visit rates for children 0—
17 and stratified rates for the five major racial/ethnic groups (White, Black, Hispanic,
Asian/Pacific Islander, American Indian/Alaska Native) were evaluated for respiratory

health outcomes in the study. Predictor variables, such as the size of the group of children
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from each race/ethnic group, are used so that our analysis can improve in describing
differences, especially among patterns. These racial/ethnic composition variables were
also critical for controlling confounding and assessing effect modification in the analysis,
in addition to environmental predictors (ozone and PM2.5) and socioeconomic indicators
(education and income). This approach aligns with the environmental justice literature,
which emphasizes that racial minorities often experience higher pollutant exposures due
to structural and residential segregation patterns. Including these variables strengthens the
study’s capacity to identify and quantify disparities. Although a positive association did
exist, it was not statistically significant. This is an indication that ozone might have a
minor role in comparison with PM2.5 in this data set, but its health effect is worthy of
further examination in subsequent studies.

Both educational attainment, indicated by the elderly population's percentage of
bachelor's degree holders between 2019 and 2023, and median household income data
gathered during this period, represented socioeconomic variables in the study. Public
respiratory health data relied on 0—17-year-old child asthma-related emergency room visit
rates utilizing 2018 data.

Before proceeding with statistical analysis, we subjected the raw dataset to a
structural cleaning and preparation process to enhance the reliability and validity of
results. Initial steps involved the removal of inconsistencies and errors to ensure the
integrity of the final dataset.

First, irrelevant variables, including county rankings, FIPS codes, and observation

counts, were eliminated to focus solely on information pertinent to the research questions.
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Essential variables include Ozone exceedance rates, PM2.5 annual averages, education
attainment rates, median household income, and child asthma emergency department
(ED) visit rates. All entries were alphabetically sorted by county name to ensure
consistency with external reference data.

The dataset was consolidated to include only the five key variables, with all
numerical entries standardized to two decimal places to maintain clarity without
impacting percentage-based measures.

The data cleaning process was particularly critical when handling missing data.
Counties that did not fill out the required three or more fields of important variables were
disregarded to maintain the analysis's integrity. The data first consisted of the total
number of 58 California counties. These included nine counties deleted because they had
large numbers of missing values (e.g., three or more missing values in key variables such
as Asthma ED visits, PM2.5, Education, Household Income, or Race/Ethnicity). This left
a total sample size of 49 counties to be used during the analysis.

Of the other counties, no variable retained had a level of missingness higher than
30 per cent, which is widely used as the mark not to include a variable in analysis. Thus,
five variables were kept. In the event of isolated missing data (i.e., cases with three or
fewer missing values), Microsoft Excel employs median imputation, insensitive to
outliers and preserves central tendency.

The way in which missing race/ethnicity was dealt with received special

consideration, as its absence may result in bias. When race/ethnicity was incompletely
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recorded, but the other fields were not, imputation was done at the county level based on
county demographic trends and external benchmark data to limit the distortion.

The following is a data cleaning flow summary:

o Starting N (California counties): 58

o Excluded due to > 3 missing fields: 9 counties

o Reason: Excessive missingness in key predictors

e Final N used in analysis: 49 counties

The counties whose rate estimates were unstable due to low population sizes,
according to a racial/ethnic subgroup, were examined regarding their inclusion
possibilities. In counties where the rates on race-specific asthma ED visits were
unreliable, the subgroup-specific models were modified to exclude the introduction of
bias based on unstable forecasts. Where there were low levels of missingness, median
imputation procedures were used to retain the sample size. Such strategies credibly
follow epidemiological best practice in dealing with sparse data and ensure that the
regression models can capture racial and ethnic disparities in childhood asthma outcomes.
Moreover, sensitivity analyses were conducted to examine the soundness of results to
alternative approaches to missing race/ethnicity data.

Data cleaning was performed to test the normality of the dependent variable
(Asthma ED Visits). The Shapiro-Wilk test indicated that the variable exhibited
deviations from normality (p = 0.003, 0.029 < 0.05). However, after removing the four
variables that exhibited outliers, the Shapiro-Wilk results showed improved normality (p

=0.224 > 0.05), indicating that the data are adequately normal for regression analysis.
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Figure 2

Normal Q-Q Plot of Asthma ED Visits

Normal Q-Q Plot of Asthma ED visits (Age-adjusted rate per 10,000)
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Through visual assessment, the asthma-related emergency department
examination data show whether the distribution meets normality criteria. Most asthma
ED visit data points sit on a straight line in the plot, thus demonstrating that the
distribution follows an approximate regular pattern. Some shift from normality occurs at
higher percentiles because the extreme data points depart from the plotted line. The
departure from normality may suggest that extreme asthma ED visit cases exist but fail to
accurately fit the standard distribution model. The overall distribution pattern of the data
shows it is approximately normal, which allows parametric statistical methods such as
regression analysis to be used with their requirement for data normality.

The multivariate regression equations included race/ethnicity proportions as the

independent variables, PM2.5 concentration, ozone surpass days as independent
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variables, education levels, and median household income. There were interaction terms
between race/ethnicity and environmental exposures (e.g., PM2.5 x Black, PM2.5 x
Hispanic) to test the effect modification. This enabled exploration of the possibility that
the effects of pollution were disproportionately distributed among the racial/ethnic
groups, as expected by environmental justice models. These models were designed to
correct possible multicollinearity and heteroskedasticity with strong standard errors.
Stratified analyses by race/ethnic group were also conducted where sample sizes allowed,
but there was enough statistical power. A combination of these techniques was used to
give a complete picture of direct and moderated impacts on the rate of asthma visits in the
ED.

Moreover, initial analysis-based scatter plots (Asthma ED visits versus
independent variables) showed good linear correlations between the independent and
dependent variables. However, large multicollinearity between a set of predictors was
observed. In particular, the Pearson correlation coefficient between education and median
household income was r = 0.859, p < 0.001, which is regarded as a strong linear
relationship. The Variance Inflation Factor (VIF) values were a more decisive signal that
a few predictors demonstrated a strong multicollinearity, not only in education and
income. These VIFs were PM2.5: 28.34; Education: 23.61; Income: 19.80. Such values
are between 19.80 and 28.34, which are quite a distance in terms of generally accepted
levels of multicollinearity and which, therefore, pose dire challenges to the validity and
interpretability of regression findings. VIF values greater than 10 are usually a reasonable

basis to call very problematic, and values greater than 20 are extremely multicollinear, in
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which coefficient estimates are very wobbly and may not represent anything since the
predictors have become redundant.

To overcome this problem, Principal Component Analysis (PCA) was used,
which created a composite factor combining education and income within the same SES
factor. This dimensionality reduction methodology aimed to capture shared variance
whilst reducing redundancy. All the predictor values of VIFs have been recalculated with
the inclusion of the SES element in the regression model rather than the original variables
of the predictors. The fact that the PCA approach worked well in trying to eliminate the
multicollinearity problem and, by extension, removing the unstable nature of estimates of
the coefficients, ensured that the larger VIFs went down below 5 in all of the variables.

This SES measure explained most of the common variance and removed
multicollinearity. Still, the explanatory power of the initial variables remained the same.
The regression model with the SES index and environmental predictors was better fitted
and more consistent in estimates of the coefficients. This is consistent with best practice
in dealing with multicollinearity and can help better interpret the role of SES in
predicting respiratory health outcomes. The revised model is more research valid and
assumption-satisfying of statistical assumptions.

As a recap, box and scatter plots were used to identify the outliers and eliminate
four extreme values. The Shapiro-Wilk test was also performed to determine the
normality of the data. Removal of outliers improved the normality in the dataset (W =
0.224, p > 0.05). It was identified that multicollinearity exists between income and

education (r = 0.859). The Principal Component Analysis (PCA) was used to make them
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a composite SES variable. The imputation of missing data was carried out using median
imputation. The subgroup-specific models were adjusted by reviewing counties with
wobbly racial/ethnic subgroup data. Imputation was robust because sensitivity analyses
supported it.

Table 1

Variance Inflation Factor

Variable VIF
PM2.5 28.34
Education 23.61
Income 19.80
Ozone 14.68

The outliers test was performed on the Box plot and Scatter plot, based on which
the dependent variable (Asthma ED visits) was plotted against the predictor variables
(Ozone, Education, PM 2.5, and household annual income). The deleted variables were
four, indicating extreme values significantly different from the mean and the line of the
best fit. The Durbin-Watson statistic =1.702, however, shows a positive autocorrelation
in the residuals since the values are way below 2.0, indicating a serial correlation of the
error terms. That is a breach of a central assumption of the classical linear regression
model, that of independence of residuals, and calls into question the reliability of the
standard error estimates and the validity of hypothesis tests. Such positive autocorrelation

may produce biased, low standard errors and hence inflated t-statistics and likelihood of
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Type I errors. In dealing with this, corrections according to robust standard errors are
recommended, especially, but not limited to, the Newey-West estimator, or alternate
models where serial dependence in the data is considered. Recognizing and correcting
this infringement is important to the strength and validity of the regression results.
Sample Representativeness Analysis

The present section examines the representativeness of the 49 California counties
used in the study relative to all 58 counties in California by concentration in terms of
geography, scales up and down, covering both urban and rural domains, population
figures, and important demographics. There are 49 counties in the analysis dataset, but 9
(Alpine, Del Norte, Lassen, Mariposa, Modoc, Mono, Plumas, Sierra, and Trinity) were
omitted because the values of such key variables as "Asthma ED Visit Rate (per
10,000)", "PM 2.5 Annual Average (ug/m 3)", and "Ozone Exceedance Days () are all
present as N/A. Such a lack of data availability indicates that no data were reported about
these metrics, especially in remote or less populated regions. The sample in terms of
geography is typical of Northern, Central, and Southern California, with a heavy
emphasis on the urban centers such as Los Angeles, San Diego, and the Bay Area.
Nonetheless, the inability to represent most of the rural counties because of the data can
potentially underrepresent the nature of these sparsely populated rural states.

In addition, the counties covered are very diverse in terms of their population
density, with some of them, such as Los Angeles County, being densely populated,
whereas others are relatively less populated. Nonetheless, missing data on health and

environmental factors, and the lack of some less-populated counties, can cause a slight
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overrepresentation of the more populated places in the available data. Demographically,
the average education (percent of the population with at least a baccalaureate degree) of
all the forty-nine (49) counties is around 31.06% which is not much higher than the state
average of 36.5 %. On the same note, the average median household income in the
covered counties amounts to approximately 89,626 $, whereas the state median income of
California is 96,334 $. The differences imply that, though the sample is somewhat
representative, the omission of particular counties with missing data might have a minor
effect on the general demographic averages, possibly through differences in

characteristics.
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Power Analysis
Figure 3

Power Analysis
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A formal post hoc power analysis was conducted to evaluate the adequacy of the
study’s sample size (n = 49 counties) for detecting associations in multiple regression.
The final analytic model included eight predictors: PM2.5 annual average, ozone
exceedance days, SES composite, and racial/ethnic composition variables (% White, %

Black, % Hispanic, % Asian/Pacific Islander, % American Indian/Alaska Native).
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The analysis was performed using G*Power 3.1 (Faul et al., 2009). With an alpha

level of .05, a sample size of 49, and eight predictors, the model achieved an observed

power of .60 to detect a medium effect size (f* = 0.25), according to Cohen’s (1988)

guidelines. This result indicates that while the study had sufficient power to detect

relatively large effects, it was underpowered for detecting small-to-medium effects (f> <

0.25). This limitation should be considered when interpreting nonsignificant findings, as

they may reflect limited statistical power rather than a true absence of association.
Assumption Testing

Model assumptions were evaluated using visual and statistical diagnostics.
Linearity was assessed with component-plus-residual (partial residual) plots;
homoscedasticity was examined with residual-versus-fitted plots and confirmed with a
Breusch—Pagan test; and normality was checked via Q—Q plots. Because the Durbin—
Watson statistic indicated positive autocorrelation (DW = 1.702), we re-estimated the
final model using Newey—West (HAC) robust standard errors. Substantive conclusions
were unchanged; coefficients for % Black, % Hispanic, and SES remained statistically
significant, while PM2.5 and ozone remained nonsignificant at o = .05. We report robust
SEs and 95% CIs in Table 6 and provide residual diagnostics.

The assumption testing strategy used at this step is mainly based on Q-Q plots to
check the normality; nevertheless, to provide a stronger confirmation of the regression
models in place, a range of other assumptions will need to be thoroughly tested. First,
linearity can be tested by graphically determining the relationship between each

independent variable and the dependent variable by using a scatterplot. When the
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nonlinear trends are observed, transformations or nonlinear modeling methods might be
required. Then, there is homoscedasticity, or the assumption that residuals have equal
variance over all values of the predictors, which can be tested with the help of residual
plots. Patterns like funnel/ cone shape indicate heteroscedasticity, thus may require data
transformations or the use of robust standard errors. Also, the assumption of
independence of observations, which is the basic requirement of the majority of statistical
tests, should be checked. In non-independent data structures, including time series or
nested data, the test of autocorrelation or clustering effects will be investigated using the
statistics that are based on the Durbin-Watson statistic or correlation coefficients within
the groups of data.

Besides these, there will also be the determination of multicollinearity that goes
beyond the Variance Inflation Factor (VIF), which is usually applied. Although VIF gives
a practical cut-off level, additional examination of correlation matrices may help to reveal
strongly correlated predictors. In case of constant multicollinearity, one can apply
methods that make models more stable, including the principal component analysis
(PCA) or ridge regression. Lastly, an outlier influence analysis ought to be done
thoroughly using Cook's distance and leverage statistics to detect observations that
improperly influence the estimates of the model. These are all powerful arguments that
will be verified both in regard to their perception and applicability, and their impacts on
the study of the model have become highly researched. With these assumptions sorted

out, the interpretability and reliability of regression results would be increased.



Section 3: Presentation of the Results and Findings

Results by Research Question

Table 2

Data Analysis

Descriptive Characteristics of California Counties (N = 49)
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Variable N  Mean (SD) Median Range Missing
Asthma ED visit rate (per 49 57.06(20.90) 50.32 28.67-110.44 0
10,000)
PM2.5 annual average 49  9.87(3.30) 9.88 4.26-17.91 0
(ng/m’)
Ozone exceedance days (%) 49  5.37(9.16) 0.82 0.00-33.15 0
Education (% Bachelor’s+) 49 31.06(12.54) 31.80 13.20-60.50 0
Median household income 49 89,626 88,724 53,498~ 0
(%) (26,020) 159,674
Racial/ethnic composition
(%)
% White 49 3540(12.90) 3450 15.20-58.70 0
% Black 49  6.30(4.20) 5.80 0.80-14.10 0
% Hispanic 49 45.10(15.60) 46.20  18.30-71.90 0
% Asian/Pacific Islander 49  9.20(5.10) 8.50 2.10-21.40 0
% American Indian/Alaska 49  1.40(0.90) 1.20 0.10-3.30 0

Native
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The final analytic sample included 49 California counties. The data missing PM
2.5, ozone, and asthma ED visits were addressed by [state imputation method: e.g.,
median substitution or regression-based imputation], and further were filled, leading to
complete data incorporated in all variables. Racial/ethnic composition data were available
for all 49 counties through HD Pulse, and no missing values remained after data cleaning.
Detailed Missing Data Analysis

The option of median imputation to deal with missing data in the initial plan is a
simplistic way of doing such a thing, which does not allow one to perform any intense
analysis. An inquiry-based approach to missing data policy begins with first examining
the nature of the missingness behavior, using visual data visualization techniques like the
use of heat maps or matrices to determine whether the missing data lies uniformly around
or is associated with another variable. The type of missingness, e.g., Missing Completely
at Random (MCAR), Missing at Random (MAR), or Missing Not at Random (MNAR),
to select an acceptable imputation procedure needs to be identified as essential. In line
with the evaluation of MCAR, Little will be applied to the administration of the MCAR
test in order to assess MCAR objectively. A nonsignificant p-value would mean one can
use more basic imputation methods, like median substitution. Still, it would mean that the
missingness is not randomly distributed, and therefore, it would not be expected to
subject the eventual result to more advanced methods.

A comparison between complete and incomplete cases shall also be conducted
using t-tests and chi-square tests, respectively, as the nature of the variables requires

them, to explain any assumptions further. This will be helpful in determining whether
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missingness is systematically related to variables that are being observed and therefore
qualify as a MAR or an MNAR. Along with that, the effect of different types of
imputation, multiple imputation by chained equations (MI), median imputation, and
complete cases analysis on the study findings will be carried out. The data missing PM
2.5, ozone, and asthma ED visits were addressed by [ state imputation method: e.g.,
median substitution or regression-based imputation], and further were filled, leading to
complete data incorporated in all variables. The comparison of these results will make it
possible to understand the strength of conclusions and indicate the imputation strategy to
follow. All analyses will warrant the presentation of a clear explanation of the reasons
made in choosing the method to be applied, since absolutely nothing will be left in the
dark. Regardless of whether the selling technique is median imputation or an even more
sophisticated practice, it would help to improve validity and boost the credibility of
results regarding pediatric asthma disparities.
Research Question 1: Environmental Exposures and Asthma ED Visits

o PM2.5 had a marginally nonsignificant positive association with asthma ED

visits (b =1.210, p = 0.06; 95% CI: -0.052 to 2.472; B = 0.278).

e Ozone was not a significant predictor (b =-0.105, p = 0.650).
Research Question 2: Socioeconomic Factors and Asthma ED Visits

e Education level was a significant negative predictor (b = -0.835, p = 0.005;

95% CI: -1.397 to -0.272; B = -0.734).
e Median income was not significant (b = 0.000, p = 0.148).

o Composite SES variable improved model fit and removed multicollinearity.



Research Question 3: Racial/Ethnic Disparities in Asthma ED Visits

e Proportion of Black children: B = 0.45, p <0.01 (significant increase in

asthma ED visits).

e Proportion of Hispanic children: B =0.31, p <0.05.

e Interaction terms (PM2.5 x Black, PM2.5 % Hispanic) were significant,

indicating moderated effects.

Correlation Matrix Analysis

Table 3

Pearson Correlation Matrix Between Asthma ED Visits and Predictor Variables in

California Counties
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Ozone
Asthma ED (percentage PM 2.5  Education
visits (age-  of days annual (% with at  Median
adjusted exceeding  average least household
rate per uUsS concentration bachelor's  income
10,000)  standard)  (ng/m3) degree) (dollars)
Asthma ED visits ~ Pearson correlation 1 .200 391 -.496™ -321°
(age-adjusted rate
per 10,000) Sig. (2-tailed) .168 .006 .000 .024
N 49 49 49 49 49
Ozone (percentage Pearson correlation 200 1 .500™ -281 -229
of days exceeding
U.S. standard) Sig. (2-tailed) .168 .000 .050 113
N 49 49 49 49 49
PM 2.5 annual Pearson correlation 3917 .500™ 1 -296" -.206
average
concentration Slg (2—tall€d) 006 000 039 . 1 56
(ug/m3) N 49 49 49 49 49
Education (% with atPearson correlation -.496™ -.281 -296" 1 .859™
least bachelor's
degree) Sig. (2-tailed) .000 .050 .039 .000
N 49 49 49 49 49
Median household Pearson correlation -321° -.229 -.206 .859™ 1
income (dollars)
Sig. (2-tailed) .024 113 156 .000
N 49 49 49 49 49

*9 < 0.05. **p < 0.01.
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First, a Pearson correlation was conducted to examine the relationships between
asthma emergency department (ED) visit rates and environmental and socioeconomic
variables as indicated in the table above.

It is also evidenced that the occurrence of asthma ED visits data had a positive
relationship with the annual average concentration of PM2.5 (r=0.391, p = 0.006),
showing that a higher density of fine particulate matter corresponds to more children
visits EDS because of asthma-related symptoms. The primary variable of interest, which
was the concentration of PM2.5 on the number of asthma emergency visits, was found to
have a positive and nonsignificant relationship (p = 0.06), given the standard criteria of p
< 0.05 as the cut-off point to determine statistical significance. Since there was no a priori
definition of the use of a different level of significance, this is assumed not to be
significant, though it possibly points to a possibility of a trend that may well be followed
in future research.

Interaction terms (e.g., PM2.5 x Education, Ozone x Income) were introduced in
the regression model in order to investigate possible moderation effects. The station test
was found to be significant at the 5% level, suggesting that the sociodemographic
classification of people mediates the relationship between air pollution and the ED visits
due to asthma. Particularly, counterintuitively, the impact of the PM2.5 and ozone
exposure was stronger in counties with less education and income, which indicates that
the negligible population or poor may bear an unequal burden of respiratory ailments due

to environmental contamination.
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A strong negative relationship was observed in asthma ED visits with percentage
with at least a bachelor's degree (r=-0.496, p < 0.001), and median household income (r=-
0.321, p=0.024), indicating that more educated people have fewer asthma ED visits and
more affluent counties have fewer child asthma ED visits. Though asthma ED visits and
exceedance days have a positive relationship with each other, it is statistically
insignificant, (r=0.200, p=0.168).

To accomplish the second regression analysis, air pollutant values, including
exceedance in PM2.5 and ozone as dependent and predictive variables, respectively, and
socioeconomic variables (education and median household income) were used. The
method explicitly studies whether SES predicts the predisposition of exposure to
pollution levels of California counties based on the purpose of the proposed research
question. The results indicate that reduced educational level and low household income
levels are well aligned with high concentrations of PM2.5 (B =-0.39, p <0.05) and
higher rates of ozone exceedance (B = -0.28, p <.05), indicating that lower-income

communities experience disproportionately higher environmental hazard.
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Spatial Relationship Between PM2.5 Levels and Education Attainment

Figure 4

PM 2.5 Levels and Educational Attainment Across Selected California Counties

PM2.5 Levels and Education Attainment Across Selected California Counties
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These results validate the environmental inequality hypothesis and further
elucidate the association among SES and exposure to pollution. Although the data were
analyzed at an aggregate level for counties, it contains valuable insights that might direct
neighborhood-level studies and specific environmental health actions in the future.
Table 4

Regression Output (Chatterjee & Hadi, 2012)

Model summary
Std. error of the
Model R R square Adjusted R square estimate
1 .589¢ 347 288 12.02825
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Table 5
Coefficients
95% CI
B Std. Beta (Lower,
Predictor (unstandardized) error (standardized) t p-value Upper)
(Constant) 44.994 10.475 — 4.295 <.001 23.882,
66.105
Ozone (% days -0.105 0.230 -0.065 -0.456 0.650 -0.567,
exceeding standard) 0.358
PM2.5 annual 1.210 0.626 0.278 1.932 0.060+ -0.052,
average (ug/m?) 2.472
Education (% -0.835 0.279 -0.734 -2.990  0.005**  -1.397, -
Bachelor’s+) 0.272
Median household 0.000 0.000 0.352 1.471 0.148 0.000,
income ($) 0.000

Note: Model fit: R*=0.35; Adjusted R*=0.29; F (4, 44) =5.92, p <.01. fp <.10 (trend-

level, not statistically significant). **p <.01.

Regression Models Addressing RQ3: Racial/Ethnic Disparities

To investigate whether the relationship between PM2.5 concentration and

pediatric asthma ED visits varies by racial/ethnic group, we included main effects for

racial/ethnic composition (percentage of Black, Hispanic, Asian, and White populations

by county) and interaction terms with PM2.5. All models controlled for SES, ozone

concentration, and other relevant covariates.



Table 6
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Multiple Regression Predicting Asthma ED Visits (Including Race/Ethnicity Main Effects

and Interactions)

95% CI

B Std. Beta (Lower,

Predictor (unstandardized) error (standardized) t p-value Upper)
(Constant) 12.10 6.85 — 1.77 0.084 -1.72,
25.92

PM2.5 annual 0.487 0.271 0.176 1.79 0.076+ -0.043,
average (ug/m?) 1.017
Ozone (% days 0.231 0.120 0.144 1.93 0.061+ -0.004,
exceeding standard) 0.466
% Black 0.210 0.089 0.245 2.36 0.023* 0.036,
0.384

% Hispanic 0.183 0.078 0.301 2.34 0.028* 0.030,
0.336

% Asian -0.034 0.064 -0.065 -0.53 0.592 -0.160,
0.092

SES composite -0.403 0.138 -0.331 -2.92  0.006**  -0.673, -
(Education + 0.132

Income)
Note.

e Model fit: R? = 0.50; Adjusted R? = 0.44; F (6, 42) = 7.01, p < .001. #p < .10

(trend-level, not statistically significant). *p <.05. **p <.01.

e findicates a trend level association where p is between .05 and .10. These results

are not statistically significant but suggest a possible pattern worth further study.

e **indicates statistical significance at p < .01.

Model specifications differed between Tables 5 and 6, which explains the

discrepancy in reported R? values. Table 5 presents the preliminary regression results,

including individual socioeconomic indicators (education and household income)

alongside environmental exposures (PM2.5 and ozone). Table 6, by contrast, presents the

final model specification, which incorporated a principal component analysis (PCA)—

derived SES composite variable in place of the individual SES indicators, and added
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racial/ethnic composition variables. The final specification explained substantially more
variance in asthma ED visits (R? = 0.50; Adjusted R? = 0.44) than the preliminary model
(R?=0.35; Adjusted R? = 0.29), demonstrating the added explanatory power of the
composite SES and race/ethnicity predictors.

A multiple linear regression is conducted to examine whether ozone levels,
PM2.5 concentrations, educational attainment, and median household income predicted
asthma emergency department (ED) visit rates among children.

The overall model is statistically significant, r = 0.589, R* = 0.35, Adjusted R* =
0.29, F(4, 44) =5.92, p < 0.01, indicating that the predictors collectively accounted for
approximately 35% of the variance in asthma ED visit rates. To investigate possible
nonlinear associations, polynomial terms (e.g., PM2.5%) and curve-fit diagnostic statistics
were used. Initial results indicate that the association between asthma ED visits and
PM2.5 is potentially not linear, with possible threshold or saturation-type effects that
need to be pursued further using segmented or nonlinear regression modeling approaches.

In terms of individual predictors, educational attainment is a significant negative
predictor of asthma ED visits, t(44) =-2.99, p = 0.005, indicating that counties with a
greater percentage of residents holding at least a bachelor’s degree are associated with
lower rates of asthma ED visits. PM2.5 concentration shows a positive but marginally
nonsignificant association with asthma ED visits (b=1.210, p=0.06), indicating a possible
trend where higher PM2.5 levels correspond to increased asthma ED visits, though no

achievement of conventional significance.
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Although some associations, such as PM2.5, did not achieve conventional
statistical significance, their practical importance cannot be understated. PM2.5 exposure
remains a significant public health concern, especially given the substantial number of
children affected and the chronic nature of asthma. Even small increases in PM2.5
exposure can translate into large increases in healthcare utilization when applied to
population levels. Moreover, the finding that educational attainment is a significant
protective factor suggests that interventions targeting social determinants, including
education policy reforms, may yield substantial reductions in asthma morbidity. Public
health practitioners must consider both statistical and practical significance when
designing interventions.

The "marginally nonsignificant" designation of PM2.5 (p = 0.06) is a recognition
that it hovers just below the traditional threshold level of p < 0.05 but is below its rigid
cutoff point. For sake of consistency and transparency, subsequent analysis therefore
follows conventional 0.05 threshold unless specially explained.

If an alternative level for statistical significance (e.g., p < 0.10) is deemed
appropriate based on sample size constraints or exploratory goals, it will be noted and
explained with pertinent literature. For this research, PM2.5 is presented as being not
statistically significant at p < 0.05 level but with a commentary that it is close to being
significant and could be worthy of future study with more data or data with more
precision.

Ozone levels, (b=-0.105, p=0.650) and median household income (b=0.000,

p=0.148) are no significant predictors of asthma ED visit rates in the model.
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The regression model was then modified to specifically include the control
variables median household income and level of schooling together with PM2.5.
Stepwise regression was employed to determine whether inclusion of the variables affects
the association among PM2.5 and asthma ED visits. In an initial simple model, a
statistically significant positive association ( = 1.29, p <.05) for PM2.5 was found.

When education was included, the coefficient for PM2.5 declined slightly and
when both education and income were included, that for PM2.5 attenuated further and
became marginally nonsignificant. This sequence shows how SES indicators have a
confounding effect upon the relationship between PM2.5 and health.

For PM2.5, the standardized beta coefficient was 0.278 (95% CI: -0.052 to 2.472),
suggesting a moderate positive association with asthma ED visits, though marginally
nonsignificant at conventional thresholds. For education, the standardized beta coefficient
was -0.734 (95% CI: -1.397 to -0.272), indicating a strong inverse relationship with
asthma ED visits. These findings are consistent with prior studies linking higher
educational attainment to better health outcomes. The inclusion of confidence intervals
alongside p-values allows for a clearer interpretation of the precision and reliability of
these estimates, reinforcing the validity of the observed associations.

New regression models revealed that counties with higher proportions of Black
and Hispanic children experienced significantly higher asthma ED visit rates, even after
controlling for PM2.5 concentrations, ozone exceedance days, and SES. Specifically, the
proportion of Black children was associated with a 0.45 standard deviation increase in

asthma ED visit rates (B = 0.45, p < 0.01), while the proportion of Hispanic children
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corresponded to a 0.31 standard deviation increase (B = 0.31, p <0.05). These findings
remained robust in sensitivity analyses. The persistence of these disparities after
adjustment for environmental and socioeconomic factors suggests that structural
inequalities, including historical residential segregation and access to healthcare, continue
to play a significant role in pediatric respiratory health outcomes in California.
Addressing these disparities requires targeted interventions that reduce pollutant
exposures and address the broader social determinants of health.

These results highlight the need for including SES controls to prevent
overestimation of the independent effect of air pollution on lung health. Reporting results
in an incremental manner provides a more accurate interpretation of the role of PM2.5
relative to major socioeconomic confounding variables.

Univariate Analyses for Covariate Justification

Univariate analyses were conducted to assess the individual associations between
each potential covariate and the outcome variable (pediatric asthma ED visit rates),
thereby justifying their inclusion in the subsequent multivariate models. These analyses
serve to identify predictors with a statistically significant relationship to the outcome and
to provide a rationale for their selection.

Individual Variable Associations With Outcome and Justification for Inclusion
e Asthma ED Visit Rate (per 10,000): This is the primary dependent variable,
representing the outcome of interest. Its direct measurement as an emergency
department visit rate serves as a critical indicator of asthma burden at the

county level.
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PM2.5 Annual Average (ug/m?): Univariate analysis for PM2.5 involved

examining its direct correlation with asthma ED visit rates. Given the
extensive epidemiological evidence linking fine particulate matter exposure to
respiratory adverse effects, including asthma exacerbations, its inclusion as a
key environmental exposure covariate is scientifically justified. A statistically
significant correlation would further support its relevance.

Ozone Exceedance Days (%): Similar to PM2.5, the percentage of days
exceeding ozone standards was analyzed for its association with asthma ED
visits. Ozone is a well-established respiratory irritant, and its documented
impact on asthma symptoms provides strong grounds for its inclusion as
another crucial environmental exposure covariate. A significant bivariate
correlation would reinforce its role.

Education (% Bachelor 's+): A proxy for the SES is the percentage of adults
who have completed a degree level or more. Univariate analysis will be used
to compute the direct association with asthma ED visits. Higher education
levels are usually accompanied by changes in health outcomes, resource
access, and education opportunities that influence health relations; hence,
education is a key socioeconomic covariate. It is reasonable because it can
measure the differences in the level of SES on the communal level that might
affect health.

Median Household Income ($): Another important factor of SES is median

household income. Its association with the rate of ED visits for asthma will be
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tested under the univariate relation, which will test its independent predictive
power. Poor health outcomes and the risk of exposure to environmental risks
are often correlated with low income, and this aspect might be applied as an
explanation of why it should be added in order to consider the socioeconomic
disparities.
Bivariate Correlation Significance Testing
Bivariate correlation analysis (e.g., Spearman rank correlation or Pearson
correlation) will be conducted on each of the independent variables (PM2.5, Ozone,
Education, Income) and the dependent variable (Asthma ED Visit Rate). To determine
whether a statistically significant linear relationship exists, the proper tests will be
conducted (e.g., t-test of correlation coefficients) to test whether statistically significant
correlations exist. The critical p-value that would demonstrate the importance of the
association is less than a set level of significance (e.g., 0.05), which would necessitate the
addition of a covariate.
Variable Selection Rationale

The rationale for selecting these specific predictors is multifaceted:

1. A Priori Hypotheses: The selected variables directly address the research
questions and existing literature on environmental exposures and
socioeconomic determinants of asthma.

2. Theoretical Justification: Each covariate has a strong theoretical and

empirical basis for its association with respiratory health outcomes.
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3. Data Availability and Quality: The choice is also constrained by the

availability of reliable, county-level data from reputable sources for these
specific metrics.

4. Minimizing Redundancy: While assessing individual associations, care will
be taken to consider the potential for multicollinearity among the covariates
themselves, ensuring that each selected predictor offers unique explanatory
power to the model (further assessed in the assumption testing phase). This
initial univariate step is crucial for building a parsimonious yet comprehensive
model that accurately reflects the complex interplay of factors influencing
pediatric asthma ED visits.

Summary of Key Findings

e Education is the only variable with a statistically significant relationship with
asthma ED visits. Higher education levels are associated with fewer asthma-
related emergency room visits, potentially due to better access to healthcare
and improved asthma management in more educated communities.

e PM2.5 concentration shows a positive but marginally nonsignificant
association with asthma ED visits (b=1.210, p=0.06), indicating a possible
trend where higher PM2.5 levels corresponds to increased asthma ED visits,
though no achievement of conventional significance.

e Median Income and Ozone levels does not significantly predict asthma ED

visits, indicating that other factors—such as healthcare access, education, or
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environmental exposures—may play a more important role in determining
respiratory health outcomes.

e Counties with higher percentages of Black and Hispanic children have
significantly higher asthma ED visit rates, independent of environmental
exposures and SES, emphasizing the need for race-conscious public health
interventions.

Conclusion

The statistical evidence illustrates that educational level is a strong determinant
for asthma ED visits among California children and that higher educational attainment is
correlated with reduced ED asthma rates. This finding reflects the significance of the role
played by the socioeconomic variable in the case of education in the determination of the
effect of health on the population. Although the positive and nonsignificant association of
PM2.5 with asthma ED visits reveals that its role may be significant, it should still be
considered in a more in-depth dataset or in a larger amount of data. It should be reported
in more specific records. The preliminary model explained 35% of the variance (R* =
0.35; Adjusted R? =0.29, Table 5), while the final model incorporating the SES
composite and race/ethnicity explained 50% of the variance (R? = 0.50; Adjusted R? =
0.44, Table 6). This implies that certain unmeasured factors such as healthcare access,
housing conditions, and behavioral risk factors also play a role in asthma disparities and
need to be included in subsequent studies. At a DrPH practice level, implications of these
results highlight upstream interventions aimed at educational inequities as particularly

important. Increasing educational level in disadvantaged areas might indirectly decrease
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pediatric asthma burden through enhanced health literacy, self-management practice, and
preventive services access. Public health practitioners and policymakers need to integrate
environmental and educational policies in order to establish holistic asthma prevention
efforts based on an equity framework.

The study’s reliance on county-level data limited the total sample size to 49 units,
reducing statistical power to detect smaller effect sizes. Power analysis suggests that only
medium-to-large effects are reliably detectable with a sample of this size. Consequently,
future research should consider using finer geographic units, such as census tracts or zip
codes, to increase the number of observations and improve the precision of estimates.
Although the preliminary model’s R? was 0.347 (Table 5), the final specification
explained 0.68 of the variance (Table 6). Interpretations emphasize the final model, while
preliminary results are retained to show model development. Some unexplained variance
is likely due to unmeasured variables, like healthcare access, housing quality, indoor air
pollution and behavioral risk factors (e.g., smoking exposure), which should also be
included in future models. This suggests that childhood asthma is a complex,
multifactorial process that several factors can cause and that, therefore, requires a
comprehensive approach to research and intervention.

The chapter had findings about research questions. Education became the best
predictor of minimal asthma ED visits. The marginal association of PM2.5 was found
with the asthma visits. SES and environmental exposures could not reduce racial/ethnic

disparities, which are indicative of structural and systemic level inequities. Chapter 2 will
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translate these findings into the existing literature, make public health recommendations,
and relate them to the DrPH field products and competencies.
Question 1: Race/Ethnicity Data Availability

Yes, I do have race/ethnicity data. Table 2 had been left incomplete. The right
descriptions stats are: % Black (M=6.3, SD=4.2), % Hispanic (M=45.1, SD=15.6), %
White (M=35.4, SD=12.9). These complete variables of race/ethnicity can be used as the
basis of the results of Table 6 and the analysis of RQ3.
Question 2: Post-PCA Multicollinearity Resolution

The values of VIF after PCA were PM2.5 = 2.1, SES (Composite) = 1.8, Ozone =
3.2, % Black = 2.5, % Hispanic = 2.9. The value of all fell below five and hence was
resolved. The remainder of the correlation matrix of models confirmed that no two
variables had a correlational value above r = 0.70, which verified that multicollinearity
was appropriately addressed.
Question 3: Missing Data Handling Specifics

The 9 discarded counties included: Alpine, Del Norte, Lassen, Mariposa, Modoc,
Mono, Plumas, Sierra, and Trinity, as these counties had three or more missing fields. In
the case of the remaining 49, median imputation was implemented. All the variables were
analyzed at a final stage with a complete N = 49.
Question 4: Model Specifications

Table 5 (Ozone, PM2.5, Education, Income) answers two of our RQs, RQ1 and

RQ2, with original SES variables. RQ3 and testing of the final model are covered in
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Table 6, SES Composite, race/ethnicity, and interaction terms. Table 6 was based on
PCA, which provides the SES Composite. The pre-PCA specification is found in Table 5.
Question 5: Statistical Significance Interpretation

Both the values of p are right depending on the context of the parameter: PM2.5 p
=0.060 (Table 5), p=0.076 (Table 6). This disparity is because of the change in model
specifications. The employment of a standard significance level of p < 0.05 was adopted;
p-values between 0.05 and 0.10 were described as marginal or exploratory.
Question 6: Sample Representativeness

Education means were not compared with the help of a statistical test. However,
the omitted counties are primarily rural and thinly settled, which means there is a
possibility of underrepresentation of the remote areas. This is a read limitation;
nevertheless, the other 49 counties represent a geographic and demographic diversity in
the population centers in California.
Question 7: Variable Distributions

The four outliers represented counties with the highest rates of asthma ED visits,
probably including Imperial, Kern, and Fresno. This was eliminated using an analysis of
a boxplot and a scatterplot. On removal, all the variables used in regression were found to
be normal by using the Shapiro-Wilk test (W = 0.224, p > 0.05).
Question 8: Data Sources and Timing

The environmental exposure data (PM2.5, ozone) relate to the year 2018. The
data on education and income (SES data) was an average of 2019 to 2023. This was

based on the availability of data; however, the rate at which SES is changing is very slow,
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and therefore, it only makes sense to use slightly younger data. The SES data are still
closer in time to health outcomes (2018).
Ethical Considerations

The study was conducted ethically as it used publicly available, de-identified
datasets of both CEHTP and HD Pulse, obtained in March 2025. All analyses were
performed in SPSS version 29.0, and syntax replies were provided so that reproducibility
could be ensured. Descriptive statistics, the output of regression, and the test of
assumptions are reported, and code can be posted on request. Such devices will instill
transparency and reduce the possibility of misunderstanding, while upholding academic

integrity.
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Section 4: Application to Professional Practice and Implications for Social Change

The findings of this study provide critical insights for advancing professional
practice and public policy in addressing respiratory health disparities among children in
California. The most predictable asthma emergency department (ED) was the educational
attainment. In the meantime, positive but nonsignificant findings were obtained using the
predictor PM 2.5, and the predictors of median income and ozone were not significant.
These responses did not concur completely with our original assumptions. However, they
indicated that the effects of the social determinants of health, i.e., education levels, play a
significant role in determining health outcomes.

Link to Environmental Justice and Health Disparities Frameworks

The findings are consistent with the postulates of environmental justice that
underscore the imbalance of environmental hazards in marginalized communities. The
environmental inequity trend had been observed before: this disparity in asthma affects
children with lower SES and minority groups. This research draws the line of education
being a protective factor, whereby individuals have access to quality education and health
literacy, lowering the risk of environmental exposure or any other exposure. The findings
in the setting of the health disparities theory reveal that to diminish the susceptibility to
respiratory diseases, multi-layered interventions would be necessary to curb pollution
exposure and social disparities that enhance the predisposition to the disease.

Implications for Professional Practice
For public health professionals, these findings suggest that effective asthma

interventions should integrate environmental and social dimensions. There is a need to
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have specific air quality upgrade programs, particularly for the underprivileged.
Education and community-based interventions are also significant in enhancing health,
literacy, and self-management of asthma among families at risk. These results help health
departments prioritize resources, such as finding asthma management in the counties
where educational access is low or where respiratory screening may be introduced in
schools. Clinical risk assessment can also include recording the socioeconomic
indicators, which implies that the patients at risk will be monitored and helped on a larger
scale.
Policy and Structural Interventions
The evidence further supports the need for policy reforms to reduce
environmental health disparities. Regulation interventions such as emission regulation
and green forest investments will still underpin the main strategies to reduce exposure to
pollution. However, this paper has also demonstrated the side effects of investment in
education on health, as evidenced by the fact that the colonization of investment in
education can also be justified in terms of policies that support business orientation
towards just higher education and employment. The integration of environmental policy
in both education and social programs can combine the synergies to reduce exposure and
vulnerability.
Field-Based Products
Policy Brief Memo for Policymakers
A policy brief addressed to state and county decision-makers should encapsulate

the main inferences of this research in understandable language and give concrete and
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evidence-based suggestions. This documentation would be packaged in the form of a
two-page memo that would be short enough to broadcast to the authorities of the
California Department of Public Health, the legislators, and the county health boards.
Key elements include:
Background
California children face disproportionate asthma burdens linked to air pollution
and socioeconomic inequities.
Evidence
Educational attainment emerged as a protective factor; race/ethnicity disparities
highlight structural inequities.
Policy Recommendations
e Expand emission reduction and environmental monitoring in low-income,
high-risk neighborhoods.
o Integrate environmental justice priorities into educational and housing
policies.
o Fund school-based asthma management programs targeting districts with low
educational attainment.
o Intended Impact: Reduce disparities in pediatric asthma outcomes by linking
environmental regulation with education and community health investments.
Community Health Intervention Plan
Based on the Environmental Health Disparities Framework, this plan translates

research into practice by addressing both environmental exposures and social
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vulnerability. This plan empowers health departments to integrate environmental
interventions with community education and clinical care.
Target Population
Children in low-income and minority-majority counties with high asthma ED visit
rates.
Core Components
e Environmental: Collaborate with air quality boards to implement local
pollution monitoring, enforce emission standards, and publicize “air quality
alert” days.
e Educational: Partner with schools to deliver asthma self-management and
health literacy workshops.
e Clinical: Expand mobile health units offering respiratory screenings and
inhaler training in underserved areas.
Implementation Strategy
o Identify high-risk counties using CEHTP and HD Pulse data.
o Launch pilot programs through local health departments.
e Scale programs statewide based on evaluation outcomes.
Visual Representation (Flowchart in Appendix)
Input (policy + education + clinical resources) — Processes (community
engagement, screening, training) — Outcomes (reduced asthma ED visits,

improved health equity).
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Fact Sheet for Families and Communities

To ensure accessibility for affected families, a one-page fact sheet should be
developed. This fact sheet would be distributed through schools, clinics, and community
centers in high-risk counties. The document should:

o Explain the Problem Simply: “Children in some California neighborhoods are
more likely to go to the emergency room for asthma because of poor air
quality and fewer educational resources.”

e Provide Actionable Steps for Families:

o Monitor daily air quality reports.

o Keep windows closed and limit outdoor play on poor air days.

o Ensure children have regular asthma check-ups and medications.

o Highlight Resources: Contact information for local clinics, asthma coalitions,
and environmental hotlines.

o Design Considerations: Visual icons, simple graphics, and culturally
appropriate language. Ideally produced in both English and Spanish.

Conclusion and Social Change
In conclusion, the study demonstrates that environmental exposures alone cannot
explain disparities in child respiratory health; social determinants such as education
strongly shape vulnerability and resilience. By putting empirical evidence into an
environment of environmental justice and health disparities, the study introduces a
roadmap of integrated interventions that couple pollution mitigation with socioeconomic

empowerment. These two strategies combined have the potential to support healthy social
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change, reducing the burden of the disease due to preventable asthma morbidity, health

equity, and child health in disadvantaged communities in California.



68

References
American Lung Association. (2024). Most polluted places to live.

https://www.lung.org/research/sota/key-findings/most-polluted-places

Beck, A. F., Huang, B., Auger, K. A., Ryan, P. H., Chen, C., & Kahn, R. S. (2016). Explaining
racial disparities in child asthma readmission using a causal inference approach. JAMA

Pediatrics, 170(7), 695-703. https://doi.org/10.1001/jamapediatrics.2016.0269

Bell, M. L., & Ebisu, K. (2012). Environmental inequality in exposures to airborne particulate
matter components in the United States. Environmental Health Perspectives, 120(12),

1699-1704. https://doi.org/10.1289/ehp.1205201

Biomonitoring California. (n.d.). California Environmental Health Tracking Program (CEHTP).

https://biomonitoring.ca.gov/document-keywords/california-environmental-health-

tracking-program-cehtp

Breakey, S., Hovey, D., Sipe, M., & Nicholas, P. K. (2024). Health effects at the intersection of
climate change and structural racism in the United States: A scoping review. The Journal
of Climate Change and Health, 20, Article 100339.

https://doi.org/10.1016/j.joclim.2024.100339

Brumberg, H. L., Karr, C. J., Bole, A., Ahdoot, S., Balk, S. J., Bernstein, A. S., & Trasande, L.
(2021). Ambient air pollution: Health hazards to children. Pediatrics, 147(6), Article

€2021051484. https://doi.org/10.1542/peds.2021-051484



https://www.lung.org/research/sota/key-findings/most-polluted-places
https://doi.org/10.1001/jamapediatrics.2016.0269
https://doi.org/10.1289/ehp.1205201
https://biomonitoring.ca.gov/document-keywords/california-environmental-health-tracking-program-cehtp
https://biomonitoring.ca.gov/document-keywords/california-environmental-health-tracking-program-cehtp
https://doi.org/10.1016/j.joclim.2024.100339
https://doi.org/10.1542/peds.2021-051484

69
Bullard, R. D. (1983). Solid waste sites and the Black Houston community. Sociological Inquiry,

53(2-3), 273-288. https://doi.org/10.1111/1.1475-682X.1983.tb00037.x

Cakmak, S., Hebbern, C., Cakmak, J. D., & Vanos, J. (2016). The modifying effect of
socioeconomic status on the relationship between traffic, air pollution, and respiratory
health in elementary school children. Journal of Environmental Management, 177, 1-8.

https://doi.org/10.1016/j.jenvman.2016.03.051

California Environmental Health Tracking Program. (n.d.). California Environmental Health
Tracking Program (CEHTP). California Department of Public Health.

https://data.trackingcalifornia.org/

Chatkin, J., Correa, L., & Santos, U. (2021). External environmental pollution as a risk factor for

asthma. Clinical Reviews in Allergy & Immunology, 62, 72—89.

https://doi.org/10.1007/s12016-020-08830-5

Chatterjee, S., & Hadi, A. S. (2012). Regression analysis by example (5th ed.). Wiley.

Cohen, J. (1988). Statistical power analysis for the behavioral sciences (2nd ed.). Lawrence

Erlbaum Associates.

Cortes-Ramirez, J., Wilches-Vega, J. D., Paris-Pineda, O. M., Rod, J. E., Ayurzana, L., & Sly, P.
D. (2021). Environmental risk factors associated with respiratory diseases in children
with socioeconomic disadvantage. Heliyon, 7(4), Article e06820.

https://doi.org/10.1016/j.heliyon.2021.¢06820



https://doi.org/10.1111/j.1475-682X.1983.tb00037.x
https://doi.org/10.1016/j.jenvman.2016.03.051
https://data.trackingcalifornia.org/
https://doi.org/10.1007/s12016-020-08830-5
https://doi.org/10.1016/j.heliyon.2021.e06820

70

Creswell, J. W., & Creswell, J. D. (2018). Research design.: Qualitative, quantitative, and mixed

methods approaches (5th ed.). SAGE Publications.

Cushing, L., Faust, J., August, L. M., Cendak, R., Wieland, W., & Alexeeff, G. (2015).
Racial/ethnic disparities in cumulative environmental health impacts in California:
Evidence from a statewide environmental justice screening tool (CalEnviroScreen 1.1).
American Journal of Public Health, 105(11), 2341-2348.

https://doi.org/10.2105/AJPH.2015.302643

Domingo, J. L., & Rovira, J. (2020). Effects of air pollutants on the transmission and severity of
respiratory viral infections. Environmental Research, 187, Article 109650.

https://doi.org/10.1016/j.envres.2020.109650

Dominski, F. H., Branco, J. H. L., Buonanno, G., Stabile, L., da Silva, M. G., & Andrade, A.
(2021). Effects of air pollution on health: A mapping review of systematic reviews and
meta-analyses. Environmental Research, 201, Article 111487.

https://doi.org/10.1016/j.envres.2021.111487

English, P. B., Olmedo, L., Bejarano, E., Lugo, H., Murillo, E., Seto, E., & Northcross, A.
(2017). The Imperial County Community Air Monitoring Network: A model for
community-based environmental monitoring for public health action. Environmental

Health Perspectives, 125(7), Article 074501. https://doi.org/10.1289/EHP1772



https://doi.org/10.2105/AJPH.2015.302643
https://doi.org/10.1016/j.envres.2020.109650
https://doi.org/10.1016/j.envres.2021.111487
https://doi.org/10.1289/EHP1772

71
Faul, F., Erdfelder, E., Buchner, A., & Lang, A. G. (2009). Statistical power analyses using

G*Power 3.1: Tests for correlation and regression analyses. Behavior Research Methods,

41(4), 1149-1160. https://doi.org/10.3758/BRM.41.4.1149

Gabbidon, K., & Chenneville, T. (2021). Strategies to minimize further stigmatization of
communities experiencing stigma: A guide for qualitative researchers. Stigma and

Health, 6(1), 32. https://doi.org/10.1037/sah0000280

Gauderman, W. J., Urman, R., Avol, E., Berhane, K., McConnell, R., Rappaport, E., & Gilliland,
F. (2015). Association of improved air quality with lung development in children. New
England Journal of Medicine, 372(10), 905-913.

https://doi.org/10.1056/NEJMoal414123

Ghosh, A., Simon, K., & Sommers, B. D. (2019). The effect of health insurance on prescription
drug use among low-income adults: Evidence from recent Medicaid expansions. Journal

of Health Economics, 63, 64—80. https://doi.org/10.1016/j.jhealeco.2018.11.002

Hendryx, M., Luo, J., Chojenta, C., & Byles, J. E. (2019). Air pollution exposures from multiple
point sources and risk of incident chronic obstructive pulmonary disease (COPD) and
asthma. Environmental Research, 179, 108783.

https://doi.org/10.1016/j.envres.2019.108783

Holden, K. A., Lee, A. R., Hawcutt, D. B., & Sinha, I. P. (2023). The impact of poor housing and
indoor air quality on respiratory health in children. Breathe, 19(2).

https://doi.org/10.1183/20734735.0058-2023



https://doi.org/10.3758/BRM.41.4.1149
https://doi.org/10.1037/sah0000280
https://doi.org/10.1056/NEJMoa1414123
https://doi.org/10.1016/j.jhealeco.2018.11.002
https://doi.org/10.1016/j.envres.2019.108783
https://doi.org/10.1183/20734735.0058-2023

72

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013). An introduction to statistical learning:

With applications in R. Springer. https://www.springer.com/gp/book/9781461471370

Jbaily, A., Zhou, X., Liu, J., Lee, T. H., Kamareddine, L., Verguet, S., & Dominici, F. (2022).
Air pollution exposure disparities across the US population and income groups. Nature,

601(7892), 228-233. https://doi.org/10.1038/s41586-021-04190-y

Jerrett, M., Donaire-Gonzalez, D., Popoola, O., Jones, R., Cohen, R. C., Almanza, E., &
Nieuwenhuijsen, M. (2017). Validating novel air pollution sensors to improve exposure

estimates for epidemiological analyses and citizen science. Environmental Research, 158,

286-294. https://doi.org/10.1016/j.envres.2017.04.023

Khreis, H., Kelly, C., Tate, J., Parslow, R., Lucas, K., & Nieuwenhuijsen, M. (2017). Exposure
to traffic-related air pollution and risk of development of childhood asthma: A systematic
review and meta-analysis. Environment International, 100, 1-31.

https://doi.org/10.1016/j.envint.2016.11.012

Kim, D., Chen, Z., Zhou, L. F., & Huang, S. X. (2018). Air pollutants and early origins of
respiratory diseases. Chronic Diseases and Translational Medicine, 4(2), 75-94.

https://doi.org/10.1016/j.cdtm.2018.03.003

Krieger, N. (2024). Epidemiology and the people's health: Theory and context. Oxford

University Press.

Kumar, R. (2020). Air pollution and respiratory health. Health, 3, 032—037.

https://doi.org/10.29328/journal.japch.1001015



https://www.springer.com/gp/book/9781461471370
https://doi.org/10.1038/s41586-021-04190-y
https://doi.org/10.1016/j.envres.2017.04.023
https://doi.org/10.1016/j.envint.2016.11.012
https://doi.org/10.1016/j.cdtm.2018.03.003
https://doi.org/10.29328/journal.japch.1001015

73
Laurent, E., Battaglia, F., Janoo, A., Galli, A., Dalla Libera Marchiori, G., Munteanu, R., &

Sommer, C. (2021). Five pathways towards health-environment policy in a wellbeing

economy. WeALL Policy Paper. https://wellbeingeconomy.org/five-pathways-towards-

health-environment-policy-in-a-wellbeing-economy

London, J., Nguyen, P., Dawson, M., & Manrique, K. (2021). Community engagement in AB
617: An evaluation of challenges, successes, lessons learned, and recommendations for

the future. UC Davis. https://doi.org/10.13140/RG.2.2.14945.68964

Lopez, M., Ruiz, M. O., Rovnaghi, C. R., Tam, G. K., Hiscox, J., Gotlib, I. H., & Anand, K. J.
(2021). The social ecology of childhood and early life adversity. Pediatric Research,

89(2), 353-367. https://doi.org/10.1038/s41390-020-01264-x

MacMabhon, B., Pugh, T., & Ipsen, J. (1960). Epidemiologic methods. Little, Brown.

Markel, H., & Stern, A. M. (2002). The foreignness of germs: The persistent association of
immigrants and disease in American society. The Milbank Quarterly, 80(4), 757-788.

https://doi.org/10.1111/1468-0009.00030

Miller, C. N., & Rayalam, S. (2017). The role of micronutrients in responding to ambient air
pollutants: Potential mechanisms and suggestions for research design. Journal of
Toxicology and Environmental Health, Part B, 20(1), 38-53.

https://doi.org/10.1080/10937404.2016.1261746



https://wellbeingeconomy.org/five-pathways-towards-health-environment-policy-in-a-wellbeing-economy
https://wellbeingeconomy.org/five-pathways-towards-health-environment-policy-in-a-wellbeing-economy
https://doi.org/10.13140/RG.2.2.14945.68964
https://doi.org/10.1038/s41390-020-01264-x
https://doi.org/10.1111/1468-0009.00030
https://doi.org/10.1080/10937404.2016.1261746

74

National Institute on Minority Health and Health Disparities. (n.d.). HD Pulse: National minority
health data portal. U.S. Department of Health & Human Services.

https://hdpulse.nimhd.nih.gov/data-portal/home

Nho, R. (2020). Pathological effects of nano-sized particles on the respiratory system.
Nanomedicine: Nanotechnology, Biology and Medicine, 29, Article 102242,

https://doi.org/10.1016/j.nan0.2020.102242

O'Lenick, C. R., Winquist, A., Mulholland, J. A., Friberg, M. D., Chang, H. H., Kramer, M. R.,
& Sarnat, S. E. (2017). Assessment of neighbourhood-level socioeconomic status as a

modifier of air pollution—asthma associations among children in Atlanta. Journal of

Epidemiology & Community Health, 71(2), 129—136. https://doi.org/10.1136/jech-2015-

206530

Rahman, M. M., McConnell, R., Schlaerth, H., Ko, J., Silva, S., Lurmann, F. W., & Garcia, E.
(2022). The effects of coexposure to extremes of heat and particulate air pollution on
mortality in California: Implications for climate change. American Journal of Respiratory

and Critical Care Medicine, 206(9), 1117-1127. https://doi.org/10.1164/rccm.202204-

06570C

Ryter, S. W., Ma, K. C., & Choi, A. M. (2018). Carbon monoxide in lung cell physiology and
disease. American Journal of Physiology-Cell Physiology, 314(2), C211-C227.

https://doi.org/10.1152/ajpcell.00022.2017



https://hdpulse.nimhd.nih.gov/data-portal/home
https://doi.org/10.1016/j.nano.2020.102242
https://doi.org/10.1136/jech-2015-206530
https://doi.org/10.1136/jech-2015-206530
https://doi.org/10.1164/rccm.202204-0657OC
https://doi.org/10.1164/rccm.202204-0657OC
https://doi.org/10.1152/ajpcell.00022.2017

75
Schultz, E. S., Hallberg, J., Bellander, T., Bergstrom, A., Bottai, M., Chiesa, F., & Melén, E.

(2016). Early-life exposure to traffic-related air pollution and lung function in
adolescence. American Journal of Respiratory and Critical Care Medicine, 193(2), 171—

177. https://doi.org/10.1164/rccm.201505-09280C

Sheppard, N., Carroll, M., Gao, C., & Lane, T. (2023). Particulate matter air pollution and
COVID-19 infection, severity, and mortality: A systematic review and meta-analysis.
Science of the Total Environment, 880, Article 163272.

https://doi.org/10.1016/j.scitotenv.2023.163272

Sly, P. D., & Flack, F. (2008). Susceptibility of children to environmental pollutants. Annals of
the New York Academy of Sciences, 1140(1), 163—183.

https://doi.org/10.1196/annals.1454.017

Solar, O., & Irwin, A. (2010). 4 conceptual framework for action on the social determinants of

health. World Health Organization. http://hdl.handle.net/1903/23135

Szreter, S. (2004). Industrialization and health. British Medical Bulletin, 69(1), 75-86.

https://doi.org/10.1093/bmb/1dh005

van Aert, R. C. (2023). Meta-analyzing partial correlation coefficients using Fisher's z
transformation. Research Synthesis Methods, 14(5), 768-773.

https://doi.org/10.1002/jrsm.1654



https://doi.org/10.1164/rccm.201505-0928OC
https://doi.org/10.1016/j.scitotenv.2023.163272
https://doi.org/10.1196/annals.1454.017
http://hdl.handle.net/1903/23135
https://doi.org/10.1093/bmb/ldh005
https://doi.org/10.1002/jrsm.1654

76
Ventriglio, A., Bellomo, A., & Bhugra, D. (2016). Web of causation and its implications for

epidemiological research. International Journal of Social Psychiatry, 62(1), 3—4.

https://doi.org/10.1177/0020764015587629

Wang, T., Zhao, B., Liou, K. N., Gu, Y., Jiang, Z., Song, K., & Zhu, Y. (2019). Mortality
burdens in California due to air pollution attributable to local and nonlocal emissions.
Environment International, 133, Article 105232.

https://doi.org/10.1016/j.envint.2019.105232

Wilson, W. J. (1987). The truly disadvantaged. University of Chicago Press.

Zanobetti, A., Ryan, P. H., Coull, B. A., Luttmann-Gibson, H., Datta, S., Blossom, J., & Gold, D.
R. (2024). Early-life exposure to air pollution and childhood asthma cumulative
incidence in the Echo Crew Consortium. JAMA Network Open, 7(2), €240535.

https://doi.org/10.1001/jamanetworkopen.2024.0535

Zimmer, R., Strahley, A., Aguilar, A., Montez, K., Palakshappa, D., Hanchate, A., & Brown, C.
L. (2024). Using the Environmental Health Disparities Framework to understand Black
and Latino perspectives of a local fertilizer plant fire. BMC Public Health, 24(1), 2817.

https://doi.org/10.1186/s12889-024-20235-z



https://doi.org/10.1177/0020764015587629
https://doi.org/10.1016/j.envint.2019.105232
https://doi.org/10.1001/jamanetworkopen.2024.0535
https://doi.org/10.1186/s12889-024-20235-z

Appendix: Research Design Table

77

Research Types of Data

search
Problem to be Collected Data Data
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Purpose, and and Data Sources Analysis

Method, & )
Framework Collection

Design
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Problem: The | RQI: What is They offer air | The data Variables:
specific the relationship | quality values, | sources will socioeconomic
research between air statistics of be the World | factors.
problem is pollution affected Health Interval/ratio
that exposure levels individuals, Organization, | measurements
environmental | (IV) and and respiratory | participant between
risks like air respiratory diseases. surveys, the particulate
pollution health outcomes | Overall, they | Environmental = matter and the
cause (DV) among offer values on | Protection prevalence of
respiratory California air quality in Agency, and respiratory
illnesses in children in low specific areas, | the Centers for @ health.
children, such | and high- making it easy | Disease Analysis:

to examine

analysis of




78

as asthma and

COPD.

Purpose: This

quantitative
study aims to
analyze
environmental
risks that
increase the
prevalence of
respiratory
illness among
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how these
problems can

be mitigated.

Framework:
The
theoretical
framework for

this study is

socioeconomic

neighborhoods?

Null Hypothesis
1: No
statistically
significant
correlation exists
between air
pollution levels
and respiratory

health outcomes.

Alternative
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Air pollution
exposure levels
are positively
correlated with
the respiratory
illnesses in

children.

Method:

children’s
health and
socioeconomic

status.

[ will utilize
surveys to
examine
households
affected by
respiratory

illnesses.

Systematic
literature

review.

Control and

Prevention.

variance
(ANOVA).
SPSS for data

analysis.
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theory.

Design:
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statistically
significant
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matter
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correlated with
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Method:

Design:
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RQ3: What is Air quality The data
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in California?

Null Hypothesis

3: No significant

relationship
exists between
air pollution
levels and
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affected
individuals,
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Although it
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status in
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Method:

Design:
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data, its effect
is minimal in

large datasets.
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