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Abstract 

 Human exposure to environmental hazards is associated with a variety of 

preventable adverse health outcomes. As the environmental health risks result from 

the complex interaction between hazard, exposure, and susceptibility, these 

exposure-outcome associations are heterogeneous across the population. Improving 

environmental health literacy by advocating evidence-based environmental risk 

communication could play a role in reinforcing protective behavior against 

environmental hazards. The use of public health surveillance systems to assess the 

exposure-response associations is one of the effective ways to quantify the 

environmental health risks. However, there are several gaps in effectively quantifying 

environmental health risks. This dissertation aims to address a few gaps in the 

context of climate change, heat waves, and air pollution, using public health 

surveillance systems. 

 This dissertation quantified the acute and direct health outcomes associated 

with environmental exposures (outdoor temperature and air quality) using syndromic 

surveillance and health care utilization databases. The environmental exposures in 

this dissertation are ascertained using ambient measurements. We followed 

intermittent time series (controlled and uncontrolled) design to assess the exposure-

outcome associations to minimize potential systematic bias. We applied this strategy 

in three use cases: 1. Climate change, 2. Heat waves, and 3. Air pollution. 

 In the first use case, we quantified the rate of heat-related illness (HRI) 

morbidity risk attributable to current and future climate change. Following this, the 
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second use case compared the sensitivity of heat wave definitions that could be 

effective in minimizing HRI emergency department visits. The third use case 

estimated the joint association between ambient air pollutant mixtures and pediatric 

asthma exacerbations. Additionally, in the third use case, we identified specific air 

pollutants that contributed to higher weights associated with pediatric asthma 

exacerbations. The findings from this dissertation using public health surveillance 

systems are aimed to support environmental health literacy among communities and 

public health policy change. Our results do not imply causal relationships due to the 

study design and unmeasured biases that influenced our results. Further studies that 

consider confounding due to susceptibility factors and robust exposure 

measurements are needed to advocate to build a strong case for environmental 

health policy changes. 
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CHAPTER 1: BACKGROUND 

ENVIRONMENTAL RISK FACTORS AND HUMAN HEALTH BURDEN 

Environmental hazards are the elements from the public environment (ex: 

ambient air quality), personal environment (ex: nutrition), individual lifestyle choices 

(ex: physical activity), and workplace (ex: occupational-related) that can affect human 

health (Ayres et al., 2010; Liverman, 2001). Human exposure to environmental 

hazards is hereafter referred to as environmental exposures. Environmental 

exposures are a collective of “all the physical, chemical and biological factors 

external to a person, and all related behaviors, but excluding those natural 

environments that cannot reasonably be modified” (Frumkin, 2005; Prüss-Ustün et 

al., 2018). Environmental exposures often occur as complex mixtures, and the 

intensity of exposure may vary over time (Ayres et al., 2010). Exposure to 

environmental hazards begins as early as preconception when the Oocyst, 

Spermatid, and Blastocyst have been exposed to the paternal and maternal 

biological environment (Louis & Platt, 2011). These early-life exposures could result 

in a spectrum of outcomes ranging from in-utero, postnatal, or later onset events 

(Louis & Platt, 2011). Life-course environmental exposures often play a crucial role in 

mediating the susceptibility to environmental hazards (Kuh et al., 2003). 

The environmental risks are conceptualized as an interaction between the 

environmental exposures and human factors (vulnerability and resilience) that 

moderates the likelihood of an adverse event (Bonadonna et al., 2021; Cardona et 

al., 2012; Liverman, 2001). Environmental risks are typically presented as 

quantitative measurements to express the health burden attributable to 

environmental exposures (Liverman, 2001). This document focuses on the public 

environment among the four environmental exposures. 

In 2012, the World Health Organization (WHO) estimated that 22% [95% 

Confidence Interval (CI): 16-38%] of the global deaths and disabilities are attributable 
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to environmental exposures (Prüss-Ustün et al., 2018). Over a previous decade 

(2002 - 2012), the number of global deaths attributable to environmental factors 

declined by 5.4% (13.3 to 12.6 million deaths per year) (Prüss-Ustün et al., 2018). In 

2012, the fraction of deaths attributable to environmental risk factors was higher 

among African countries (23%) and lower in the Americas (Canada, Chile, Trinidad, 

and Tobago, United States of America, 11%) (Prüss-Ustün et al., 2018). Most of the 

global population (99%) is exposed to air pollutants above the WHO standards, and 

85% are exposed to hazards attributable to anthropogenic climate change 

(Callaghan et al., 2021; WHO, 2022a, 2022b).  

Additionally, air pollution and anthropogenic climate change go hand in hand. 

Anthropogenic activities are the primary sources of criteria pollutants (except ozone) 

in the atmosphere (von Schneidemesser et al., 2015). Criteria pollutants that interact 

with the atmospheric chemistry could directly or indirectly affect radiative forcing, 

otherwise known as anthropogenic climate change (Myhre et al., 2013; von 

Schneidemesser et al., 2015). Climate change extends its effects on aeroallergen 

counts, season, allergenicity (pollen and mold) mediated via warm temperatures, and 

extreme events such as thunderstorms (Beggs, 2004). We assumed the feedback 

mechanism between air pollutants and climate change as mentioned in Figure 1. As 

air pollution and climate change are interconnected, and environmental exposures 

cover most of the population, we narrowed this document from the physical 

environment to anthropogenic climate change and air pollution.  

Anthropogenic activities, global warming, and climate change 

Human activities such as industrial processes, energy production, prescribed 

burns, and processing waste are the primary sources of air pollution (Mallik, 2019). 

Among the primary air pollutants released by human activities, sulfur dioxide is from 

the combustion of coal and oil; nitrogen oxides from vehicle exhaust; carbon 

monoxide from the combustion of carbon-based fuel; carbon dioxide from the 

combustion of fossil fuels and the cement industry; methane from landfills, oil and 
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gas industry and agricultural activities (Mallik, 2019; United States Environmental 

Protection Agency (USEPA), 2022b). Additionally, particulate matter is a mixture of 

minerals, organic and inorganic salts produced from agricultural burning, 

construction, road dust, combustion of fossil fuel, and industrial emissions (Mallik, 

2019). Unlike the primary pollutants, ozone is a secondary pollutant formed due to 

the photochemical reaction between nitrogen oxides and volatile organic compounds 

in the troposphere (Mallik, 2019).  

 

These air pollutants were associated with adverse human health outcomes 

(Kulshreshtha, 2019), whereas the air pollutants categorized as greenhouse gases 

(GHG), carbon dioxide and methane, are known to trap the heat energy generated 

via infrared radiation in the earth’s atmosphere (Tiwari & Mishra, 2019; Vavrus et al., 

2015). According to the National Aeronautics and Space Administration (NASA), 

global warming is defined as the “Long-term heating of the earth’s climate system 

observed since the pre-industrial period (between 1850 and 1900) due to human 

activities, primarily fossil fuel burning, which increase heat trapping GHG levels in 

  
 Figure 1. Conceptualization of the feedback mechanism between climate change. 
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Earth’s atmosphere” (NASA, 2022). Similarly, climate change is defined as “a long-

term change in the average weather patterns that have come to define Earth’s local, 

regional and global climates” (NASA, 2022). 

Climate change in the United States (US) is associated with extreme weather 

events (Balbus et al., 2016). Extreme weather events include rising temperature, 

heat waves, wildfires, extreme precipitation, floods, hurricanes, and drought (Balbus 

et al., 2016). Over the period 2004 to 2013, heat waves had the highest human 

health burden among the extreme weather events (Bell et al., 2016). Additionally, 

altered weather conditions were found to impact air quality (carbon dioxide, 

particulate matter, and ozone) and aid the release of aeroallergens (Fann et al., 

2016). 

Rising temperatures 

According to the Intergovernmental Panel on Climate Change (IPCC), the 

current (2010-2019) global mean surface temperature increased by 0.8-1.3°C due to 

human activities than during the pre-industrial period (1850-1900) (IPCC, 2018, 

2021b). Assuming constant greenhouse gas emissions as of the current period, the 

global warming trend is projected to increase by 0.2°C per decade (IPCC, 2018). 

Since 1990, carbon dioxide has contributed 59-64% of the global net anthropogenic 

greenhouse gas emissions (IPCC, 2022). In 2019, carbon dioxide emissions were 

estimated to be increased by 167% compared to 1990 (IPCC, 2022). Over the last 15 

decades (1850-2019), the North American region ranked as the highest (23% of 

global emissions) emitter of carbon dioxide into the atmosphere associated with 

human activities (IPCC, 2022). Consistent increase in the global greenhouse gas 

emissions indicates an overall decrease in the frequency of cold days and nights and 

an increase in warm nights and days (IPCC, 2012; Smith et al., 2014). Anthropogenic 

climate change was associated with an increase in the frequency of hot extremes 

globally, except in the Central and Eastern regions of North America (IPCC, 2021b). 
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In comparison, the Central and Eastern North American regions observed an 

increase in heavy precipitation events driven by climate change (IPCC, 2021b). 

In the US, the annual mean surface temperature increased by 1°C relative to 

the pre-industrial period and is estimated to increase by 1.6-6.6°C over the next few 

decades (Hayhoe et al., 2018). Within the US, the annual mean surface temperature 

is projected to increase over this century, with a higher magnitude at higher latitudes 

(Great Plains North, Alaska, Southwest, Northwest, and Northeast) than the 

contiguous US average (Vose et al., 2017). 

In the Southeastern region of the US, the frequency of warm nights (24°C) 

increased by three times during the previous decade compared to the 1970s (Carter 

et al., 2018). In the context of heat waves, Raleigh, North Carolina, is one of the five 

large cities with a warming trend above the national average (Carter et al., 2018). 

These findings from the fourth national climate assessment report are the major 

drivers for our focus in this dissertation, quantifying the human health risks 

attributable to the current and future anthropogenic climate change (Carter et al., 

2018).  

Heat waves 

A heat wave is an episode of abnormally hot weather that could last from 

days to weeks (USGCRP, 2022). There are several strategies across the globe to 

define heat waves. According to the World Meteorological Association (WMA), a heat 

wave is a period of 5 or more consecutive days with an ambient temperature greater 

than the long-term (1961-1990) mean temperature (Basu, 2015). In the US, heat 

waves are defined using the criteria developed by the regional NOAA Weather 

Forecast Offices (Ferrell et al., 2017). Since 1950, the frequency, intensity, and 

duration of heat waves have increased globally and are projected to worsen due to 

global warming (Perkins-Kirkpatrick & Lewis, 2020). The number of heat waves per 

decade in the US increased by three times (2 heat waves in the 1960s compared to 

6 in the 2010s) (EPA, 2021). Additionally, the annual average length of the heat 
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wave (daily minimum apparent temperature ≥ 85th percentile of summer (July-

August) historic threshold (1981-2010)) season increased by 3.2 times in the 2010s 

compared to the 1960s (USEPA, 2021). These increases in heat waves were 

observed in the eastern region of the US (USEPA, 2021). 

Historically, heat waves (1966-St. Louis, MO & New York, NY; 1980: St. 

Louis, Kansas City, MO, & Memphis, TN; 1993: Philadelphia; 1995: Chicago, IL) 

were highlighted in the context of mortality (Applegate et al., 1981; Henschel et al., 

1969; Jones et al., 1982; Schuman, 1972; Semenza et al., 1996). Several 

researchers compared the association between mortality and a wide variety of heat 

wave definitions (Anderson & Bell, 2011; Barnett et al., 2012; Guo et al., 2017; 

McElroy et al., 2020; Vaidyanathan et al., 2016). These studies evaluated 

associations at several geographic scales, including administrative boundaries and 

climate regions. However, there was a limited emphasis on the acute outcome, such 

as heat-related illness (HRI) associated with heat waves. This dissertation compared 

the association between HRI and multiple heat waves. 

Air quality 

“Climate change can impact air quality and, conversely, air quality can impact 

climate change” (USEPA, 2022). Weather conditions such as temperature, wind 

(direction, speed), cloud cover and precipitation, and anthropogenic air pollutants 

and natural sources released into the atmosphere affect air quality (Nolte et al., 

2018). On the other hand, greenhouse gases emitted into the atmosphere due to 

anthropogenic activities feed into global warming (IPCC, 2021b).  

Exposure to air pollutants is a known risk factor associated with several 

adverse human health outcomes (Anenberg et al., 2020; Dominski et al., 2021). 

These associations were not limited to respiratory diseases but extended to 

cardiovascular, cardio-respiratory, pregnancy, mental health, cancer, and other 

chronic conditions (Dominski et al., 2021). Recent studies systematically reviewed 

the association between air quality and health outcomes and reported that long-term 
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exposure to a lower concentration of air pollutants (below regulatory limits) could 

result in adverse health outcomes (Beelen et al., 2014; Chen & Hoek, 2020). As a 

result of the recent findings on associations between low concentration of air 

pollutants and adverse health outcomes, the WHO revised ambient air quality 

guidelines (WHO, 2021). Along the same lines, the European Commission initiated 

the Inception Impact Assessment to possibly revise the ambient air quality directives 

(European Commission (EC), 2020). 

Among the ambient air pollutants, criteria pollutants (ozone, particulate 

matter, carbon monoxide, lead, sulfur dioxide, and nitrogen dioxide) received the 

most attention due to the US EPA’s Clean Air Act that regulates the nation’s air 

quality (USEPA, 2022a). However, the association between climate change and air 

quality is not limited to criteria pollutants but impacts aeroallergens (Nolte et al., 

2018). Climate change (ambient temperature, precipitation, and carbon dioxide) was 

identified as a participant in altering the intensity and duration of aeroallergens 

(pollen and mold spores) (Manangan et al., 2021; Nolte et al., 2018; Paudel et al., 

2021; Poole et al., 2019). 

EXPOSURE ASSESSMENT 

The exposure measurements in this dissertation were from ambient sources, 

commonly used in weather-related and air pollution studies. Basu et al. (2002) 

reported similar temperature measurements while comparing personal ambient 

temperature exposures with the ambient temperature measurements monitored at 

the city airport (Basu & Samet, 2002). Similarly, strong correlations were reported 

between ambient and personal exposure to air pollutants (Janssen et al., 2005; 

Sarnat et al., 2000; Williams et al., 2000). Approximating the ambient measurements 

as personal exposures could introduce systematic bias. To minimize the exposure 

misclassification bias in this dissertation, we adapted sub-regional spatial 

delineations. 
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HEALTH OUTCOME ASSESSMENT 

The health outcome data in the chapters discussing HRI-related emergency 

department visits was obtained from a syndromic surveillance system, the North 

Carolina (NC) Disease Event Tracking and Epidemiologic Collection Tool (DETECT), 

established by the North Carolina Department of Health and Human Services (NC 

DHHS). In comparison, the health outcome data in the chapter discussing pediatric 

asthma-related emergency department visits was obtained from a Healthcare 

Utilization Database, the Nebraska Hospital Information System (NHIS), maintained 

by the Nebraska Hospital Association. The use of health outcomes from these public 

health surveillance systems was suitable for the use case in this dissertation, where 

we aim to quantify the acute exposure-outcome associations. 

Syndromic surveillance 

Syndromic surveillance is a method to monitor public health risks typically 

conducted at a population scale (Huybrechts & Schneeweiss, 2021). The data is 

harvested from emergency department records, hospital admissions, medical 

prescriptions, calls to healthcare hotlines, internet queries, and social media 

mentions (Huybrechts & Schneeweiss, 2021). The primary purpose of the NC 

DETECT database is to conduct real-time surveillance of summertime (May-August) 

HRI-related emergency department visits and promote heat mitigation strategies and 

heat health education that support minimizing HRI emergencies in North Carolina. 

This dissertation considered the syndromic surveillance data to perform a secondary 

analysis that supports the dissertation objectives.  

Healthcare Utilization Databases 

Healthcare Utilization Databases are the data harvested from insurance claims 

from private companies, Medicare, and Medicaid (Huybrechts & Schneeweiss, 

2021). They contain patient-level information, including payer-billing codes related to 

patient diagnosis, procedures, medications, and physician services (Huybrechts & 
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Schneeweiss, 2021). The NHIS database contains health outcomes data harvested 

from the administrative health insurance claims submitted from the care provider to 

the payer. 

In this dissertation, we observed the characteristics of the health outcome data 

from the above sources, and the health data is used for secondary analysis. The 

datasets we received from the NC DETECT and the NHIS followed a similar format 

and were considered for quantifying environmental health risks. Hereafter, the NC-

DETECT and NHIS data are referred to as public health surveillance data. 

ENVIRONMENTAL HEALTH RISK ASSESSMENT 

Environmental Health Risk Assessment (eHRA) is a quantitative process of 

estimating the human health risks associated with environmental exposures (Fjeld et 

al., 2007; Vohra & Hurley, 2010). According to this dissertation’s objectives, we 

adapted and modified the risk assessment framework (illustrated in Figure 2) 

developed by the WHO (WHO, 2016). The US-EPA and European Environmental 

Agency developed several tools based on this framework to evaluate associations 

between outdoor air pollutants and adverse health outcomes (Hassan Bhat et al., 

2021). The eHRA in this dissertation was assessed using the interrupted time series 

(ITS) study design, a sub-type of quasi-experimental (non-randomized) approaches 

(Harris et al., 2006; J. Lopez-Bernal et al., 2018). The ITS design is a conventional 

approach as an alternative to randomized controlled trials to assess population-level 

exposure-response associations (Hudson et al., 2019; Kontopantelis et al., 2015; 

James Lopez-Bernal et al., 2018). This dissertation relied on ambient measurements 

for exposures and outcomes ascertained using public health surveillance databases. 

We focused on environmental hazards (ambient temperature and air pollutants) 

established in the literature (USGCRP, 2016b). Our contribution to the literature is by 

contextualizing environmental risk factors in estimating the human health risk 

attributable to anthropogenic climate change (current and future), comparing the 

sensitivity of heat wave definitions associated with acute heat-related emergencies, 
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and evaluating the joint association between ambient air pollutants and asthma 

emergencies. As the dissertation objectives focus on assessing associations 

between ambient environmental exposures and relevant acute health outcomes, we 

relied on the ITS study design. As this dissertation is based on ITS with time-period 

as a control group, we focused on acute associations. We used data at a daily scale 

temporal resolution to strengthen the findings. Even though the ITS design has 

several limitations in drawing causal inference, it is an ideal substitute for an RCT in 

evaluating acute exposure-outcomes associations (Celentano & Szklo, 2019; James 

Lopez-Bernal et al., 2018).  

 

OBJECTIVES 

This dissertation aims to develop public health insights that support 

environmental risk communication to the communities and policymakers using public 

health surveillance systems. Exposure to environmental hazards is associated with 

various adverse health outcomes that could play a role in an increased rate of 

preventable health conditions and an increased burden on society. Quantifying and 

  
 Figure 2. Environmental Health Risk Assessment framework. 
Adapted and modified from the WHO, Health Risk Assessment for air pollution 
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communicating the risks associated with environmental hazards will help 

communities and public health policymakers to develop environmental risk mitigation 

strategies. Additionally, this dissertation could strengthen the framework for 

practicing environmental epidemiologic research based on public health surveillance 

data. 

STUDY MOTIVATION 

Over the life course, humans are exposed to a mixture of environmental hazards 

daily. The interaction between environmental exposures and human susceptibility 

factors results in adverse health outcomes. Factors such as mistrust and 

disagreements of risk assessment, degree of belief in science and institutions, social 

stigma, political dynamics, and social polarization play a role in environmental risk 

perception. To overcome the shifts in environmental risk perception, we would 

require a scientifically standardized framework for quantifying the associations 

between environmental risk factors and adverse health outcomes. In this 

dissertation, we attempted to develop evidence-based environmental health insights 

that support community health education and policy change. 

STUDY INNOVATION 

As the three studies discuss unique themes in quantifying environmental health 

risks, we will highlight the innovative contributions of each objective. We quantified 

the human health risks attributable to current and future climate change for the first 

objective, using acute health outcomes stratified by physiographic regions. Recent 

literature in this area was focused on mortality, and the attributable outcomes were 

estimated using political boundaries. Additionally, the hybrid approach between the 

ideas from ITS design and mixture analysis to evaluate the association between 

ambient air pollutants and pediatric asthma exacerbations was an innovative 

contribution to the literature. Applying the ITS study design as an alternative to 

randomized control trials in quantifying environmental health risks could substantially 
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minimize systematic bias than the cross-sectional design (Fretheim et al., 2015; 

St.Clair et al., 2016). Additionally, considering acute health emergencies as the 

outcomes in this dissertation further strengthened our findings by minimizing 

uncertainty while quantifying environmental health risks.  

SPECIFIC AIMS 

Study 1  

Evaluating the burden of heat-related illness morbidity attributable to 

anthropogenic climate change in North Carolina. 

Aim 1: Developing exposure-response function to estimate the rate of heat-related 

illness emergency department visits. 

Hypothesis: There is a non-linear association between heat metrics and heat-

related emergency department visits. 

Aim 2: Quantifying the heat-related illness burden attributable to current climate 

change. 

Hypothesis: The rate of heat-related illness is lower during the natural 

simulations (simulated heat metrics without industrial revolution) than in the actual 

observations. 

Aim 3: Quantifying the heat-related illness burden associated with the future climate 

projections under two greenhouse gas emission scenarios. 

Hypothesis 1: The rate of heat-related illness will increase over the future 

periods compared to the study baseline. 

Hypothesis 2: The rate of heat-related illness is higher during the higher 

greenhouse gas emission scenario than in the lower greenhouse gas emission 

scenario. 

This study is based on a controlled interrupted time series design (CITS), 

considering emission scenarios and baseline period as the control group for 

attributing the HRI morbidity associated with climate change (James Lopez-Bernal et 
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al., 2018). The goal of the first study is to quantify the heat-related illness risk 

attributable to non-anthropogenic climate change. Although several studies 

demonstrated climate change as a human health risk using mortality as an outcome, 

there is a greater chance for uncertainty as many individuals exposed to extreme 

temperatures may not manifest death. The findings from this study will help 

understand the acute and direct human health risks (heat-related emergencies) 

attributable to climate change.  

Study 2 

Evaluating the sensitivity of heat wave definitions among the North Carolina 

physiographic divisions. 

Aim 1: Identifying a heat wave definition with the best model fit to estimate the rate of 

heat-related illness. 

Hypothesis: There is heterogeneity in the model fit among the heat wave 

definitions included in this study. 

Aim 2: Comparing the heat wave definition identified in this study with the National 

Weather Service warnings. 

Hypothesis: Significant differences exist between the heat wave days from 

this study compared to the National Weather Service warnings. 

This study follows CITS with a fraction of the period (non-heat wave days) as 

the control group to estimate HRI morbidity associated with heat waves (Lopez-

Bernal et al., 2018). The goal of the second study is to identify a heat wave definition 

with the best model fit to estimate heat-related emergencies. Several studies 

compared the effectiveness of heat wave definitions using mortality and to identify 

extreme heat warnings; this study focuses on moderate and frequently occurring 

heat waves in the context of heat-related emergencies. These findings could support 

public health education to minimize heat-related emergencies and recalibrate the 

National Weather Service warnings. 
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Study 3 

Joint association between ambient air pollutant mixture and pediatric asthma 

exacerbations. 

Aim 1: To estimate the joint association between ambient air pollutant exposure and 

pediatric asthma exacerbations. 

Hypothesis: Compound exposure to ambient air pollutants is associated with 

pediatric asthma exacerbation-related emergencies. 

This study follows the uncontrolled interrupted time series (UITS) design. We 

aim to evaluate the joint association between the ambient air pollutant mixture and 

pediatric asthma exacerbations to account for concurrent events across time. We 

anticipate our results will highlight the key pollutants in the atmosphere associated 

with pediatric asthma exacerbations. 
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CHAPTER 2: ESTIMATING THE BURDEN OF HEAT RELATED ILLNESS 

MORBIDITY ATTRIBUTABLE TO ANTHROPOGENIC CLIMATE CHANGE IN 

NORTH CAROLINA 
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ABSTRACT 

 Climate change is known to increase the frequency and intensity of hot days 

(daily maximum temperature ≥ 30°C), both globally and locally. Exposure to extreme 

heat is associated with numerous adverse human health outcomes. This study 

estimated the burden of heat-related illness (HRI) attributable to anthropogenic 

climate change in North Carolina physiographic divisions (Coastal and Piedmont) 

during the summer months from 2011-2016. Additionally, assuming intermediate and 

high greenhouse gas emission scenarios, future HRI morbidity burden attributable to 

climate change was estimated. The association between daily maximum temperature 

and the rate of HRI was evaluated using the Generalized Additive Model. The rate of 

HRI assuming natural simulations (i.e., absence of greenhouse gas emissions) and 

future greenhouse gas emission scenarios was predicted to estimate the HRI 

attributable to climate change. Over four years (2011, 2012, 2014, and 2015), we 

observed a significant decrease in the rate of HRI assuming natural simulations 

compared to the observed. About 3 out of 20 HRI visits are attributable to 

anthropogenic climate change in the Coastal (13.40% (IQR: -34.90,95.52)) and 

Piedmont (16.39% (IQR: -35.18,148.26)) regions. During the future periods, the 

median rate of HRI was significantly higher (78.65%: Coastal, and 65.85%: 

Piedmont), assuming a higher emission scenario than the intermediate emission 

scenario. We observed significant associations between anthropogenic climate 

change and adverse human health outcomes. Our findings indicate the need for 

evidence-based public health interventions to protect human health from climate-

related exposures, like extreme heat, while minimizing greenhouse gas emissions. 

Keywords: Climate change, climate attribution, climate projections, heat related 

illness, morbidity 
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INTRODUCTION  

Since the mid-20th century, the frequency and duration of hot days have 

increased globally due to anthropogenic climate change (Hoegh-Guldberg et al., 

2018). Global temperature is very likely to increase up to 1.5-1.6°C during 2021-

2040, 1.6-2.4°C during 2041-2060, and 1.4-4.4°C during 2081-2100, relative to1850-

1900 (IPCC, 2021b). These increases in temperature since the mid-20th century are 

primarily the result of anthropogenic greenhouse gas emissions (IPCC, 2021b). Mora 

et al., (2017) estimate that roughly 30 percent of the current global population is 

exposed to extreme heat conditions; this number is expected to increase to 50-75% 

by 2100. 

Exposure to extreme heat leads to heat-related morbidity and mortality. 

Extreme heat outcomes can be characterized as direct (e.g., heat-related illness 

(HRI)), or indirect (e.g., exacerbation of cardiovascular, respiratory, renal, endocrine, 

and mental health conditions) (Bell et al., 2018; Ebi et al., 2021; Sarofim et al., 2016). 

Failure to acclimatize during extreme heat conditions can result in HRI ranging from 

muscle cramps, heat exhaustion, and heat stroke (Danzl, 2018). HRI, if untreated, 

can lead to life-threatening conditions (LoVecchio, 2016; Nemer & Juarez, 2019). In 

the United States (US), heat-related fatalities are more common than deaths due to 

other natural disasters (NOAA, 2019). In the US, there are an average of 702 heat-

related deaths per year (Vaidyanathan et al., 2020). There is a potential imbalance 

between heat-related mortality and morbidity, posing an exponentially higher number 

of heat-related emergencies. For example, during a four-day heat wave event in 

North Carolina, there were 556 HRI emergencies compared to 1 heat-related death 

(NC-DHHS, 2016). The magnitude of the HRI emergencies compared to mortality 

demonstrate the need to focus on morbidity rather than mortality. 

Climate change has been associated with the increasing trend of heat-related 

mortality and morbidity (Bell et al., 2018; Christidis et al., 2019; Ebi et al., 2021a). 

Evidence-based climate detection and attribution play a key role in characterizing the 
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changes in natural climate variability that are attributable to human activities (Ebi et 

al., 2020; Ebi et al., 2017). There is strong evidence supporting the association 

between future climate change and mortality (Conlon et al., 2016; Gosling et al., 

2017; Guo et al., 2018; Lay et al., 2018). At the same time, attribution of human 

health risk to anthropogenic climate change has been limited to considering mortality 

as a health outcome (Mitchell et al., 2016; Vicedo-Cabrera et al., 2021). 

It is common for attribution analyses to investigate heat-related mortality, 

providing insight into the magnitude of extreme heat events on the most serious 

health outcomes. Based on the contrast between the frequency of heat-related 

mortality and morbidity in North Carolina, we hypothesized that using heat-related 

mortality would be an underestimate to quantify human health risks associated with 

climate change. We investigated heat-related morbidity to better understand the 

scope of human health burden associated with climate change. This study estimated 

the HRI attributable to anthropogenic climate change. Additionally, future HRI burden 

attributable to climate change was estimated using the climate projections driven by 

representative concentration pathways (RCPs). The RCPs are greenhouse gas 

concentration trajectories adopted by the IPCC that are used for climate modeling 

(IPCC, 2014). Future climate change is typically represented using four RCP 

scenarios, RCP2.6 is a stringent mitigation scenario, RCP4.5 and RCP6.0 are 

intermediate scenarios, and RCP8.5 is a scenario with very high greenhouse gas 

emissions (IPCC, 2014). This study includes two of the four RCP scenarios, 

comparing the intermediate emission scenario (RCP4.5) and higher emission 

scenario (RCP8.5). 

This study aimed to evaluate the association between heat metrics and HRI 

morbidity to estimate the HRI morbidity attributable to climate change. The analysis 

was conducted by estimating the HRI attributable to the current (2011, 2012, 2014, & 

2015) levels of anthropogenic climate change and by estimating the HRI associated 

with future climate change under two greenhouse gas emission scenarios (RCPs). 



 19 

MATERIALS AND METHODS 

This study includes three analytic components: 1) Modeling and optimization 

of an epidemiologic model to estimate the rate of HRI emergency department visits, 

2) Estimating the HRI burden attributable to current anthropogenic climate change, 

and 3) Quantifying the HRI burden associated with future climate change. 

Study area: North Carolina has three physiographic regions with distinct 

climatological profiles: Coastal, Piedmont, and Mountain regions (Figure 3). The 

Coastal region includes 41 counties, Piedmont consists of 34 counties, and the 

Mountain contains 25 counties. Due to distinct weather conditions experienced by 

the population living in these physiographic regions, most of the heat-related 

research has been conducted using these sub-divisions (NC-DHHS, 2015). The 

study period included summer months (May 01-September 30) over five years from 

2011 to 2016. Data for 2013 was unavailable and is excluded from the analysis. 

 

HRI morbidity data 

The HRI data was obtained from the North Carolina Department of Health 

and Human Services (NC-DHHS) that has partnered with 124 hospitals to collect 

statewide emergency department (ED) visit data to provide real-time, electronic 

Figure 3. North Carolina physiographic regions.  
North Carolina counties are represented using black boundaries and 
physiographic regions with similar climate profile are clustered and represented 
using three colors (blue-Coastal, brown-Piedmont and grey-Mountains). 
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public health surveillance, which is stored in the North Carolina Disease Tracking 

and Epidemiologic Collection Tool (NC-DETECT, 2021). Heat-related illnesses were 

identified using ICD-9 CM codes with E992/E900.0/E900.0/E900; ICD-10 CM codes 

within T67/X30/X32; and various keywords from the chief complaint and triage notes 

(Morano & Waller, 2017; NC-DETECT, 2021). We obtained daily aggregated counts 

of HRI ED visits. Days with fewer than five HRI cases were suppressed to maintain 

the confidentiality of patient identifiable information. 

Decennial census population data at the county level from 2010 were 

aggregated to the three regions in North Carolina. Equation (1) was used to estimate 

the rate of HRI morbidity per study region. 

HRI morbidity rate =  
Count HRI emergency department visits

Population at risk
∗ 100,000 … … … Equation 1 

 

Observed meteorological data 

Daily temperature data (mean (tmean), minimum (tmin), and maximum (tmax)) 

from the Global Historical Climatology Network-Daily (GHCN-D) database was 

extracted and aggregated by region. The GHCN-D dataset contains daily 

temperature measurements based on approximately five stations per region 

(Houston et al., 2012). Daily temperature measurements were homogenized to 

account for instrumentation and processing station observations (Rennie et al., 

2019). Dew point data was obtained from the Parameter-elevation Regressions on 

Independent Slopes Model (PRISM) dataset (PRISM, 2019). The relative humidity 

(RH), maximum apparent temperature (MAT), US NWS/Steadman's heat index 

(NWS_HI & Steadmans_HI), humidex, thermal discomfort index (TDI), and Excess 

Heat Factor (EHF) were computed by study region (Anderson et al., 2013; Baccini et 

al., 2008; Castelhano & Laboclima, 2017; Langlois et al., 2013). 

Natural simulations 

The natural simulations are an estimate of daily maximum temperature (tmax-

NS) in the absence of human-caused greenhouse gas emissions. The natural 



 21 

simulations are based on greenhouse gas emissions similar to the pre-industrial 

period (1980s) and not adjusted for stratospheric aerosol burden or solar luminosity 

(Stone et al., 2019). The daily maximum temperature observations assuming 

absence of human-caused greenhouse gas emissions (similar to pre-industrial 

period) were obtained from the dataset developed by the Climate of the 20th Century 

Plus Detection and Attribution (C20C+D&A) Project (Stone et al., 2019). The 

C20C+D&A project is built on an ensemble of multiple dynamic models based on the 

atmosphere-land system. Due to lack of data, we excluded the year 2013 and 2016 

in the analysis. We extracted daily maximum temperatures during the summer 

seasons of 2011, 2012, 2014, and 2015. 

Climate projections 

Localized and bias-corrected climate projections were obtained from the 

Localized Constructed Analogs (LOCA) database (Pierce et al., 2014). The LOCA 

dataset was statistically downscaled from the Climate Model Intercomparison Project 

5 (CMIP5) and corrected for bias using constructed analogs (Pierce et al., 2014). The 

current study was based on study regions, amounting to more coarse geographies. 

The use of LOCA data with 1/16º resolution allowed us to assign localized 

temperature projections to finer geographies. We focused on the Community Climate 

System Model version-4.0 (CCSM4) and Geophysical Fluid Dynamics Laboratory 

(GFDL) model outputs as these models outperformed other climate models in the 

Southeastern United States (Zhang et al., 2013). 

The climate projection dataset contained maximum temperature aggregated 

for three time periods: 1. Baseline (2011-2016), 2. Mid-century (2036-2065), and 3. 

Late century (2070-2099). The maximum temperature (tmax-FS) was estimated for 

each period, assuming intermediate (RCP4.5) and high-emission (RCP8.5) 

scenarios. 
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Analysis 

The analytic dataset contained the rate of HRI, tmean, tmin, tmax, RH, MAT, 

NWS_HI, Steadman_HI, humidex, TDI, and EHF at a daily scale (Table 1). 

Additionally, we created a nominal variable to describe seven days of the week 

(DOW), a binary variable to identify weekend or weekday (Wday), as well as a 

nominal variable representing month and year. 

 

Evaluating the relationship between climate metrics and HRI morbidity 

Spearman correlations were run to determine temperature metrics to include 

in further analysis. Five of ten variables (tmax, tmean, NWS_HI, Steadmans_HI, and 

MAT) had a correlation coefficient greater than 55% and these metrics were 

considered for evaluating association with HRI (Figure 4). The exploratory analysis 

suggested a nonlinear relationship between the rate of HRI and heat metrics.  

Table 1. Variables and data sources. 
 

Variables Source 

Temperature (tmax, tmin, tmean) GHCN-D 

Dew point PRISM 

Relative humidity Calculated using daily maximum 
temperature and dew point. 

Humidex/Heat Index Calculated using daily maximum 
temperature and relative humidity 

Thermal Discomfort index Calculated using daily maximum 
temperature and relative humidity 

Excess Heat Factor Calculated using the daily 
maximum temperature 

Natural simulations C20C+D&A 

Future climate projections LOCA 

HRI emergency department visits NC DETECT 

Total population US Census Bureau 

All the variables below (except total population) were measured at a 

daily scale by the physiographic region 
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Figure 4. Correlation between meteorological variables/heat 
indices and HRI morbidity. 
A-Coastal & B-Piedmont. The numeric values corresponding 
to the color legend (blue-positive association and red-
negative association) are the Spearman correlation 
coefficients that describe the association between two 
variables. The non-significant (P<0.05) correlation coefficient 
values were stricken off. 
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The nonlinear relationship between the HRI rate and heat metrics was 

evaluated using the Generalized Additive Model (GAM) - 'mgcv' package version 1.8-

34 (Wood, 2021) and distributed lag nonlinear model (DLNM) approach (the 'dlnm' R 

package version 2.4.5, Gasparrini et al. 2021). 

GAM is a semi-parametric framework to address non-linearity using 

smoothing splines (Dominici & Peng, 2008). The smoothing term was considered for 

the heat metric using cubic regression bases, with up to 5 knots (Wood, 2017b). The 

number of smoothing parameters for heat metrics was estimation using Generalized 

Cross Validation (GCV) method (Wood, 2017b). The associations were evaluated 

assuming gamma distribution and log link (Wood, 2017a). Additionally, we included 

day of week, month, and year, as covariates to adjust for potential temporal 

autocorrelation. To identify a heat metric as a predictor in our nested model with a 

smaller residual sum of squares, we compared the Akaike Information Criterion (AIC) 

and R-squared values. The statistical model using tmax outperformed to estimate the 

rate of HRI compared to other heat metrics (Equation 2). 

log(𝔼[HRI morbidity])= ∑ 𝑏𝑗
𝑛
𝑗=1 (𝑡𝑚𝑎𝑥)𝛽𝑗+  wDay +  Month +  Year +  𝜀 … Equation 2 

 

The distributive effect of heat metrics on HRI was estimated using DLNM 

(Gasparrini, 2011). The DLNM follows an interrupted time-series approach, where 

daily HRI ED visits were assumed to follow the Poisson distribution and were fit using 

the GAM, controlling for seasonal effect. We smoothed the heat metric exposure 

variable using cubic splines with 5 knots at equally spaced heat metric values. Using 

the ‘crossbasis’ function, we create a basis matrix between the heat metric and 5-lag 

days to model the association in each dimension. The association between heat 

metrics and HRI was evaluated for up to 5 lag days. DLNM was implemented using 

the ‘gam’ function, with daily HRI count as the outcome and the heat metric cross-

basis matrix. The DLNM approach was implemented using ‘dlnm’ package version 

2.4.5, and dependencies using ‘spline’, ‘mgcv’ packages (Gasparrini et al., 2021).  
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We then estimated the relative risk to daily maximum temperature by 0-5 lag 

days using the ‘crosspred’ function. The risk estimates for daily maximum 

temperature were predicted using the 70th percentile value (32ºC) as a reference. 

Attributing the burden of HRI morbidity to current anthropogenic climate change 

 The statistical model was trained by physiographic regions (Equation 2.) 

using tmax, time-series variables to estimate the rate of HRI. The model performance 

metrics were optimum while using three cubic regression splines for tmax for the 

Coastal region and four for Piedmont. The daily rate of HRI was estimated 

corresponding to the daily tmax-NS values. The percentage difference between the 

observed and estimated HRI rates assuming natural simulation was considered as 

the burden of HRI attributable to climate change. The mean difference between the 

daily rate of HRI between observed and natural simulation was tested using the 

paired t-test. Additionally, the frequency of hot days between natural simulations and 

actual observations was compared using the chi-square test. The percent of HRI 

attributable to anthropogenic climate change is expressed as median percent per 

year and interquartile range (IQR). 

Projecting HRI morbidity under future climate change scenarios 

 Using tmax as a predictor, we trained a statistical model (Equation 3) by 

physiographic regions to estimate the rate of HRI. Future HRI was estimated over 

three different 30-year periods (baseline, mid-century, and late century), focusing on 

RCP4.5 and RCP8.5 scenarios. The difference between HRI across two emission 

scenarios was evaluated using the paired t-test and the differences between HRI 

across the three time periods were assessed using Analysis of Variance. 

log(𝔼[HRI morbidity])= ∑ 𝑏𝑗
𝑛
𝑗=1 (𝑡𝑚𝑎𝑥)𝛽𝑗 +  𝜀 … Equation 3 

RESULTS 

During the study period, 28.81% (219) of Coastal and 28.94% (220) of 

Piedmont regional observations were suppressed. The suppressed data were 
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imputed with the median value (3) of the suppressed range. The Mountain region 

was excluded from the study due to poor data quality [50.13% (381) suppressed]. 

The mean HRI rate was 54.52 per 100,000 and 34.27 in the Coastal and 

Piedmont regions respectively. The annual HRI rate was consistently higher in the 

Coastal region than in Piedmont. In both study regions, the rate of HRI was higher 

(Coastal:40.94% higher; Piedmont: 28.47% higher) during the summer of 2015, 

compared to the study period (Table 2). The increase in the rate of HRI in 2015 could 

be due to a 14-day heat event with tmax exceeding 32°C, from June 13th-June 27th, 

2015. 

Association between daily maximum temperature and HRI 

The nonlinear association between HRI and tmax was established using the 

GAM (Figure 5). From the model diagnostics, we observed that about 80% of the 

deviance in HRI could be explained by equation 2 (Table. 3). Due to a higher number 

of observations with tmax between 26.7-35°C, there is a narrow residual confidence 

interval that reflects lower prediction uncertainty. 

  

Table 2. Rate of HRI morbidity per 100,000 persons. 

  2011 2012 2014 2015 2016 Study period 

Coastal 57.71 50.05 35.46 82.59 72.96 54.52 

Piedmont 39.12 33.66 19.00 45.69 45.22 34.27 

The population at risk was estimated using 2010 decennial population estimates 

per physiographic region in North Carolina. 
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Figure 5. Association between daily maximum temperature 
and HRI morbidity rate. 
The nonlinear association was estimated using the GAM 
framework, using spline terms for temperature and temporal 
variables (day of week, month, and year) to decompose the 
temporal trend. The x-axis represents the daily maximum 
temperature on the centigrade scale, and the y-axis represents 
the rate of HRI morbidity per 100,000 per day. The solid red 
and cyan line represent the effect of daily maximum 
temperature on HRI morbidity for the Coastal and Piedmont 
regions, respectively. The grey shaded area represents 95% 
confidence interval. The estimated degree of freedom for 
Coastal (s=3): 2.86; Piedmont (s=4):3.60. 
 

Table 3. Generalized additive model - diagnostics. 

  Coastal  Piedmont   

 a b a b 

AIC 189 -783 -1779 -1586 

Deviance explained (%) 76.6 70.1 79.6 74.2 

R-squared (%) 77.3 54.9 76.7 69.1 

a- based on equation 2; b- based on equation 3. 
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The results from the DLNM suggest that the risk of HRI significantly increased 

with tmax of more than 35°C. The HRI risk was higher during the day of exposure than 

the following days (Figure 6). When the tmax was recorded as 35°C, the HRI risk 

Figure 6. Distributive HRI ED visit risk associated with daily maximum 
temperature. 
A-Coastal & B-Piedmont. The color gradient represents risk ratio, blue 
– protective effect, and red – adverse effect. The x-axis represents lag 
values corresponding to the distributive effect (lag 0: same-day effect 
and lag 5: risk distributed by 5 days of exposure). The risk ratio values 
were generated using the DLNM framework. 
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declined from about 2 to 1.2 from the day of exposure to the following day, potentially 

indicating a harvesting – or displacement – effect. It showed non-significant results 

during lag 2-5 days in the Coastal and Piedmont regions (Figure 7). The results from 

the DLNM suggest a negligible distributive effect of daily maximum temperature 

exposure on HRI morbidity. 

 As the HRI risk was higher during the day of exposure than in the latent 

period, further analysis is based on the same-day exposure-outcome relationship. As 

the primary goal of the current work was to build a prediction model rather effect 

estimation, the GAM (Equations 2, 3) was used to estimate the rate of HRI. 

Burden of HRI attributable to anthropogenic climate change 

Over the four years studied (2011, 2012, 2014, and 2015), the frequency of 

hot days was about 30% higher during the actual observations than natural 

simulations in both the Coastal and Piedmont regions, (p-value < 0.001) (Figure 8). 

We observed a significant reduction in the daily mean rate of HRI morbidity in the 

Coastal (estimated assuming natural simulation: 0.32 per 100,000, observed: 0.40 

per 100,000; p-value < 0.001) and Piedmont (estimated assuming natural simulation: 

0.19 per 100,000, observed: 0.24 per 100,000; p-value < 0.001) assuming natural 

scenario rather than actual observations. In the Coastal region, 13.40% (IQR: -

34.90,95.52) of the HRI morbidity is attributable to anthropogenic climate change and 

16.39% (IQR: -35.18,148.26) in the Piedmont region (Figure 9). Based on our 

attribution analysis, about 83 HRI ED visits per summer season (152 days) in the 

Coastal region and 85 in Piedmont could be attributed to anthropogenic climate 

change. 
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Figure 7. Distributive HRI morbidity risk associated with daily maximum 
temperature exposure.  
This figure was generated using DLNM. Panels A-D are the results for Coastal 
region and E-H are for Piedmont region. The plots A, B, E, & F show the 
association between daily maximum temperature (on x-axis) and HRI morbidity 
risk (on y-axis). A & E were plotted by holding lag at 0 days (same day 
exposure-response association). B & F were plotted to show the distributive 
association between temperature and HRI morbidity at lag 5th day. The panels 
C, D, G, & H are plotted to show the distributive associations across lag 0-5 
days (on x-axis) and HRI morbidity risk (on y-axis). C & G were plotted by 
holding daily maximum temperature at 32ºC, whereas D & H were plotted by 
holding daily maximum temperature at 35ºC. 
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Figure 8. Comparison of the daily maximum temperature (actual 
observations vs. natural scenario). 
Observed data was obtained from the GHCN-D database. Simulated 
daily temperature data assuming without anthropogenic climate 
change (natural simulation) was obtained from the Climate of the 20th 
Century Plus Detection and Attribution (C20C+D&A) Project. 
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Figure 9. HRI morbidity attributable to anthropogenic climate change. 
Box plots are color coded by summer months and grouped by year. 
The boxplots show the median and interquartile range (25-75% 
range), outliers were represented using grey dots. The proportion of 
the box plot above the horizontal dashed line represent percent 
increase in HRI morbidity attributable to climate change. 
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The burden of HRI morbidity in the context of future climate change 

Aggregate tmax values for the baseline, mid-century, and late-century were 

estimated assuming intermediate emission (RCP4.5) and higher emission (RCP8.5) 

scenarios using the CCSM4 and GFDL-ESM2M model outputs. In both the Coastal 

and Piedmont regions, we observed a significant increase in the frequency of hot 

days (Figure 10). 

 

Figure 10. Projected maximum temperature using CCSM4 and GFDL 
model simulations. 
Climate projection data was obtained from the Localized Constructed 
Analogs database at 1/16º resolution. Among the 32 CIMP5 model 
runs, we included CCSM4 and GFDL simulations in this study. The x-
axis represents temperature on a centigrade scale and y-axis 
represents probability of distribution. 
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In the Coastal region, during the mid-century, we observed up to 31.45% 

increase in the median HRI, assuming a higher emission scenario compared to 

intermediate (p-value < 0.001). In the late century, the median HRI increased up to 

78.65%, assuming higher emission scenario, compared to the intermediate scenario 

(p-value < 0.001). Additionally, assuming the intermediate emission scenario, the 

median HRI increased up to 53.01% during the mid-century and up to 67.98% in the 

late century, compared to the baseline period (p-value < 0.001). Similarly, assuming 

a higher emission scenario, the median HRI increased up to 68.77% during the mid-

century and up to 116.31% in the late century, compared to the baseline (p-value < 

0.001). 

In the Piedmont region, during the mid-century, the median HRI increased up 

to 24.17% assuming higher emission, compared to intermediate (p-value < 0.001). In 

the late century, the median HRI increased up to 65.85% assuming higher 

emissions, compared to intermediate emission scenario (p-value < 0.001). 

Additionally, assuming intermediate emissions, the median HRI increased up to 

55.89% during the mid-century and up to 75.59% in late century, compared to the 

baseline (p-value < 0.001). Assuming higher emission scenario, the median HRI 

increased up to 77.28% during mid-century and up to 110.35% in late century, 

compared to the base line (p-value < 0.001) (Figure 11). 
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DISCUSSION 
 To our knowledge, this is the first study to identify a significant 

increase in HRI associated with current and future anthropogenic climate change. 

We identified that anthropogenic climate change attributed to higher frequency of hot 

days in North Carolina over a four-year period from 2011-2016. During the four-year 

study period, our findings suggest about 3 out of 20 HRI emergency department 

visits in North Carolina were attributable to anthropogenic climate change. In 

addition, future projections of climate change showed a continued increase in HRI 

over the next century. 

Our findings are similar to other studies that have found an increase in heat-

related mortality attributable to anthropogenic climate change. However, this is the 

first study to focus on morbidity. Unlike studies focused on mortality, morbidity better 

Figure 11. Estimated HRI morbidity rate in context of climate change. 
The box plots are color coded by time-period and grouped by climate 
scenario/climate model. The box plot shows median and interquartile 
range (25-75%), with outliers using grey dots. CCSM4 – Community 
Climate System Model (version. 4) & GFDL – Geophysical Fluid 
Dynamics Laboratory.  
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captures the total human health burden associated with climate change. Other 

studies focused on health outcomes associated with climate-related events show that 

mortality often underestimates the total impacts on health and the associated 

healthcare costs. Based on our results in two regions in North Carolina, we estimate 

that 13.4% and 16.4% of HRI emergency room visits from 2011-2016 occurred 

because of anthropogenic climate change. The HRI attributable to anthropogenic 

climate change could be translated to an average of up to 85 HRI emergency 

department visits per physiographic region per summer season. Similarly, Vicedo-

Cabrera et al. (2021) reported an average of about 23 heat-related deaths per year in 

6 major cities in North Carolina attributable to anthropogenic climate change (Vicedo-

Cabrera et al., 2021). Our results suggest that heat-related morbidity is 3.69 times 

higher than the heat-related mortality rate reported by Vicedo-Cabrera et al. (2021). 

The higher number of HRI could be due to the difference in the total number of cities 

included in our study (all the area covered under Coastal and Piedmont regions) 

compared to Vicedo-Cabrera et al., 2021, which included 6 major cities in North 

Carolina. It is also natural that morbidity should be higher than estimates of mortality, 

as not every heat-related illness result in a death. In North Carolina, the annual mean 

heat-related mortality rate is about 200 times less than the rate of heat-related ED 

visits [0.11 (1997-2001) versus 22.2 (2007-2012) per 100,000 persons] (Mirabelli & 

Richardson, 2005; Sugg et al., 2016). Additionally, the natural simulation data used 

in this study is from the C20C+D&A project (Stone et al., 2019a), whereas their 

simulation runs were obtained from the Detection and Attribution Model 

Intercomparison Project (DAMIP). The natural simulations from C20C+D&A were 

based on a dynamical ocean model (ocean surface and sea ice conditions) and are 

hypothesized to have minimal bias compared to the simulations from DAMIP that are 

based on prescribed sea surface conditions (Stone et al., 2019). The use of 

exposure data in our study from the C20C+D&A project versus DAMIP data being 

used by Vicedo-Cabrera et al., 2021, could introduce heterogeneity in ambient heat 
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exposure assessment. We observed a significant decline in the frequency of hot 

days assuming natural simulations than the actual observations, similar to Mitchell et 

al. (2016) and Vicedo-Cabrera et al. (2021). The HRI rate was significantly higher 

during the actual observations than in natural simulations. Further studies need to 

explore the current attributable impacts on morbidity associated anthropogenic 

climate change. 

Along with the current climate risk attribution, we estimated the HRI 

associated with future climate change. This study discussed the burden of HRI 

associated with climate change by comparing the HRI rate assuming intermediate 

and high emission scenarios. We observed a significant increase (up to 78.65% in 

Coastal and 65.85% in Piedmont regions) in HRI assuming a higher emission 

scenario (RCP8.5) compared to the intermediate emission scenario (RCP4.5). 

Additionally, the median rate of HRI significantly increased during the mid (up to 

68.77% in Coastal and 77.28% in Piedmont) and late century (up to 116.31% in 

Coastal and 110.35% in Piedmont) compared to the baseline during both the 

emission scenarios. Similar results were reported by Lay et al. (2018), who estimated 

an increase in HRI emergencies by 32% in 2050 and 79% in 2090, assuming 

RCP8.5 compared to the RCP4.5 scenario. Kingsley et al. (2016) reported a 20% 

increase in HRI in Rhode Island assuming the RCP8.5 scenario and attributable to 

climate change. Our results (up to 31.45% increase in HRI during mid-century and 

78.65% in the late century) are similar to the HRI changes reported by Lay et al. 

(2018) and Kingsley et al. (2016). The heterogeneity in the findings from our study 

compared to the literature could be explained by the climate variability and human 

vulnerability to natural hazards across geographies (Ebi, 2018). The findings from the 

fourth national climate assessment suggest that the population living in the 

Southeastern US are exposed to extreme temperatures more than in the other parts 

of the US (Carter, 2018). Similarly, variability in vulnerability characteristics across 

geographies that interact with natural hazards such as extreme heat could result in 
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differential exposure-response associations by geographic areas (Berke et al., 2015; 

Cutter & Finch, 2008). Transitioning to the presentation of the HRI burden associated 

with anthropogenic climate change, we discussed our findings using the percent 

increase in HRI morbidity. Lay et al. (2018) estimated the attributable cost of heat on 

morbidity using employer-based health insurance claims database of people under 

the age of 65. Discussing HRI in terms of cost often provides compelling insights that 

would effectively advocate policy change but were associated with limitations. The 

health data being used by Lay et al. (2018) excluded the most vulnerable population 

groups, such as the unemployed and elderly. In contrast, our study did not restrict 

vulnerable population groups from North Carolina. 

The evidence-based findings from our study discussing HRI attributable to 

climate change play a key role in public health education and preparedness that are 

relevant to extreme temperature exposure. Translating our results into public health 

action by developing community scale risk mitigation plans could substantially 

minimize the HRI risk. In addition, this study could support actuarial approaches as a 

framework to assess the human health risks associated with extreme events driven 

by climate change. Unlike the existing literature, our methodology contextualized 

both current and future HRI morbidity attributable to climate change. Our 

comprehensive methodologic approach in quantifying HRI morbidity associated with 

climate change using the acute (GAM) and distributive (DLNM) associations would 

allow direct comparison of effect estimates from two statistical approaches that are 

commonly practiced in climate attribution studies. Additionally, population 

vulnerabilities, such as age, gender, comorbidities, household type, income, nature 

of the employment and daily activity, are known to interact or mediate with 

temperature exposure in exacerbating HRI risk (Ebi et al., 2021b). Along with 

population vulnerabilities, community build characteristics could mediate the HRI risk 

associated with climate change. Certain phenomenon, such as the urban heat island 

and heat dome effect, were identified to be driving factors associated with extreme 
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heat exposure disparities by geography (Henderson et al., 2022; Tuholske et al., 

2021). These phenomena are typically driven by neighborhood characteristics, such 

as land use and land cover (Fard et al., 2021). Further studies discussing human 

health risks attributable to the current and future climate change, by considering 

population vulnerabilities and neighborhood characteristics could address these gaps 

in the research. As we observed strong correlation with daily maximum temperature, 

compared to the heat metrics based on temperature and humidity during the study 

period, the statistical model based on temperature was trained to predict HRI 

morbidity attributable to current and future climate change. According to the 2017 

National Climate Assessment, there is a minimal change in summer precipitation 

associated with climate change in the Southeastern region, compared to the other 

regions in the US (Easterling, 2017). However, the future changes in precipitation 

trends could influence the HRI morbidity estimates.  

In this study, the future projections of HRI were estimated using static 

population (2010 decennial census). The objective of this study is to estimate the 

percent change in HRI over time, rather than presenting an absolute count of future 

HRI ED visits. Few studies adjusted for future population growth (Lay et al., 2018; 

Martinez et al., 2016) to describe the results based on absolute counts to estimate 

the cost associated with hospitalizations and ED visits. Estimation of the future 

population growth would be essential to translate estimated number of HRI morbidity 

or mortality from the current period to project future HRI. In this study, we discussed 

the human health burden associated with future climate change using the percent 

change in the rate of HRI, which do not require population growth estimation. Due to 

data limitations, we did not calculate the excess number of morbidities associated 

with future climate change, which is essential for the cost estimation. Additionally, 

changes in population characteristics across North Carolina physiographic divisions 

could influence our study results. 
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CONCLUSION 

 This work adds strong evidence quantifying the human health risk associated 

with current and future climate change in the Southeastern United States. This study 

estimated about 3 out of 20 emergency room visits associated with HRI in North 

Carolina during the study period is attributable to anthropogenic climate change. 

Additionally, a substantial increase in HRI assumed a high emission scenario 

compared to an intermediate emission scenario. Our findings suggest that 

anthropogenic climate change is already having a significant effect on human health 

and will continue to have impacts in the future. Our findings suggest that adaptation 

interventions, along with greenhouse gas mitigation, are needed to reduce the health 

impacts of climate change. As current climate change is already causing increases in 

hospitalization, public health interventions should be implemented now to reduce the 

current and future health burden. By using best knowledge and practices, the health 

impacts associated with climate change can be addressed. 
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CHAPTER 3: EVALUATING THE SENSITIVITY OF HEAT WAVE DEFINITIONS 

AMONG NORTH CAROLINA PHYSIOGRAPHIC REGIONS 
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ABSTRACT 

Exposure to extreme heat is a known risk factor that is associated with 

increased heat-related illness (HRI) morbidity and mortality. The relevance of heat 

wave definitions could change across the health conditions and geographies due to 

the heterogenous climate profile. This study compared the sensitivity of 28 heat wave 

definitions associated with HRI emergency department visits over five summer 

seasons (2011-2016), stratified by two physiographic regions (Coastal and 

Piedmont) in North Carolina. The HRI rate ratios associated with heat waves were 

estimated using the generalized linear regression framework assuming a negative 

binomial distribution. We compared the Akaike Information Criterion (AIC) values 

across the heat wave definitions to identify an optimal heat wave definition. In the 

Coastal region, heat wave definition based on daily maximum temperature with a 

threshold >90th percentile for two or more consecutive days had the optimal model fit. 

In the Piedmont region, heat wave definition based on the daily minimum 

temperature with a threshold value >90th percentile for two or more consecutive days 

was optimal. Additionally, we observed that the optimal heat wave definitions from 

this study captured the moderate and frequent heat episodes better than the National 

Weather Service (NWS) heat products that worked best for extreme heat episodes. 

In this study, we compared the HRI morbidity risk associated with epidemiologic 

based heat wave definitions and with NWS heat products. Our findings could be 

used for public health education and suggest recalibration of NWS heat products. 

INTRODUCTION 

A heat wave is often described as an acute episode of one or more 

consecutive days with temperatures or heat indices exceeding a threshold value 

(Mazdiyasni & AghaKouchak, 2015). However, there is no standard definition to 

identify heat waves (USGCRP, 2016a). Heat waves are typically classified using a 

synoptic (e.g., air mass, temperature-humidity index), physiologic (e.g., 

Environmental Stress Index, Wet Bulb Global Temperature), or epidemiologic 
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approach (Hajat et al., 2010). Hajat et al. (2010) reported that epidemiologic-based 

algorithms (temperature-mortality relationship) identified the days with higher heat 

related mortality. 

Heat waves are associated with an increased risk of HRI outcomes (Knowlton 

et al., 2009). In the United States (US), roughly 700 heat-related deaths per year are 

attributable to ambient temperature exposure (Vaidyanathan et al., 2020). The 

frequency and intensity of heat waves have been on the rise since the industrial 

revolution and are likely to increase in the future due to climate change (IPCC, 

2021a; Rennie et al., 2019). In Philadelphia, heat-related risk communication, along 

with the NWS warnings, played a crucial role by minimizing up to 3 heat related 

deaths per day that are associated with extreme heat exposure (Ebi et al., 2004; 

Kalkstein et al., 1995). In the US, public health departments rely on heat products 

(e.g., excessive heat watch, heat advisory, and excessive heat warning) from the 

local National Weather Service Weather Forecast Office (NWS-WFO) to 

communicate heat-health risks. According to Weinberger et al., (2018), the NWS 

heat products moderately reduced the impact of extreme heat on human health, but 

the human health risk associated with ambient temperature is not a resolved issue. 

Despite the early heat warnings, the average annual percentage of HRI 

emergency department visits in North Carolina has increased by 19% over the last 

decade (CDC n.d.; NCDHHS n.d.). The rise in HRI risk could be due to various 

factors ranging from population vulnerabilities and higher thresholds for temperature 

and humidity set by NWS for issuing heat alerts (Wellenius et al., 2017). There are 

multiple attempts in characterizing human health risks associated with heat wave 

definitions (Anderson & Bell, 2011; Hajat et al., 2010; Vaidyanathan et al., 2016; 

Vaidyanathan et al., 2019; Xu et al., 2016). To evaluate heat wave definitions, most 

of these studies focused on extreme events in the context of minimizing heat-related 

deaths. Epidemiologic studies evaluating the association between outdoor 

temperature exposure (e.g., heat waves or ambient temperature) and human health 
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are generally focused on extreme events, where the human health outcome is 

typically measured as cause-specific or all-cause mortality (Song et al., 2017; Xu et 

al., 2016). A meta-analysis on heat wave definition evaluation studies summarized 

that the studies included in this review generalized the warnings to a larger 

geographic area, such as a state or a group of states (Xu et al., 2016). Generalizing 

heat warning systems over larger geography may not be ideal due heterogeneity in 

exposures, population vulnerability, and exposure-outcome associations (Reid et al., 

2009). Physiographic or sub-regional scale heat warning systems that account for 

meteorological heterogeneity and specific to health conditions were found to play a 

role in minimizing the human health risks associated with heat waves (Ebi et al., 

2004; Fechter-Leggett et al., 2016; McElroy et al., 2020; Vaidyanathan et al., 2019).  

This study assessed the association between frequent and moderate heat 

waves and HRI emergencies in North Carolina physiographic regions. The objective 

of this study was to compare the statistical model performance of heat wave 

definitions and assess their association with HRI emergency visits in North Carolina. 

Additionally, we aim to compare the heat wave definition with the best model 

performance from our study with the NWS extreme heat alerts. 

MATERIALS AND METHODS 

This study was focused on five summer seasons (May 01-September 30) 

from 2011 to 2016 among the three physiographic regions (Coastal, Piedmont & 

Mountain) in North Carolina. The year 2013 was excluded in this study due to data 

availability constraints. 

Data 

Heat metrics 

Daily mean, minimum, and maximum temperatures were obtained from the 

Global Historical Climate Network – Daily (GHCN-D) database (NCEI n.d.; Rennie et 

al., 2019). Dew point data was obtained from the Parameter-elevation Regression on 
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Independent Slopes Model (PRISM) database (PRISM n.d.). The station-based 

temperature measurements and gridded dew point data were aggregated by 

physiographic regions. The daily maximum apparent temperature and relative 

humidity were estimated using daily maximum temperature and dew point using 

“heat.index.function” and “dewpoint.to.humidity” functions available from the 

weathermetrics package in R (Anderson et al., 2016). 

Heat Wave definitions 

Twenty-eight heat wave definitions (Table 4) associated with human health 

outcomes were adopted from the existing literature and were included in this study 

(Anderson & Bell, 2011; Kent et al., 2014; Smith et al., 2013; Vaidyanathan et al., 

2016). These heat wave definitions were classified based on four factors: 1) a heat 

metric (daily mean, minimum, maximum, and apparent temperatures), 2) duration 

(number of days), 3) threshold type (relative/absolute), and 4) threshold intensity. 

Among the two threshold types, relative threshold-based definitions account for 

cumulative heat exposure (2+ or 3+ consecutive days), and definitions based on 

absolute threshold are based on single heat day exposure. The heat wave definitions 

based on daily temperature as metric and a relative threshold were classified using 

four percentile values (99, 98, 95, 90) as threshold intensity. The percentile threshold 

values were calculated using historic observations over the summer season from 

1895-2016. The definitions based on the apparent temperature as metric and a 

relative threshold were classified using three percentile threshold values (95, 90, 85) 

as threshold intensity. 

Among the 28 heat wave definitions (HW_01 to HW_28) included in this 

study, 24 are based on relative threshold values, and four heat wave definitions use 

an absolute threshold value. Three of the 27 heat wave definitions using relative 

threshold values were based on maximum apparent temperature as the heat metric. 

The remaining 24 heat wave definitions were based on the daily mean (HW_01-

HW_08), maximum (HW_09-HW_16), and minimum (HW_18-HW_25) temperature 
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values as the heat metric. Additionally, one heat wave definition using absolute 

threshold value is based on daily maximum temperature as the heat metric (Table 4). 

Using the 28 heat wave definitions, we categorized the summer days during the 

study period as heat waves and non-heat wave days using a binary variable to 

indicate heat waves. 

National Weather Service – Heat products 

The heat products released by the NWS during the study period were 

retrieved from the Iowa Environmental Mesonet (IEM n.d.). During the study period, 

the NWS heat products (heat advisories and excessive heat warnings) released by 

the three NWS-WFOs (ILM-Wilmington; MHX-Newport/Morehead city; and RAH-

Raleigh) located in North Carolina were included in this study. The WFOs ILM and 

MHX cover most of the Coastal region, and RAH covers the Piedmont region (NWS-

WFO n.d.). Among the three WFOs, heat products released by the ILM and MHX 

follow the NWS procedural directive. The RAH WFO is the only center in North 

Carolina that collaborated with health partners to revise the heat products (Ferrell et 

al., 2017). The heat products from RAH are based on local conditions such as 

maximum temperature instead heat index, sunlight, nighttime temperature, 

heterogeneity between rural and urban temperatures, and knowledge from historical 

weather conditions (Ferrell et al., 2017). The heat products used in the three WFOs 

located in North Carolina are based on the following criteria. A heat advisory is 

released during the days when the daytime heat index value is between 100-105°F 

(NC-DPS, 2022). An excessive heat warning is released if the daytime heat index 

forecast value is between 105-110°F (NC-DPS, 2022). 

We extracted the start and end dates and county information from the Iowa 

Environmental Mesonet heat product archives. The county information was 

aggregated to the North Carolina physiographic region scale to match the spatial 

resolution of the health data included in this study. The NWS heat products were 
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represented using a binary variable (NWS_HW) to identify the days with NWS alerts 

on a daily scale by physiographic region. 

Heat-related illness 

Daily HRI-related emergency department visit data were obtained as an 

aggregate count per day per physiographic region from the North Carolina Disease 

Event Tracking and Epidemiologic Collection Tool (NC DETECT) surveillance 

program maintained by the North Carolina Division of Public Health (NC DPH) (NC-

DETECT, 2021). Heat-related illnesses were defined using ICD-9 CM codes with 

E992/E900.0/E900.0/E900; ICD-10 CM codes within T67/X30/X32; and various 

keywords from the chief compliant/triage notes (Morano & Waller, 2017; NC-

DETECT, 2021). The days with HRI emergency department visits fewer than five 

were censored, amounting to 28.81% (219) of observations from the Coastal and 

28.94% (220) in the Piedmont region. The days with censored HRI emergency visits 

in the Coastal and Piedmont regions were imputed by the median value of 3 visits 

per day. The Mountain region was excluded from the analysis as 50.13% of the data 

was censored due to low HRI emergencies. 

Statistical analysis 

The sensitivity of 28 heat wave definitions was compared using the Akaike 

Information Criterion (AIC) value corresponding to the model fit (Hibble, 2014; Peng, 

2008) evaluating the HRI morbidity rate associated with heatwaves included in this 

study. AIC is a metric that is a balance between model accuracy and penalty due to 

complexity, commonly used to measure the optimal model fit (Equation 4) (Kamo et 

al., 2013). A smaller the AIC value (close to -∞) represents an optimal fit (Dunn & 

Smyth, 2018). 

AIC = goodness of fit + penalty … Equation 4 
 

The HRI rate ratios corresponding to the 28 heat wave definitions included in 

this study were estimated using the Generalized Linear Model (GLM) and assuming 
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negative binomial distribution to account for outcome overdispersion. To compare the 

HRI risk across physiographic regions, the regression model was adjusted for 

population density by using the 2010 decennial population by region as an offset 

term (USCB n.d.). To estimate the direct effect of heat wave definitions, the statistical 

models using heat wave definitions based on temperature as a heat metric were 

adjusted for relative humidity and NWS heat wave alert days were added as 

covariates to adjust for potential confounding effects and effect modification. 

Similarly, the statistical models with heat wave definitions using apparent 

temperature as a heat metric were adjusted for NWS heat alerts. Additionally, to 

account for temporal autocorrelation, we adjusted the statistical models mentioned 

above for the day of the week (weekday/weekend (binary)), month (factor), and year 

(factor) (Figure 12 and Equation 5). In equation 5, HW is a binary variable represents 

heat wave definitions, RH represents relative humidity, NWS-HW represents NWS 

heat wave alerts, and TS represents the time series variables (day of week, month, 

and year). 

𝑙𝑜𝑔 (
𝐸(𝐻𝑅𝐼 𝑐𝑜𝑢𝑛𝑡)

𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
) = 𝛽0  + 𝛽𝐻𝑊  + 𝛽𝑅𝐻  +  𝛽𝑁𝑊𝑆_𝐻𝑊  +  𝛽𝑇𝑆 +  𝜀 …Equation 5 

 

We processed 28 statistical models stratified by physiographic region to 

obtain the rate ratio (RR) and 95% confidence intervals. The sensitivity of heat wave 

definitions was evaluated by comparing the AIC values across heat wave definitions 

by physiographic region that were generated from the GLM output. The statistical 

model with the lowest AIC value among the 28 heat wave definitions was considered 

the optimal heat wave definition. We then compared the overlap between the days 

considered as heat waves from this study and the NWS heat products using the Chi-

Square test (Walker, 2010). The analysis was conducted using R version 4.0.3 and 

MASS package version 7.3 (Ripley et al., 2013).  
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RESULTS 

Heat wave definition – Sensitivity 

Among the 28-heat metrics included in this study, the heat wave definition 

using maximum temperature had the best fit with HRI morbidity in the Coastal region 

and mean temperature for the Piedmont region. The heat wave definitions based on 

a moderate (90th) percentile threshold for Coastal and Piedmont regions had an 

optimal model fit than the heat wave definitions based on extreme threshold (99th, 

98th, and 95th percentile) values. 

In the Coastal region, the heat wave definition based on daily maximum 

temperature as a heat metric with a threshold value > 90th percentile for two or more 

consecutive days (HW_15) had the optimal model fit (lowest AIC value) to estimate 

the HRI morbidity compared to the heat wave definitions included in this study. We 

Figure 12. Conceptualization of evaluating the direct effect of 
temperature or apparent temperature on HRI ED visits. 
We assumed that the association between temperature and HRI is 
mediated through NWS heat products. Additionally, relative humidity 
is influenced by temperature. To evaluate the association between 
heat wave definitions based on temperature and HRI, we adjusted 
for relative humidity and NWS heat products. We adjusted for NWS 
heat products while evaluating the association between heat wave 
definitions based on apparent temperature and HRI ED visits. 
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did not observe a similar result for the Piedmont region. In the Piedmont region, the 

heat wave definition based on daily mean temperature as a heat metric with a 

threshold value > 90th percentile for two or more consecutive days (HW_07) had the 

optimal model fit to estimate the HRI morbidity. In the Coastal region, the heat wave 

definition HW_15 is associated with 2.75 (95% CI 2.40-3.08) times higher HRI 

morbidity rate during heat wave days than the non-heat wave days. In the Piedmont 

region, the heat wave definition HW_07 is associated with a 2.72 (95% CI 2.46-3.01) 

times higher HRI morbidity rate compared to the non-heat wave days (Figure 13; 

Table 4). 

  

Figure 13. HRI rate ratio corresponding to heat wave definitions. 
The rate ratios and the corresponding 95% confidence intervals were generated 
using the generalized linear model (GLM), assuming a negative binomial 
distribution. The X-axis represents distinct heat wave definitions, stratified by North 
Carolina physiographic regions, and grouped by metric and threshold type. The Y-
axis represents the HRI morbidity rate ratio, which could be interpreted as an 
increase/decrease in HRI morbidity rate during a heat wave day compared to a 
non-heat wave day.  
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Using the HW_15 definition, 27% (190/704) of the days in the Coastal and 

using the HW_07 heat wave definition, 34% (241/719) of the days in the Piedmont 

region were flagged as heat wave days during the study period (Table 5). There are 

an average of 6 HRI ED visits per day in the Coastal region during the heat wave 

days based on HW_15 and an average of 8 HRI ED visits per day during the heat 

wave days based on HW_07 in the Piedmont region (Table 5). The frequency of heat 

wave days in the Piedmont region using the HW_07 definition was 24% higher than 

in the Coastal region using the HW_15 definition. About 72% of the heat wave days 

from the Coastal region matched with the Piedmont region. During the study period, 

Table 4. Description of heat wave definitions 
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we observed a lower number of heat wave days during the summer of 2014. The 

frequency of heat wave days was higher in July than in other summer months, based 

on the epidemiologic relationship-based heat wave definition (Coastal: HW_15; 

Piedmont: HW_07). 

 
 

Table 5. Frequency of heat wave days and HRI ED visits in North Carolina 
physiographic regions. 
 

  Month 

  May Jun Jul Aug Sep 

  a b a b a b a b a b 

2
0
1
1
 HW 3 1 21 14 22 25 10 15 0 0 

ED 65 37 309 334 225 417 195 302 0 0 

2
0
1
2
 HW 0 0 5 6 23 27 0 8 2 6 

ED 0 0 45 95 306 520 0 112 35 52 

2
0
1
4
 HW 0 0 6 7 7 11 0 5 5 6 

ED 0 0 101 141 103 149 0 55 68 92 

2
0
1
5
 HW 0 0 15 16 14 19 5 9 2 3 

ED 0 0 817 897 306 569 117 177 25 54 

2
0
1
6
 HW 0 0 5 8 24 26 19 24 2 5 

ED 0 0 80 204 721 950 366 499 30 106 

a-Coastal; b-Piedmont; HW- number of heat wave days using the definition 

from this study [Coastal: HW_15; Piedmont: HW_07] and excluding the 

days that overlapped with the heat wave days flagged by the NWS; ED-

number of HRI emergency department visits corresponding to the heat 

wave days. 
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Comparing epidemiologic-based heat wave definition and NWS heat products 

During the study period, NWS flagged 26 days in the Coastal and 18 days in 

the Piedmont regions as heat waves. The NWS heat wave days overlapped with the 

optimal heat wave definition identified in this study (HW_15 for Coastal and HW_07 

for Piedmont). In the Coastal region, there were a significantly higher (6-times) 

number of heat wave days based on HW_15 than the NWS heat alerts (McNemar 

2=158.15, df=1; P<0.05). Similarly, the Piedmont region had a significantly higher 

(13 times) number of heat waves based on HW_07 than the NWS heat alerts 

(McNemar 2=219.04, df=1, P<0.05) (Figure. 14). 
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B 

A 

Figure 14. Comparison of the effective heat wave definition with the NWS-
Heat alerts. 
The X-axis represents daily temperature in degrees Celsius (Coastal: 
maximum temperature & Piedmont: minimum temperature). The Y-axis 
represents the daily rate of heat-related illness morbidity per 100,000 
population. Panel A – Coastal & B – Piedmont region. Color coding: 1. Red: 
Categorized as heat wave day from this study (HW_15 or HW_07) and the 
NWS; 2. Blue: Categorized as heat wave day only based on our result; 3. 
Beige: Not flagged as a heat wave day from our results nor the NWS. 
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DISCUSSION 

This study compared the optimal model fit using AIC values across the 28 

heat wave definitions. Additionally, it compared the heat wave days flagged using the 

optimal definition identified from this study to the NWS heat products. We observed 

that the heat wave definition based on the maximum temperature (HW_15) had an 

optimal performance for the Coastal region and the mean temperature-based heat 

wave definition (HW_07) for the Piedmont region. The heat wave definitions 

mentioned above were associated with 2.75 (95% CI 2.40-3.08) times higher rate of 

HRI morbidity in the Coastal region and 2.72 (95% CI 2.46-3.01) times higher HRI 

morbidity rate in the Piedmont than the non-heat wave days. During the study period, 

our results suggest an average of 39 excess heat wave days per year (Coastal-33 

days; Piedmont-45 days) based on the heat wave definitions (Coastal: HW_15 and 

Piedmont: HW_07). During the summer season, most of the days in July were 

flagged as vulnerable to heat-related emergencies while using the heat wave 

definitions from this study. 

Heterogeneity while evaluating the heat wave definitions across the US 

climate regions or sub-regions was well established in the literature (McElroy et al., 

2020; Vaidyanathan et al., 2016; Vaidyanathan et al., 2019). To address the 

meteorological heterogeneity within North Carolina, we evaluated the heat waves 

stratified by physiographic delineations with clustering the administrative boundaries 

into physiographic regions. In North Carolina, there are two WFOs covering the 

Coastal region and a WFO covering the Piedmont region. The WFO covering the 

Piedmont region collaborated with the regional health partners to revise the heat 

thresholds. The WFO that overlaps the Piedmont region considered revising its heat 

threshold based on the local conditions for optimization (Ferrell et al., 2017). 

Independent WFOs setting heat product thresholds at a sub-regional scale would be 

beneficial for the climate related heterogeneity across the administrative boundaries. 
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However, a study discussing the heat products across the US reported that the three 

WFOs across the Coastal and Piedmont regions follow the same threshold value and 

criteria to release heat products (Ferrell et al., 2017). In contrast to the homogenous 

heat product thresholds across the physiographic regions, our results suggest 

heterogeneity of the heat wave definitions between the Coastal and Piedmont 

regions.  

The results from our study overlapped with the observations from a previous 

study that compared the sensitivity of heat wave definitions across San Diego climate 

zones, using heat-related hospitalizations as an outcome (McElroy et al., 2020). 

McElroy et al. (2020) reported using daily maximum temperature above 90th 

percentile (29.11°C) in a day as a criterion for heat wave definitions in the Coastal 

region to be most efficient, using heat-related hospitalizations as an outcome. In this 

study, we observed that the heat wave definition based on daily maximum 

temperature above 90th percentile (31.97°C) for two or more days had an optimal fit 

with HRI morbidity in the Coastal region. Additionally, we observed that the heat 

wave definition based on daily mean temperature was optimal for the Piedmont 

region, whereas McElroy et al. (2020), reported that heat wave definitions based on 

daily maximum and minimum temperature had the most impact in the Inland and 

Desert regions of San Diego. The major difference between our findings and McElroy 

et al. (2020) is focused on the duration criterion for defining heat waves. We 

observed that the heat wave definitions using two or more days as a duration 

criterion had an optimal fit, compared to McElroy et al. (2020) reporting that absolute 

thresholds were most efficient. 

Early heat health warning systems play a crucial role in systematically 

minimizing the risks associated with outdoor temperature exposure (Ebi et al., 2004). 

Multiple studies attempted to characterize a gold standard heat wave definition, 

where most of these studies compared the sensitivity of the heat wave definitions in 

the context of mortality (Anderson & Bell, 2011; Vaidyanathan et al., 2016; Xu et al., 
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2016). Vaidyanathan et al. (2016) evaluated the sensitivity of several heat wave 

definitions and their association with heat-related deaths by comparing the effect 

estimates (extreme heat effect). Similarly, Anderson and Bell. (2009) evaluated the 

sensitivity of heat wave definitions based on the percent increase in relative risk 

associated with heat-related mortality. McElroy et al. (2020) evaluated heat waves by 

climate zones, using the attributable risk associated with heat-related 

hospitalizations. These studies assessed the optimal heat wave definition by 

comparing the effect estimates/relative or attributable risks associated with health 

outcomes, whereas we compared and identified an optimal heat wave definition per 

North Carolina physiographic regions using a model fit metric – lowest AIC value 

(model fit) instead of the effect estimates (strength of association). 

Using AIC as a metric we compared 28 heat wave definitions and identified a 

heat wave definition with an optimal model fit. The heat wave definition (HW_15) 

using daily maximum temperature with a percentile value > 90th percentile for two or 

more consecutive days had an optimal fit for the Coastal region. Similarly, using daily 

mean temperature with a threshold value > 90th percentile for two or more 

consecutive days was optimal for the Piedmont region compared to the heat wave 

definitions included in this study. During the study period, 27% of the summer days in 

the Coastal and 34% in the Piedmont region were flagged as vulnerable to HRI 

emergencies by our definition. In contrast, the NWS released heat products during 

~2.5% of the summer days. During the study period, there were an average of 783 (6 

per day) HRI emergency visits per summer season during the days flagged as 

vulnerable based on the HW_15 definition in the Coastal region and 1,152 (8 per 

day) HRI emergencies per summer season in the Piedmont region during the days 

flagged as vulnerable to heat-related emergencies using the HW_07 definition. 

Abasilim and Friedman. (2021) reported about 16 heat-related hospitalizations per 

day during the summer days without NWS excess heat warnings in Illinois. 
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Our results could be influenced by the interaction between vulnerability 

factors and risk perception. Additionally, our results are subjective to a variety of 

unmeasured biases driven by human vulnerabilities such as co-existing medical 

conditions, occupational vulnerabilities, demographics (age, gender, race, education, 

urbanicity), and socioeconomic factors (wealth, employment, housing) that were 

identified to exacerbate the risk of heat-related illnesses (Danzl, 2018; Gronlund, 

2014; Guirguis et al., 2018; Fard et al., 2021; Jung et al., 2021; Niu et al., 2021; 

Sorensen et al., 2021). Additionally, our results could be influenced by effect 

modifiers such as human behavioral factors that include knowledge on heat risk 

sensitivity, external locus of control, and emotional and cognitive factors heavily alter 

the risk perception of heat warnings (Beckmann & Hiete, 2020; Kalkstein & Sheridan, 

2007; Toloo et al., 2013). Further studies evaluating heat wave definitions using 

mixed methods by considering quantitative information from human vulnerability 

characteristics and qualitative information from heat risk perception, could strengthen 

the heat health risk ascertainment. 

CONCLUSION 

Our results showed heterogeneity of the optimal heat wave definitions among 

the Coastal and Piedmont regions in North Carolina. Additionally, the threshold 

values associated with the optimal heat wave definitions were smaller compared to 

the NWS thresholds for the North Carolina physiographic regions. Our results 

suggest recalibration of the heat wave definitions being used by the NWS WFOs in 

North Carolina. 
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CHAPTER 4: JOINT ASSOCIATION BETWEEN OUTDOOR AIR POLLUTANT 

MIXTURE AND PEDIATRIC ASTHMA EXACERBATIONS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Accepted for publication in Environmental Epidemiology 

This chapter is a version of published article, included in this dissertation with the 
publisher’s permission.  



 61 

ABSTRACT 

Exposure to air pollutants is known to exacerbate asthma, with prior studies focused 

on associations between single pollutant exposure and asthma exacerbations. As air 

pollutants often exist as a complex mixture, there is a gap in understanding the 

association between complex air pollutant mixtures and asthma exacerbations. We 

evaluated the association between the joint effect of an air pollutant mixture (52-

pollutants) and pediatric asthma exacerbations. This study focused on children (age 

≤ 19-years) who lived in Douglas County, Nebraska, during 2016-2019. The 

seasonal scale association between the joint effect of the outdoor air pollutant 

mixture, adjusting for potential confounders (temperature, precipitation, wind speed, 

and wind direction), in relation to pediatric asthma exacerbation-related emergency 

department (ED) visits, was evaluated using the generalized weighted quantile sum 

(qWQS) regression with repeated holdout validation. We observed associations 

between the air pollutant mixture and pediatric asthma exacerbations during the 

spring (lagged by five days), summer (lag 0-5 days), and fall (lag 1-3 days) seasons. 

The estimate of the joint outdoor air pollutant mixture effect was higher during the 

summer season (adjusted-βWQS=1.11, 95% confidence interval [CI]: 0.66-1.55), 

followed by spring (adjusted-βWQS=0.40, 95% CI: 0.16-0.62) and fall (adjusted-

βWQS=0.20, 95% CI: 0.06-0.33) seasons. Among the air pollutants, PM2.5, pollen and 

mold contributed more heavily to the air pollutant mixture. There were associations 

between the outdoor air pollutant mixture and pediatric asthma exacerbations during 

the spring, summer, and fall seasons. Among the 52 outdoor air pollutant metrics 

investigated, PM2.5, pollen (sycamore, grass, cedar), and mold (Helminthosporium, 

Peronospora, and Erysiphe) contributed most heavily to the air pollutant mixture. 

INTRODUCTION 

Asthma is a chronic airway inflammatory disease characterized by repeated 

episodes of wheezing, breathlessness, cough, and reversible airway obstruction that 

is often exacerbated by environmental exposures (Barnes, 2018; Rich et al., 2015). 
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In the U.S., 46% of the population experience at least one exacerbation of disease 

per year, and the prevalence among children is 10% higher than in adults (Pate et 

al., 2021). During 2010-2018, approximately 88 per 10,000 children/year sought 

emergency care in the U.S. due to an exacerbation of asthma (CDC, 2020). Pediatric 

asthma incurs a severe economic burden on the U.S. healthcare system, with a total 

direct cost of $5.9 billion per year (Perry et al., 2019). 

Asthma exacerbations are typically associated with environmental factors 

such as criteria pollutants (sulfur dioxide, nitrogen dioxide, carbon monoxide, ozone, 

particulate matter), aeroallergens (pollen, mold), and weather conditions 

(thunderstorms) (Bell et al., 2018; Erfanian & Collins, 2020; Lee et al., 2019; Poole et 

al., 2019; Saha et al., 2021; Zhang et al., 2020). Exposure to particulate matter with a 

diameter of less than 2.5 μm (PM2.5), sulfur dioxide, nitric oxides, and ozone have 

each been identified to play an important role in pediatric asthma exacerbations 

(Bettiol et al., 2021; Liu et al., 2021; Orellano et al., 2017). Unlike the other criteria 

pollutants, particulate matter is a complex mixture containing several viable and non-

viable components including pollen fragments, bacterial products, metal, acids, and 

organic chemicals (Lippmann & Chen, 2007). 

Extensive efforts are emerging on characterizing non-viable particulate matter 

such as metals, carbon (elemental, organic, black) (Galvao et al., 2018) and its 

associations with pediatric respiratory outcomes (Ho et al., 2021; Khatri et al., 2021; 

Kim et al., 2021). Despite ample evidence on the associations between 

aeroallergens and pediatric asthma (Caillaud et al., 2018; Gent et al., 2012; Li et al., 

2019; Marques Mejias et al., 2019), there is limited information available that could 

be generalized at a community scale. Air pollutants often occur as a complex mixture 

and evaluating associations between the numerous outdoor air pollutants and human 

health outcomes requires a multi-pollutant mixture analytic approach (Dockery, 

1993). Environmental mixture analysis techniques are ideal for toxin identification, 

mixture effect, and individual contribution (Gibson, Goldsmith, et al., 2019; Gibson, 
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Nunez, et al., 2019). To the best of our knowledge, there has been one prior study 

focused on the combined effect of air pollutants (ozone, nitric oxide, and PM2.5) and 

pediatric asthma using a categorical joint effect model (Gass et al., 2015). However, 

the compound effect of pollen and mold along with criteria pollutants in the context of 

the compound effect modeling framework has not been explored. Mixture effect 

models play a crucial role in understanding the overall synergistic effect of air 

pollutants and identifying candidate pollutants among the air pollutants that 

contribute the most to trigger pediatric asthma exacerbations. 

Thus, the aim of this study was to evaluate the association in time (0-5 lag 

days) between outdoor air quality mixtures of 52 air pollutants, including 8 criteria 

pollutants, 27 pollen metrics, and 17 mold metrics and pediatric asthma 

exacerbations.  

METHODS 

Study area 

This study evaluated the association between the compound exposure of an 

air pollutant mixture (criteria pollutants, pollen, and mold) and pediatric asthma 

exacerbations in Douglas County, Nebraska (NE), from 2016 to 2019. The 

associations were assessed by meteorological seasons [Winter: December-February 

(325 days); Spring: March-May (364 days); Summer: June-August (364 days); Fall: 

September-November (360 days)]. Douglas County is the most populated county in 

the state of Nebraska, with 29% of the state population concentrated in the county 

(USCB, 2019). Approximately 28% of the Douglas County population is under 19 

years of age (USCB, 2019). 

Pediatric asthma exacerbations 

Data from emergency department (ED) visits was obtained from the 

Nebraska Hospital Information System (NHIS), maintained by the Nebraska Hospital 

Association. The NHIS database contains non-proprietary health care claims data 
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(837I obtained directly from hospitals (Center for Medicare and Medicaid Services 

(CMS), 2021; NHA-NHIS, 2021). This study includes ED visit data from January 01, 

2016, to December 31, 2019, of children (age ≤ 19 years and living in Douglas 

County, NE) who visited an emergency department with a primary diagnosis of 

asthma exacerbation with an ICD-10 code of J45.x (4,195 ED visits). We excluded 

subjects diagnosed with exercise-induced bronchospasm (J45.990; 44 children). In 

total, 4,151 children were included. The study protocol was reviewed by the 

University of Nebraska Medical Center, Institutional Review Board, Protocol #0629-

21-EP. 

The pediatric population estimates for Douglas County, NE, were obtained 

from the 2019 American Community Survey (5-Year) data (USCB, 2019). 

Air pollutant exposure 

This study includes criteria pollutants (8), pollen (27), and mold (17) obtained 

from multiple sources. Daily observations of the air pollutants and weather data were 

obtained at the county scale. 

Criteria pollutants 

 We obtained the criteria pollutant measurements from the US Environmental 

Protection Agency (USEPA) ground monitoring station located at the Douglas County 

Health Center (AQS Site ID: 31-055-0019) (USEPA, 2020). The daily maximum 

observations of carbon monoxide (CO), nitric oxide (NO), nitrogen dioxide (NOy), 

reactive oxides of nitrogen (NOy- NO), sulfur dioxide (SO2), ozone (O3), and 

particulate matter (PM2.5 and PM10) were obtained from the samples obtained at an 

hourly scale. The metrics CO and O3 were measured as parts per million (PPM), NO, 

NOy, NOy-NO, and SO2 were measured as parts per billion (PPB), and particulate 

matter (PM2.5 and PM10) was measured as micrograms per cubic meter. 
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Aeroallergens (Pollen and Mold) 

 The aeroallergen data were obtained from the Asthma and Allergy Center, 

located in Bellevue, Nebraska (a suburb adjacent to Omaha). The aeroallergen 

monitoring station located in Bellevue, NE is the only station in Nebraska accredited 

by the National Allergy Bureau (American Academy of Allergy, Asthma and 

Immunology (AAAAI), 2021). The aeroallergen monitoring station is located within a 

15-mile radius of the Douglas County region. The pollen and mold samples were 

obtained from a sampling station located on the 3rd story rooftop of the UNMC 

Bellevue Medical Center. The samples were collected using a Rotorod Sampler 

Model 40 (1.52*1.52*32 mm). The sampling strategy involves the application of 

silicone grease to the rod and rotation of the retracting rod at a speed of 2,400 rpm 

for 1 minute in every 10-minute interval for 24 hours. The samples were then 

collected daily at 7 AM by placing the retractable rod on the stage adapter. The 

samples were stained using Calberla's stain and counted at 40X under the 

microscope. The pollen and mold counts were estimated as particles per 3.12 m3 of 

air.  

 Among the 44 aeroallergens measured at the Asthma and Allergy Center, 27 

variables correspond to pollen and 17 to mold. The pollen metrics could be further 

clustered into 17 tree pollen, 7 weed pollen, 1 grass pollen, and 1 unknown pollen 

measurement. 

Weather indicators 

 Daily observations of maximum temperature, precipitation, average wind 

speed, and wind direction (fastest 5-second wind direction) data were obtained from 

the Global Historical Climatology Network (GHCNd) (NOAA, 2021). These 

observations were retrieved from the monitoring station located at the Omaha Eppley 

Airfield (Station ID: USW00014942). The daily temperature was measured in Celsius, 

precipitation in millimeters, wind speed in miles/hour, and wind direction in degrees. 
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Missing data imputation 

The missing air pollutant observations (~6%) were imputed using Probabilistic 

Principal Component Analysis (PPCA) (Hegde et al., 2019; Stacklies et al., 2007). Air 

quality and weather metrics were included as loading variables in the PPCA. We 

estimated the root mean square percentage error (RMSPE) by performing cross-

validation to estimate the prediction error introduced during the imputation and 

observed that the RMSPE values ranged between 4-12% per metric. The analytic 

dataset (1,413 days) contains pediatric asthma exacerbation count, air pollutants (52 

variables), and weather metrics (6 variables), measured at a daily scale. 

Statistical analysis 

 To assess the correlation across the 52-air pollutants included in this study, 

we estimated the Spearman correlation coefficients stratified by four seasons. 

Statistically significant correlations were considered for the correlation coefficients 

with a p-value less than 0.05. The association between the compound exposure of 

air pollutant mixture and pediatric asthma exacerbation emergencies was evaluated 

using generalized Weighted Quantile Sum (gWQS) regression with a repeated 

holdout (Carrico et al., 2015; Tanner et al., 2019). The regression model was 

implemented using a mixture of 52 air pollutants constructed on a quantile scale as 

an exposure variable. The associations were evaluated using uncontrolled 

interrupted time-series (UITS) design to preserve the temporal trend that allowed us 

to assess the lagged exposure-response associations by season. The primary 

outcome was the daily count of pediatric asthma related ED visits. We included daily 

temperature, precipitation, wind speed and wind direction in the statistical model to 

adjust for the potential confounding effect of weather metrics on pediatric asthma. 

The association between air pollutant mixture and pediatric asthma exacerbation-

related ED visits was evaluated. The gWQS regression model was implemented 

assuming that the air pollutants would have a positive association towards pediatric 

asthma exacerbations due to its conditional homogeneity. These associations were 
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presented as a same-day exposure-response relationship (lag0) and delayed 

associations where the air pollutant mixture exposure was evaluated for potential 

associations with pediatric asthma exacerbations that could be delayed by 1-5 days. 

The analytic dataset was split into training (40%) and validation (60%) data. 

We considered 100 bootstrap samples per iteration and repeated for 100 iterations 

using repeated holdout to stabilize the effect estimates. The model output provided a 

mean effect estimate of the outdoor air pollutant mixture and a 95% confidence 

interval. Additionally, the contribution of each air pollutant included in the WQS 

mixture was reported as a median percentage and its 95% confidence interval. All 

the analysis were conducted using statistical software R version 3.5.1. 

RESULTS 

In Douglas County, NE, there were 15.8 (age-adjusted) asthma-related ED 

visits per 10,000 children/year. Over the four years, the age-adjusted rate of ED visits 

was higher in 2016, with an estimate of 17.96 ED visits per 10,000 children/year 

(Table 6). During the study period, the rate of pediatric asthma exacerbations was 

consistently higher during the spring and fall seasons. The annual median crude rate 

of ED visits was higher among male children of age under five years (102 per 10,000 

children/year) and children of age between 5 and 9 years (103.8 per 10,000), 

compared to children of age 10-14 years (63 per 10,000) and 15-19 years (29 per 

10,000). A similar trend was not observed with the female population (Figure 15). 
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There were 2-4 ED visits per day in all four seasons during the study period. 

There were 172 days (12.17%) during the study period (total of 1,413 days) without 

any ED visits for pediatric asthma exacerbation. The summer season had the highest 

Table 6. Rate of pediatric asthma ED visits per season and year per 10,000 children 
 

 

Year 

Seasona   

Winter Spring Summer Fall Overallb 

AAR CR AAR CR AAR CR AAR CR AAR CR 

2016 3.23 13.64 5.06 20.80 3.18 10.02 6.38 26.10 17.96 73.56 

2017 3.22 13.27 4.50 18.44 3.27 13.32 4.83 19.75 15.83 64.78 

2018 1.86 7.60 4.36 17.82 3.57 14.64 4.13 17.01 13.93 57.05 

2019 3.03 12.27 4.98 20.50 2.66 10.90 4.80 19.50 15.47 63.16 

a-per season (3 months); b-per year; AAR: Age-adjusted rate; CR: crude rate 

 

 

 

Figure 15. Rate of pediatric asthma exacerbations per 10,000 children stratified 
by age groups and gender (2016-2019). 
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number of days (71 days, 19.50%) without any ED visits, followed by winter (53 days, 

16.30%), fall (25 days, 6.94%), and spring (23 days, 6.31%). The highest number of 

ED visits for asthma exacerbations was during the spring and fall season. 

 

 

We identified statistically significant positive correlations between ozone and 

mold counts during the winter (r= 3-12%; p-value<0.05); between the 17 mold 

species (r= 12-83%; p-value<0.05). In spring, we found significant positive 

correlations between ozone and mold (r= 0.8-26%; p-value<0.05); tree pollen 

(hickory, walnut, pine) and mold (r=0.2-56%; p-value<0.05). In the summer, there 

were statistically significant negative correlations between ozone and mold (r=0.3-

21%; p-value<0.05), and significant positive correlations between pollen counts from 

tree and grass (r= 12-47%; p-value<0.05). In the fall season, there were significant 

negative correlations between mold, pollen (weed and grass) and criteria pollutants 

(Nitrogen oxides) (r=15-36%; p-value<0.05). In addition, there were significant 

positive correlations between pollen (weed, grass) and mold count (r=3-69%; p-

value<0.05) during fall season. 

The association between outdoor air pollutant mixture and pediatric asthma 

exacerbations was evaluated at a seasonal scale. We observed associations 

between the outdoor air pollutant mixture and pediatric asthma exacerbations during 

the spring, summer, and fall seasons. During the winter season, we observed 

statistically non-significant associations between the air pollutant mixture and 

pediatric asthma exacerbations. Hence, we emphasized the statistically significant 

associations observed during the spring, summer and fall seasons. 

We found delayed (lag5-days) associations between air pollutant mixture and 

asthma exacerbations during the spring season. Namely, in the spring season, three 

deciles increase in the air pollutant mixture was associated with about 1 asthmatic 

ED visit per day that lagged by 5-days post-exposure (adjusted βWQS 0.40, 95% CI: 
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0.17-0.63) (Figure 16). Among the air pollutants included in this study, tree pollen 

(sycamore), grass pollen, and mold (Helminthosporium, Polythrincium) contributed 

the highest weights to the pollutant mixture effect during the spring season (Figure 

17). Sycamore and grass pollen are typically seen during April and May, with a peak 

pollen count in late April, whereas the Helminthosporium and Polythrincium, were 

observed during most of the days in the Spring season (Table 7, Figure 17). 

 

 

  

Figure 16. Association between outdoor air pollutant mixture and pediatric 
asthma exacerbations. 
Y-axis represents the beta coefficient (effect estimate) of outdoor air pollutant 
mixture. X-axis represents seasons of a year. The confidence intervals of the 
crude model are represented using dotted line and the adjusted model using 
solid line. Adjusted model includes temperature, precipitation, wind speed and 
direction as covariates. Effect estimates with statistically significant association 
were represented using blue and statistically non-significant associations were 
represented using orange. The effect estimates and 95% confidence intervals 
were generated using qWQS regression with 100 repeated holdouts. L0-C 
represent the crude effect estimate with same day exposure-response 
association. L0-L5 are the adjusted effect estimates, where “0” represent same 
day association and 1-5 represent the exposure-delayed response associations 
ranging from 1-5 days. 
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Table 7. Descriptive statistics of pollutants with a higher contribution to the mixture 
effect 

Season Pollutant Mean weight 

% Days 

non-

zero 

values 

Air pollutant 

concentration 

Median 

(IQR) 
Mean (SD) 

Spring 

Grass pollena 0.073 24.73 0 (0) 10.30 (37) 

Helminthosporiuma 0.056 11.26 0 (0) 4.65 (20.1) 

Sycamorea 0.052 26.10 0 (0-1) 4.91 (23.4) 

Fall 

Erysiphea 0.045-0.138* 13.61 0 (0) 12.50 (42.6) 

Cedara 0.044-0.064* 30.83 0 (0-1) 5.60 (25.2) 

PM2.5b 0.056-0.057* 100 13 (10-17) 13.60 (5.49) 

Summer 
Peronosporaa 0.046-0.157* 16.48 0 (0) 15.40 (49.3) 

Ragweeda 0.107-0.145* 28.85 0 (0-2) 39.40 (133) 

*-Range of mean percent weights contributed across the lag period (1-3 days for fall 

season and 0-5 for summer season); a: measured as particles per 3.12 cubic meter 

of air; b: measured as micrometer per cubic meter; IQR: Interquartile range; SD: 

Standard deviation. 
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  Figure 17. Aeroallergen trend by week 
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We observed that associations between air pollutant mixture and pediatric 

asthma exacerbations lagged by 1-3 days in the fall season. In the fall season, five 

deciles increase in the air pollutant mixture was associated with approximately 1 ED 

visit/day (adjusted βWQS range 0.15-0.20), lagged by 1-3 days (Figure 15, Figure 16). 

Among the air pollutants, mold (Erysiphe), tree pollen (cedar), and PM2.5 were higher 

and commonly contributed to the air pollutant mixture effect over lag 1-3 days during 

the fall season (Figure 18). During the study period, we observed peak spore count 

of Erysiphe during September, followed by a declining trend until November. 

Although cedar pollen is recognized to commonly peak between February and April, 

we observed cedar pollen starting from September until May (Figure 17). 

During the summer season, we observed associations between air pollutants 

and pediatric asthma exacerbations (lag 0-5 days). There is a declining trend of 

effect estimates starting from same day associations to the effect lagging by 5-days. 

Focusing on the same-day exposure-outcome associations, each decile increase in 

the outdoor pollutant mixture was associated with about a 1 ED visit per day 

(adjusted βWQS 1.11, 95% CI: 0.66-1.55) increase in pediatric asthma exacerbations. 

Mold (Peronospora) and weed pollen (ragweed) had higher contributions and 

commonly contributed to the mixture effect over lag 0-5 days. The effect estimate 

decreased up to 20% from the same day exposure-response compared to the 

associations lagging by 2-3 days. Additionally, the effect estimate declined up to 40% 

from the same day exposure compared to the association lagging by 4-5 days. 

During the study period, we observed ragweed pollen starting from July, with the 

annual peak counts during August. In contrast, Peronospora spore counts were 

observed throughout the year with an annual peak spore counts between July and 

September. 
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Figure 18. Contribution of individual pollutant to the air pollutant mixture weights. 
X-axis represent the lag period (0-5 days) by season. Y-axis represent individual air 
pollutants contributed to the mixture effect. The size of the squares represents the 
percent mean weight of the pollutant contributed to the pollutant mixture. Larger the 
size of the square represents higher weight. The color of each square represents if the 
pollutant weight obtained from a model with statistically significant associations (Grey 
– Non-significant; Black – Significant associations). Pollutant weights were obtained 
from the gWQS regression with 100 repeated holdouts. 
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DISCUSSION 

This study evaluated the association between outdoor air pollutant mixture 

and pediatric asthma exacerbation-related emergency visits in Douglas County, NE. 

The seasonal scale associations were analyzed using daily scale data over four 

years (2016-2019). This study focused on evaluating the same day (lag0) exposure-

response and delayed associations that lagged up to 5 days. This study included 52 

air pollutants that were categorized as criteria pollutants, pollens, and molds, as a 

mixture and were included in the gWQS regression model using a quantile scale. 

Additionally, the joint association of air pollutant mixture was estimated upon 

adjusting for temperature, precipitation, wind speed, and wind direction. 

The rate of pediatric asthma exacerbation-related ED visits peaked during the 

spring and fall season. The seasonal trend of the pediatric asthma exacerbations that 

required an ED visit aligned with the results from a national scale study that reported 

higher asthma rates during the March-May and September-November time periods 

(Gerhardsson de Verdier et al., 2017). Additionally, Rodrigues et al. (2021) reported 

similar seasonal pattern of asthma-related hospitalizations among children in Lisbon, 

Portugal, suggesting the seasonal relevance corresponding to the beginning of the 

school year. The overlap between increased pediatric asthma exacerbations and the 

beginning of the school year could be due to an extended outdoor exposure window 

among children aged 4-19 years (Gao et al., 2022). 

In this study, we observed a positive association between outdoor air 

pollutant mixture and pediatric asthma exacerbations during the spring, summer, and 

fall seasons. The exposure-outcome associations during the summer season were 

consistent with a lag of 0-5 days, whereas during the spring season the associations 

of pollutant mixture levels to pediatric asthma exacerbations lagged by five days, in 

the fall season there was a lag of 1-3 days. These associations during the summer 

season could be explained by total outdoor time spent, which is heavily influenced by 
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weather conditions. Meng et al. (2021) reported that children are more vulnerable to 

total air pollutant exposure during non-winter days than winter.43 In this study, there 

were lower criteria pollutant concentrations and null values for aeroallergen counts 

for majority of the winter days. This could be also due to logistical issues in 

measuring aeroallergens during the winter days with snow and ice. In addition, we 

suspect that harsh winter weather conditions preclude outdoor activities by children 

and thus minimize exposure. 

Pollen from grass and plants (sycamore), as well as mold (Helminthosporium) 

contributed higher weights to the outdoor pollutant mixture in the spring season. In 

the fall season, mold (Erysiphe), trees pollen (cedar), and PM2.5 consistently 

contributed over lag 1-3 days to the outdoor air pollutant mixture. In the summer 

season, mold (Peronospora) and weed pollen (ragweed) consistently contributed to 

the outdoor air pollutant mixture associated with pediatric asthma exacerbations with 

a lag period ranging from 0-5 days.  

A few case-crossover studies reported that exposure to outdoor air pollutants 

such as pollen [tree (birch), weed, and grass], mold (Alternaria, Cladosporium, 

Aspergillus, Helminthosporium, and Penicillium), and criteria pollutants [particulate 

matter (PM2.5) and ozone] are associated with an increase in pediatric asthma 

exacerbations (Batra et al., 2021; De Roos et al., 2020; Denning et al., 2006; Fisk et 

al., 2007; Gleason et al., 2014; Heguy et al., 2008; Mendell et al., 2011; Niedoszytko 

et al., 2007; Shrestha et al., 2021). Additionally, Cox et al. (2020) reported that indoor 

mold exposures have also been associated with wheezing among children. Our 

results shared some common attributes with the existing literature (Batra et al., 2021; 

De Roos et al., 2020; Denning et al., 2006; Fisk et al., 2007; Gleason et al., 2014; 

Mendell et al., 2011; Niedoszytko et al., 2007; Shrestha et al., 2021), by 

demonstrating the association between outdoor air pollutants (mold and criteria 

pollutants) and pediatric asthma exacerbations. 
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Weed pollen exposure as a mixture was associated with increased pediatric 

asthma exacerbations, whereas a stratified analysis focused on the ragweed 

exposure was reported to be associated with a decline in pediatric asthma 

exacerbations (De Roos et al., 2020; Gleason et al., 2014; Heguy et al., 2008). In 

contrast, a few studies reported that ragweed exposure is associated with increased 

respiratory symptoms (wheezing, shortness of breath, and cough) and asthma 

exacerbations among children (Jones et al., 2019; Zhong et al., 2006). These 

findings suggest conflicting associations between ragweed exposure and pediatric 

asthma exacerbations reported in the literature. Our results showed that ragweed 

consistently contributed to the outdoor air pollutant mixture effect that is associated 

with an increase in pediatric asthma exacerbations during the summer season. 

Additionally, tree pollen contributed to the air pollutant mixture during the 

spring and fall seasons. Even though trees typically pollinate during the spring 

season, we observed about 31% of days during the fall season with cedar pollen. A 

similar pattern was observed for cedar pollen measurements among different cities in 

the Great Plains region (Texas, Missouri, Oklahoma). Lo et al. (2019) reported cedar 

pollen counts that could be clustered into two seasons (January-March & September-

December) that were observed in Missouri (Springfield), Oklahoma (Tulsa, 

Oklahoma City) and Texas (Waco, Austin, Houston, College Station, San Antonio). 

Our results suggest that cedar pollen contributed to air pollutant mixture during the 

fall season (mean pollen concentration:5.6; SD:25.2), which reflects pollen counts 56 

times less than the pollen counts during the spring season (mean:311; SD:1,493). 

Asthma, one of the most common causes of morbidity and hospitalizations in 

childhood, is a complex disease influenced by many genetic factors and 

environmental factors including aeroallergens, pet dander, dust mite, molds, viral 

infections, indoor and outdoor air pollution (Crain et al., 2002; Rubner et al., 2017; 

Pavrod et al., 2018; Tiotiu et al., 2020). Several of these environmental agents 

mediate disease consequences through disrupting the integrity of the airway 
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epithelium and release of alarmins including thymic stromal lymphopoietin (TSLP), 

interleukin (IL)-33 and IL-25 (Steinke et al., 2020). These events trigger activation of 

mast cells, type-2 innate lymphoid cells (ILC2), T helper type 2 (Th2) cells and 

eosinophilic recruitment and further release of Th2 cytokine (i.e., IL-4, IL-5, IL-9, IL-

13) (Steinke et al., 2020). Specific immunoglobulin-E (IgE) to outdoor aeroallergens 

typically develops after the age of 3 years (Durrani et al., 2020), the aeroallergens 

demonstrated in our study of grass pollen, tree pollen (sycamore, cedar), weed 

pollen (ragweed) and mold (Helminthosporium) are associated with allergic and 

asthmatic disease (Bridgewater et al., 2020). Future studies evaluating allergenicity 

of the molds Erysiphe and Peronospora are warranted to understand their potential 

role in influencing allergic and asthma diseases. 

This study has several strengths such as utilizing robust outdoor pollutant 

(criteria pollutants, pollen, and mold) data at a daily scale and evaluating exposure-

response associations using mixture effect framework. In the context of air quality 

and human health outcomes research, most studies have considered criteria 

pollutants as exposure. The substantial focus on criteria pollutants could be due to 

the USEPA Clean Air Act (USEPA, 2021) that require monitoring and reporting of 

criteria pollutants. As a result of the US EPA Clean Air Act, there are more than 

4,000 air quality monitoring stations that measure hourly or daily levels of criteria 

pollutant measurements that are made publicly accessible at the US EPA Air Quality 

System database (USEPA, 2021). The continuous monitoring and accessibility of 

criteria pollutant data could be one of the reasons that motivated researchers to 

evaluate health outcomes associated with criteria pollutants. As of 2021, there are 

about 85 aeroallergen measuring stations in the United States that collect pollen data 

at least four days per week (AAAAI, 2021). The availability of criteria pollutant and 

aeroallergen (pollen and mold) measurements at a daily scale allowed us to conduct 

a comprehensive study evaluating association between air pollutants as a mixture 

and pediatric asthma exacerbations in Douglas County, NE. Similar study could be 
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conducted using time-stratified case-crossover design to adjust for confounders such 

as age and gender. However, in this study we followed UITS design to preserve 

temporal trend to assess the lagged associations. 

Our study also has limitations, as the exposure data was based on outdoor 

monitoring stations, and the effect estimates are subject to non-differential 

misclassification of the exposure. The few studies that compared the air pollutant 

exposure measured at a monitoring station to personal exposures, found strong 

correlations for PM2.5 and sulfate concentrations that included the elderly population 

and PM10 exposure that included children (Ebelt et al., 2000; Janssen et al., 2005; 

Sarnat et al., 2000; Williams et al., 2000). As the comparison between outdoor air 

pollutants and personal exposures is limited to particulate matter, there is a gap in 

understanding the dynamics of aeroallergens (pollen/mold) with particulate matter 

(Janssen et al., 1999). We did not consider an effect of single pollutant as our main 

contribution of this article to assess the joint association between air pollutant mixture 

(criteria pollutants, pollen, and mold) and pediatric asthma exacerbation related ED 

visits. However, pollutants with higher weights from our results using air pollutants as 

a mixture overlapped with the findings from single pollutant model conducted by 

Gonzales-Ramirez et al. (2019). 

Our results were also not standardized for population vulnerabilities such as 

poverty, race/ethnicity, and education, which could play a key role in differential 

exposure misclassification. We did not account for indoor exposure to house dust 

mites, cockroaches, pet dander (dog/cat), and smoking (primary/secondary), 

resulting in an unmeasured potentially confounding effect. Due to convergence 

issues in the statistical model, we did not conduct stratified analysis to evaluate the 

role of confounding, interaction, or effect modification due to age, gender, body mass 

index, and co-morbidities associated with asthma exacerbations. Our study results 

are influenced by exposure misclassification, effect modification, and unmeasured 

confounding, violating exchangeability; therefore, our results do not infer causal 
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relationships. Further cohort-based studies exploring the controlled direct effect, 

reference/mediated interaction, and pure indirect effect are necessary to establish a 

causal relationship between outdoor pollutants and pediatric asthma. A strength of 

this study was understanding the joint association between 52-air pollutants as a 

mixture and pediatric asthma exacerbations, future studies may also be warranted to 

explore interaction terms between air pollutants that contributed to higher weights. 

Additionally, climate change was identified to alter the aeroallergen season length 

and timing (Manangan et al., 2021; Schramm et al., 2021). As we observed that 

aeroallergens played a key role in pediatric asthma exacerbations, future studies 

evaluating asthma exacerbations in the context of climate change could minimize 

unmeasured biases. 

CONCLUSION 

 To our knowledge, this is the first study to evaluate the association between 

air pollutant mixture and pediatric asthma exacerbations. Our findings shared 

attributes with the existing literature based on single pollutant exposures. As criteria 

pollutants (influenced by the number of industries and motor vehicles) and 

aeroallergen levels (due to dominance of tree species and weather conditions) vary 

by geographic area, our findings have substantial public health implications in the 

Great Plains region. Identifying air pollutants at the household level and mitigating 

potential sources associated with indoor pollutants, could substantially improve 

respiratory health among children. 
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CHAPTER 5: DISCUSSION 

SUMMARY OF FINDINGS 

The three studies in this dissertation quantified the environmental health risks 

associated with human health using public health surveillance systems. The first and 

second studies were based on the health data obtained from NC-DETECT, a 

syndromic surveillance database maintained by the NC-DHHS. These studies 

quantified the HRI morbidity associated with ambient temperature stratified by 

physiographic regions in North Carolina. The first study quantified the rate of HRI 

emergency department visits attributable to current and future climate change. In the 

second study, we compared heat wave definitions with the best model fit associated 

with HRI morbidity. Additionally, we compared the heat wave definition with the 

National Weather Service warnings. 

The third study assessed the joint association between 52 ambient air 

pollutants and pediatric asthma exacerbations. Additionally, we estimated the 

percentage weight of each air pollutant contributing to the joint effect. These 

associations were evaluated by stratifying them into four meteorological seasons.  

Through these studies, we provided a comprehensive outlook on the 

temporal trend of the acute health outcomes associated with environmental 

exposures. We quantified the acute exposure-response associations using public 

health surveillance systems. The primary goal of this dissertation is to provide a 

framework to assess environmental health risks using public health surveillance 

databases. Our framework is specific to the use cases where randomized control 

trials are not feasible to estimate the environmental health risks.  

This dissertation has contributed to the literature in the planetary and 

environmental health domain by assessing environmental health risks that relied on 

principles that intersected across epidemiology, environmental health, and data 

science. Additionally, our findings in this dissertation may help community leaders, 

public health departments, and policymakers to mitigate risks or to develop resilience 
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plans. Moreover, we described the morbidity trends and preventable fraction of 

health emergencies associated with environmental exposures. 

The first study estimated the HRI morbidity rate attributable to current and 

future climate change. We assessed the non-linear association using GAM and 

DLNM framework to rule out the possible distributive association between ambient 

temperature and HRI morbidity. Using the statistical model assessing the association 

between temperature exposure and HRI morbidity, we estimated the HRI morbidity 

attributable to current and future climate change. Findings from our study could help 

public health departments and actuaries to develop heat risk mitigation strategies to 

strengthen the resilience of communities against ambient temperature exposure. 

Previous studies attributed human health risks to climate change, focusing on 

extreme events or using mortality as an outcome. Using mortality as an outcome 

could be appropriate in the studies emphasizing extreme heat events. Exposure to 

extreme heat events such as the 1995 Chicago heat wave could aggravate HRI 

mortality. Relying on mortality as an outcome in climate attribution studies focusing 

on ambient temperature could underestimate the human health risks associated with 

climate change. Many individuals with HRI could seek medical attention and may not 

manifest into HRI-related death. We focused on the acute health outcome associated 

with exposure to heat to minimize possible biases in quantifying human health risks 

associated with climate change. 

The second study compared the sensitivity of heat wave definitions 

associated with HRI morbidity. We included 28 heat wave definitions from the 

literature for comparison. We compared the AIC values obtained by fitting a 

generalized linear model between heat wave definition (binary exposure) and HRI 

morbidity (count outcome) to identify the sensitive heat wave definition. As the 

median HRI count is greater than the average, we assumed negative binomial 

distribution of the outcome. We observed heterogeneity between the sensitivity of 

heat wave definitions across the Coastal and Piedmont regions of North Carolina. 
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Additionally, we compared these heat wave definitions with the NWS heat 

products. We observed a significantly higher number of heat waves using the 

definitions from this study compared to the NWS warnings. During the summer days 

flagged as heat waves using the definitions from this study, we observed an average 

of 7 HRI emergency department visits per day. 

Several studies compared heat wave definitions to identify a gold standard 

but used mortality as an outcome and larger geographic areas (climate regions or 

political boundaries). As mentioned earlier, we relied on HRI morbidity to minimize 

possible outcome estimation bias associated with ambient temperature exposure. 

This is the first study that compared epidemiology-based heat wave definitions with 

NWS heat products. We hypothesize that the NWS heat products could efficiently 

minimize HRI mortality and supplementing epidemiologic-based definitions with the 

NWS heat products could minimize HRI morbidity. 

Transitioning to the findings from the third study, we assessed the joint 

association between ambient air pollutants and pediatric asthma exacerbations. We 

observed a higher rate of pediatric asthma exacerbations during the fall and spring 

seasons during the study period. However, we observed a statistically significant 

association between ambient air pollutant mixture and pediatric asthma 

exacerbations during the summer, fall (lagged by 1-3 days), and spring (lagged by 5 

days) seasons. Among the 52 air pollutants included in this study, pollen and mold 

contributed a higher weight among the ambient air pollutant exposures. 

 We observed a heterogeneous pattern among the contribution of ambient air 

pollutants to the pediatric asthma exacerbations that varied by season. Our findings 

from this study, identifying the joint association of the air pollutant mixture and 

estimating the contribution of each pollutant from the air pollutant mixture, could 

support public health departments and healthcare providers to improve 

environmental health literacy in communities. 
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CONTRIBUTION TO THE LITERATURE 

The studies included in this dissertation contributed to the literature by 

targeting specific dimensions in quantifying environmental health risks using public 

health surveillance systems. In the first study, we contributed to the field by 

estimating the fraction of HRI-related emergency department visits attributable to the 

current and future climate change. A few studies attributed all-cause or HRI-related 

mortality to climate change, using administrative boundaries. This study used 

physiographic delineations to estimate the acute outcome (HRI morbidity) associated 

with ambient temperature exposure. Moreover, this is the first study that reported 

both the acute and distributive exposure-response associations between outdoor 

heat metrics and HRI morbidity. 

The second study made a unique contribution by comparing the sensitivity of 

28 heat wave definitions to HRI morbidity. A few studies compared numerous heat 

wave definitions using mortality as an outcome and emphasized extreme heat 

events. But there is limited information on moderate and frequent heat wave events 

that could worsen HRI-related emergencies and hospitalizations. To address the 

gap, we focused on identifying a heat wave definition with the best model fit (lowest 

AIC value) associated with HRI morbidity. This is the first study to compare the 

results from an epidemiologic-based heat wave definition to the NWS heat products. 

In the third study, we contributed by assessing the joint association of 52 

ambient air pollutants as a mixture and pediatric asthma exacerbation-related 

emergency department visits. We quantified the joint associations and individual 

contributions of the pollutants associated with pediatric asthma exacerbations. 

Overall, this dissertation contributed by addressing several gaps in the 

environmental health discipline using public health surveillance systems. Similar, 

studies could be conducted using a cross-sectional design by decomposing the 

temporal information (Wu et al., 2020), which is more likely to introduce systematic 

biases such as exposure measurement bias (Lash et al., 2021). There are pros and 
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cons associated with ITS and cross-section study designs. The ITS design minimizes 

potential systematic bias but limits the usage of covariates measured at an individual 

scale (age, gender, comorbidities). The cross-sectional study design would allow the 

researchers to expand analysis using covariates but introduce systematic bias that 

would distort the effect estimates. 

However, this dissertation highlighted the scope of environmental 

epidemiologic research using ITS study design and relying on the public health 

surveillance systems to minimize the systematic bias and confounding effects. Unlike 

the existing literature (Hategeka et al., 2020), the three studies included in this 

dissertation were implemented using the ITS design, which allowed us to account for 

temporal autocorrelation, using a control (time-period for two studies), and lagged 

exposure-response associations. Additionally, we considered acute exposure-

outcome associations (emergency department visits) and assessed associations on 

a daily scale to minimize potential systematic bias. Findings from this dissertation 

could be helpful to public health departments, healthcare providers, and communities 

to strengthen the awareness related to environmental health risks. 

POLICY IMPLICATIONS AND RECOMMENDATIONS 

Based on our results, we suggest developing region-specific pilot-scale 

environmental risk mitigation planning and supporting rigorous public health 

education based on the epidemiologic studies could substantially minimize 

environmental health risks. For example, researchers from Barcelona Spain 

quantified human health risks associated with urban environmental pollutants and 

intervened by introducing Superblocks (preventing motor-vehicle access to certain 

blocks) to minimize air and noise pollution (Mueller et al., 2020). 

Similarly, the findings from this dissertation could be used as supporting 

material by the public health departments to promote behavioral changes. 

Additionally, it could be used as a resource by the public health departments and 

healthcare providers to expand environmental health risk education. We assume that 
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our results could be relatable to the targeted communities due to the outcome data 

source obtained by public health surveillance. 

Additionally, an active collaboration between the policymakers, public health 

departments, and researchers could improve the quantification, mitigation of 

environmental health risks, and evaluation of public health intervention effectiveness 

using evidence-based insights generated from the public health surveillance 

systems. The uncertainty in quantifying environmental health risks could be improved 

by gaining access to suppressed data and incorporating socio-demographic 

information. This could decompose the total exposure-outcome associations to 

interaction, mediation, and indirect association pathways. The decomposition of the 

overall associations could substantially minimize the uncertainty between exposure-

response associations. In collaboration with public health departments and 

policymakers, these environmental risks could be mitigated by deploying pilot-scale 

interventions in communities, and the effectiveness of the interventions could be 

validated for further expansion. 

LIMITATIONS 

Regardless of the notable strengths of the studies included in this dissertation 

using public health surveillance systems, these findings are subject to several 

limitations due to the ITS study design. As public health surveillance systems are 

primarily designed for tracking community health outcomes (non-research purpose), 

the data collection strategies may not support secondary use cases such as 

environmental risk assessments (Huybrechts & Schneeweiss, 2021). Additionally, 

ITS studies by design may violate the causality assumptions (exchangeability) due to 

their non-randomized nature (Hernán & Robins, 2020b). 

Data accessibility constraints could introduce unmeasured confounder bias 

(social, lifestyle, occupational, and genetic factors). Additionally, the use of public 

health surveillance data for environmental health risk quantification could introduce 

selection bias (inclusion of individuals with adverse health conditions who visited a 
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medical facility) and exposure measurement bias (ambient exposures measured at a 

community scale) (Hernán & Robins, 2020a; Huybrechts & Schneeweiss, 2021; Lash 

et al., 2021). The unmeasured confounding driven by the aforementioned factors 

restricted the studies included in this dissertation to the total exposure-outcome 

associations. Accessibility to the comprehensive socio-demographic information from 

the public health surveillance systems could increase the flexibility to decompose the 

exposure-association pathways behind the total effects observed in this dissertation. 

Transitioning to the impact of selection bias in this study, health beliefs 

(susceptibility, severity, and barriers) could play a role in human health behavior in 

seeking medical attention for managing adverse health outcomes (Jack et al., 2010). 

Inter-individual variability in health behavior could introduce bias while estimating the 

health outcome. Additionally, non-differential exposure misclassification bias due to 

ambient exposure measurements than using personal exposures could result in 

exposure-outcome associations towards null. 

FUTURE DIRECTION 

Limitations associated with measured effect modifiers could be addressed by 

considering stratification. ITS studies that include areas with higher population 

density or an extensive (multi-state or multi-country) hierarchical geographic 

structure specified within the design will allow flexibility to conduct stratified analysis. 

Stratum-specific effect estimates would enable us to understand the environmental 

health risks associated with vulnerable populations such as pregnant women, 

occupational hazards, and age-related vulnerabilities (children and elderly). 

 Further studies comparing the personal exposure measurements to the 

ambient exposure estimates will strengthen the exposure assessments and allow 

quantifying the degree of non-differential exposure misclassification bias in studies 

using ambient measurements as exposure. A few studies compared ambient and 

personal exposure measurements. Pilot-scale expansion of exposure measurement 
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validations for environmental risk factors could further strengthen the validity of 

population health studies using public health surveillance systems. 
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Myhre, G., Shindell, D., Bréon, F.-M., Collins, W., Fuglestvedt, J., Huang, J., Koch, 
D., Lamarque, J.-F., Lee, D., Mendoza, B., Nakajima, T., Robock, A., 
Stephens, G., Takemura, T., & Zhang, H. (2013). Anthropogenic and Natural 
Radiative Forc- ing (Climate Change 2013: The Physical Science Basis, 
Issue. C. U. Press.  

National Aeronautics and Space Administration (NASA). (2022). Overview: Weather, 
Global Warming, and Climate Change. NASA. Retrieved Apr 26, 2022 from 
https://climate.nasa.gov/resources/global-warming-vs-climate-change/ 

National Centers for Environmental Information (NCEI). Global Historical Climatology 
Network daily (GHCNd). Available: https://www.ncei.noaa.gov/products/land-
based-station/global-historical-climatology-network-daily  

National Oceanic and Atmospheric Administration (NOAA). (2019). Weather related 
fatalities. Available: https://www.weather.gov/media/hazstat/80years.pdf 

National Oceanic and Atmospheric Administration (NOAA). (2021). Climate Data 
Online Search. Available: https://www.ncdc.noaa.gov/cdo-
web/search?datasetid=GHCND  

National Weather Service Weather Forecast Offices (NWS-WFO). Available: 
https://www.weather.gov/srh/nwsoffices 

Nebraska Hopspital Association Nebraska Hospital Information System (NHA-NHIS). 
(2021). Nebraska Hospital Information System. Available: 



 101 

https://www.nebraskahospitals.org/file_download/inline/8a177133-688e-4b7b-
945d-3ab43123532c  

North Carolina Department of Health and Human Services (NC-DHHS). (2016). Heat 
Related Illness Dashboard July 24-28,2016. Available: 
https://epi.dph.ncdhhs.gov/oee/climate/2016-JulyHeatIllnessDashboard-
081616.pdf 

North Carolina Department of Public Safety (NC-DPS). (2022). Extreme Heat. 
Available: https://www.readync.gov/stay-informed/north-carolina-
hazards/extreme-heat 

North Carolina Department of Health and Human Services (NC-DHHS). (n.d.). Heat 
data and prevention. Retrieved Sep 11, 2020 from 
https://publichealth.nc.gov/chronicdiseaseandinjury/heat.htm 

North Carolina Department of Health and Human Services (NC-DHHS). (2015). 
North Carolina Climate and Health Profile. N. C. C. R. Program. Available: 
https://epi.dph.ncdhhs.gov/oee/climate/ClimateAndHealthProfile.pdf 

North Carolina Disease Event Tracking and Epidemiologic Collection Tool (NC-
DETECT). (2021). Available: https://ncdetect.org  

Nemer, J. A., & Juarez, M. A. (2019). Disorders Related to Environmental 
Emergencies. In M. A. Papadakis, S. J. McPhee, & M. W. Rabow (Eds.), 
Current Medical Diagnosis &amp; Treatment 2019. McGraw-Hill Education. 
accessmedicine.mhmedical.com/content.aspx?aid=1160830483  

Nguyen, H. T., Le, H. T., & Connelly, L. B. (2021). Weather and children's time 
allocation. Health Econ, 30(7), 1559-1579. https://doi.org/10.1002/hec.4264  

Niedoszytko, M., Chełmińska, M., Jassem, E., & Czestochowska, E. (2007). 
Association between sensitization to Aureobasidium pullulans (Pullularia sp) 
and severity of asthma [Article]. Annals of Allergy, Asthma & Immunology, 
98(2), 153-156. https://doi.org/10.1016/s1081-1206(10)60688-6  

Niu, Y., Li, Z., Gao, Y., Liu, X., Xu, L., Vardoulakis, S., Yue, Y., Wang, J., & Liu, Q. 
(2021). A Systematic Review of the Development and Validation of the Heat 
Vulnerability Index: Major Factors, Methods, and Spatial Units [Review]. Curr 
Clim Change Rep, 7(3), 87-97. https://doi.org/10.1007/s40641-021-00173-3  

Nolte, C. G., Dolwick, P. D., Fann, N., Horowitz, L. W., Naik, V., Pinder, R. W., 
Spero, T. L., Winner, D. A., & Ziska, L. H. (2018). Air Quality (Impacts, Risks, 
and Adaptation in the United States: Fourth National Climate Assessment, 
Issue. U. S. G. C. R. Program.  

Orellano, P., Quaranta, N., Reynoso, J., Balbi, B., & Vasquez, J. (2017). Effect of 
outdoor air pollution on asthma exacerbations in children and adults: 
Systematic review and multilevel meta-analysis. PLoS One, 12(3), e0174050. 
https://doi.org/10.1371/journal.pone.0174050  

Parameter-elevation Regression on Independent Slopes Model (PRISM). (n.d.). 
Available: https://prism.oregonstate.edu/  

Pate, C. A., Zahran, H. S., Qin, X., Johnson, C., Hummelman, E., & Malilay, J. 
(2021). Asthma Surveillance - United States, 2006-2018. Morbidity and 
mortality weekly report. Surveillance summaries (Washington, D.C. : 2002), 
70(5), 1-32. https://doi.org/10.15585/mmwr.ss7005a1  

Paudel, B., Chu, T., Chen, M., Sampath, V., Prunicki, M., & Nadeau, K. C. (2021). 
Increased duration of pollen and mold exposure are linked to climate change. 
Sci Rep, 11(1), 12816. https://doi.org/10.1038/s41598-021-92178-z  

Pavord ID, Beasley R, Agusti A, Anderson GP, Bel E, Brusselle G, Cullinan P, 
Custovic A, Ducharme FM, Fahy JV, Frey U, Gibson P, Heaney LG, Holt PG, 
Humbert M, Lloyd CM, Marks G, Martinez FD, Sly PD, von Mutius E, Wenzel 
S, Zar HJ, Bush A. After asthma: redefining airways diseases. Lancet. 2018 
Jan 27;391(10118):350-400. https://doi.org/10.1016/S0140-6736(17)30879-6 

Peng, D. R., Dominici, F. (2008). Statistical models. In R. Gentleman, Hornik, K., 
Parmigiani, G. (Ed.), Statistical Methods for Environmental Epidemiology with 



 102 

R: A Case Study in Air Pollution and Health (pp. 69-95). Springer. 
https://doi.org/10.1007/978-0-387-78167-9  

Perkins-Kirkpatrick, S. E., & Lewis, S. C. (2020). Increasing trends in regional 
heatwaves. Nat Commun, 11(1), 3357. https://doi.org/10.1038/s41467-020-
16970-7  

Perry, R., Braileanu, G., Palmer, T., & Stevens, P. (2019). The Economic Burden of 
Pediatric Asthma in the United States: Literature Review of Current Evidence 
[Review]. PharmacoEconomics, 37(2), 155-167. 
https://doi.org/10.1007/s40273-018-0726-2  

Pierce, D. W., Cayan, D. R., & Thrasher, B. L. (2014). Statistical Downscaling Using 
Localized Constructed Analogs (LOCA)*. Journal of hydrometeorology, 15(6), 
2558-2585. https://doi.org/10.1175/jhm-d-14-0082.1  

Poole, J. A., Barnes, C. S., Demain, J. G., Bernstein, J. A., Padukudru, M. A., 
Sheehan, W. J., Fogelbach, G. G., Wedner, J., Codina, R., Levetin, E., Cohn, 
J. R., Kagen, S., Portnoy, J. M., & Nel, A. E. (2019). Impact of weather and 
climate change with indoor and outdoor air quality in asthma: A Work Group 
Report of the AAAAI Environmental Exposure and Respiratory Health 
Committee. J Allergy Clin Immunol, 143(5), 1702-1710. 
https://doi.org/10.1016/j.jaci.2019.02.018  

Prüss-Ustün, A., Wolf, J., Corvalán, C., Bos, R., & Neira, M. (2018). Preventing 
disease through healthy environments: a global assessment of the burden of 
disease from environmental risks. WHO. 
https://www.who.int/publications/i/item/9789241565196  

Reid, C. E., O'Neill, M. S., Gronlund, C. J., Brines, S. J., Brown, D. G., Diez-Roux, A. 
V., & Schwartz, J. (2009). Mapping community determinants of heat 
vulnerability. Environ Health Perspect, 117(11), 1730-1736. 
https://doi.org/10.1289/ehp.0900683  

Remmers, T., Thijs, C., Timperio, A., Salmon, J. O., Veitch, J., Kremers, S. P. J., & 
Ridgers, N. D. (2017). Daily Weather and Children's Physical Activity 
Patterns. Med Sci Sports Exerc, 49(5), 922-929. 
https://doi.org/10.1249/MSS.0000000000001181  

Rennie, J., Bell, J. E., Kunkel, K. E., Herring, S., Cullen, H., & Abadi, A. M. (2019). 
Development of a Submonthly Temperature Product to Monitor Near-Real-
Time Climate Conditions and Assess Long-Term Heat Events in the United 
States. Journal of Applied Meteorology and Climatology, 58(12), 2653-2674. 
https://doi.org/10.1175/jamc-d-19-0076.1  

Rich, D. Q., Samet, J. M., & Utell, M. J. (2015). Indoor and Outdoor Air Pollution. In 
M. A. Grippi, J. A. Elias, J. A. Fishman, R. M. Kotloff, A. I. Pack, R. M. Senior, 
& M. D. Siegel (Eds.), Fishman's Pulmonary Diseases and Disorders, 5e. 
McGraw-Hill Education. 
accessmedicine.mhmedical.com/content.aspx?aid=1122365024  

Ripley, B., Venables, B., Bates, D. M., Hornik, K., Gebhardt, A., Firth, D., & Ripley, 
M. B. (2013). Package ‘mass’. Cran r, 538, 113-120.  

Rodrigues, M., Natário, I., & do Rosário de Oliveira Martins, M. (2020). Estimate the 
effects of environmental determining factors on childhood asthma hospital 
admissions in Lisbon, Portugal: a time series modelling study [Article]. 
Theoretical and Applied Climatology, 143(1-2), 809-821. 
https://doi.org/10.1007/s00704-020-03415-w  

Rubner FJ, Jackson DJ, Evans MD, Gangnon RE, Tisler CJ, Pappas TE, Gern JE, 
Lemanske RF Jr. Early life rhinovirus wheezing, allergic sensitization, and 
asthma risk at adolescence. J Allergy Clin Immunol. 2017 Feb;139(2):501-
507. https://doi.org/10.1016/j.jaci.2016.03.049 

Saha, S., Vaidyanathan, A., Lo, F., Brown, C., & Hess, J. J. (2021). Short term 
physician visits and medication prescriptions for allergic disease associated 
with seasonal tree, grass, and weed pollen exposure across the United 



 103 

States. Environ Health, 20(1), 85. https://doi.org/10.1186/s12940-021-00766-
3  

Sarnat, J. A., Koutrakis, P., & Suh, H. H. (2000). Assessing the relationship between 
personal particulate and gaseous exposures of senior citizens living in 
Baltimore, MD. J Air Waste Manag Assoc, 50(7), 1184-1198. 
https://doi.org/10.1080/10473289.2000.10464165  

Sarofim, M. C., Saha, S., Hawkins, M. D., Mills, D. M., Hess, J., Horton, R. M., 
Kinney, P. L., Schwartz, J. D., & Juliana, A. S. (2016). Temperature-Related 
Death and Illness. In: The impacts of climate change on human health in the 
United States : a scientific assessment, executive summary. Washington, DC: 
U.S Global Change Research Program. http://dx.doi.org/10.7930/J0MG7MDX 

Schramm, P. J., Brown, C. L., Saha, S., Conlon, K. C., Manangan, A. P., Bell, J. E., 
& Hess, J. J. (2021). A systematic review of the effects of temperature and 
precipitation on pollen concentrations and season timing, and implications for 
human health. Int J Biometeorol, 65(10), 1615-1628. 
https://doi.org/10.1007/s00484-021-02128-7  

Schuman, S. H. (1972). Patterns of urban heat-wave deaths and implications for 
prevention: data from New York and St. Louis during July, 1966. Environ Res, 
5(1), 59-75. https://doi.org/10.1016/0013-9351(72)90020-5  

Semenza, J. C., Rubin, C. H., Falter, K. H., Selanikio, J. D., Flanders, W. D., Howe, 
H. L., & Wilhelm, J. L. (1996). Heat-related deaths during the July 1995 heat 
wave in Chicago. N Engl J Med, 335(2), 84-90. 
https://doi.org/10.1056/NEJM199607113350203  

Shrestha, S. K., Lambert, K. A., & Erbas, B. (2021). Ambient pollen concentrations 
and asthma hospitalization in children and adolescents: a systematic review 
and meta-analysis. J Asthma, 58(9), 1155-1168. 
https://doi.org/10.1080/02770903.2020.1771726  

Smith, K. R., Woodward, A., Campbell-Lendrum, D., Chadee, D. D., Honda, Y., Q. 
Liu, Olwoch, J. M., Revich, B., & Sauerborn, R. (2014). Human health: 
impacts, adaptation, and co-benefits (Climate Change 2014: Impacts, 
Adaptation, and Vulnerability, Issue. 
https://www.ipcc.ch/site/assets/uploads/2018/02/WGIIAR5-
Chap11_FINAL.pdf 

Smith, T. T., Zaitchik, B. F., & Gohlke, J. M. (2013). Heat waves in the United States: 
definitions, patterns and trends. Clim Change, 118(3-4), 811-825. 
https://doi.org/10.1007/s10584-012-0659-2  

Song, X., Wang, S., Hu, Y., Yue, M., Zhang, T., Liu, Y., Tian, J., & Shang, K. (2017). 
Impact of ambient temperature on morbidity and mortality: An overview of 
reviews [Article]. Sci Total Environ, 586, 241-254. 
https://doi.org/10.1016/j.scitotenv.2017.01.212  

Sorensen, C. J., Cook-Shimanek, M., & Newman, L. S. (2021). Climate Change and 
Worker Health: Implications for Clinical Practice. In J. LaDou & R. J. Harrison 
(Eds.), CURRENT Diagnosis &amp; Treatment: Occupational &amp; 
Environmental Medicine, 6e. McGraw Hill. 
accessmedicine.mhmedical.com/content.aspx?aid=1180882787  

St.Clair, T., Hallberg, K., & Cook, T. D. (2016). The Validity and Precision of the 
Comparative Interrupted Time-Series Design: Three Within-Study 
Comparisons. Journal of Educational and Behavioral Statistics, 41(3), 269-
299. https://doi.org/10.3102/1076998616636854  

Stacklies, W., Redestig, H., Scholz, M., Walther, D., & Selbig, J. (2007). 
pcaMethods--a bioconductor package providing PCA methods for incomplete 
data [Article]. Bioinformatics, 23(9), 1164-1167. 
https://doi.org/10.1093/bioinformatics/btm069  

Steinke JW & Borish L. Cytokines in Allergic Inflammation. In: Burks AW, Holgate 
ST, O’Hehir RE, Broide DH, Bacharier LB, Khurana-Hershey GK, Peebles Jr. 



 104 

RS, eds. Middleton’s Allergy: Principles and Practice, 9e. New York, NY: 
Elsevier, 2020: 65-80. 

Stone, D. A., Christidis, N., Folland, C., Perkins-Kirkpatrick, S., Perlwitz, J., 
Shiogama, H., Wehner, M. F., Wolski, P., Cholia, S., Krishnan, H., Murray, D., 
Angélil, O., Beyerle, U., Ciavarella, A., Dittus, A., Quan, X.-W., & Tadross, M. 
(2019). Experiment design of the International CLIVAR C20C+ Detection and 
Attribution project. Weather and Climate Extremes, 24, 100206. 
https://doi.org/https://doi.org/10.1016/j.wace.2019.100206  

Sugg, M. M., Konrad, C. E., 2nd, & Fuhrmann, C. M. (2016). Relationships between 
maximum temperature and heat-related illness across North Carolina, USA. 
Int J Biometeorol, 60(5), 663-675. https://doi.org/10.1007/s00484-015-1060-4  

Tanner, E. M., Bornehag, C. G., & Gennings, C. (2019). Repeated holdout validation 
for weighted quantile sum regression [Article]. MethodsX, 6, 2855-2860. 
https://doi.org/10.1016/j.mex.2019.11.008  

Tiotiu AI, Novakova P, Nedeva D, Chong-Neto HJ, Novakova S, Steiropoulos P, 
Kowal K. Impact of Air Pollution on Asthma Outcomes. Int J Environ Res 
Public Health. 2020 Aug 27;17(17):6212. 
https://doi.org/10.3390/ijerph17176212  

 
Tiwari, S., & Mishra, N. (2019). Methods for the Measurement of Air Pollutants. In P. 

Saxena & V. Naik (Eds.), Air Pollution: sources, impacts, and controls (pp. 
55-78). CABI.  

Toloo, G. S., Fitzgerald, G., Aitken, P., Verrall, K., & Tong, S. (2013). Are heat 
warning systems effective? Environ Health, 12(1), 27. 
https://doi.org/10.1186/1476-069X-12-27  

Tuholske, C., Caylor, K., Funk, C., Verdin, A., Sweeney, S., Grace, K., Peterson, P., 
& Evans, T. (2021). Global urban population exposure to extreme heat. Proc 
Natl Acad Sci U S A, 118(41). https://doi.org/10.1073/pnas.2024792118  

University, I. S. Archived NWS Watch, Warnings, Advisories 
https://mesonet.agron.iastate.edu/request/gis/watchwarn.phtml  

United States Census Bureau (USCB). Decennial Census Available: 
https://www.census.gov/data/developers/data-sets/decennial-census.html  

United States Environmental Protection Agency (USEPA). (2020). Outdoor Air 
Quality Data Available: https://www.epa.gov/outdoor-air-quality-
data/download-daily-data  

United States Environmental Protection Agency (USEPA). (2022a). Clean Air Act 
Text. USEPA. Retrieved May 17, 2022 from https://www.epa.gov/clean-air-
act-overview/clean-air-act-text 

United States Environmental Protection Agency (USEPA). (2022b). Importance of 
Methane. USEPA. Retrieved Apr 26, 2022 from 
https://www.epa.gov/gmi/importance-methane 

Unites States Global Change Research Program (USGCRP). (2016). The Impacts of 
Climate Change on Human Health in the United States: A Scientific 
Assessment. Crimmins, A., J. Balbus, J.L. Gamble, C.B. Beard, J.E. Bell, D. 
Dodgen, R.J. Eisen, N. Fann, M.D. Hawkins, S.C. Herring, L. Jantarasami, 
D.M. Mills, S. Saha, M.C. Sarofim, J. Trtanj, and L. Ziska, Eds. U.S. Global 
Change Research Program, Washington, DC, pp.312. 
http://dx.doi.org/10.7930/J0R49NQX 

Unites States Global Change Research Program (USGCRP). (2022). Heat Waves. 
Retrieved May 11, 2022 from 
https://www.globalchange.gov/browse/indicators/us-heat-waves 

Vaidyanathan, A., Kegler, S. R., Saha, S. S., & Mulholland, J. A. (2016). A Statistical 
Framework to Evaluate Extreme Weather Definitions from A Health 
Perspective: A Demonstration Based on Extreme Heat Events. Bull Am 



 105 

Meteorol Soc, 97(10), 1817-1830. https://doi.org/10.1175/BAMS-D-15-
00181.1  

Vaidyanathan, A., Malilay, J., Schramm, P., & Saha, S. (2020). Heat-Related Deaths 
- United States, 2004-2018 [Article]. MMWR Morb Mortal Wkly Rep, 69(24), 
729-734. https://doi.org/10.15585/mmwr.mm6924a1  

Vaidyanathan, A., Saha, S., Vicedo-Cabrera, A. M., Gasparrini, A., Abdurehman, N., 
Jordan, R., Hawkins, M., Hess, J., & Elixhauser, A. (2019). Assessment of 
extreme heat and hospitalizations to inform early warning systems. Proc Natl 
Acad Sci U S A, 116(12), 5420-5427. 
https://doi.org/10.1073/pnas.1806393116  

Vavrus, S., Obscherning, E., & Patz, J. (2015). Understanding Key Concepts of 
Climate Science and their Application In B. Levy & J. Patz (Eds.), Climate 
Change and Public Health (pp. 29-49). Oxford University Press.  

Vicedo-Cabrera, A. M., Scovronick, N., Sera, F., Roye, D., Schneider, R., Tobias, A., 
Astrom, C., Guo, Y., Honda, Y., Hondula, D. M., Abrutzky, R., Tong, S., de 
Sousa Zanotti Stagliorio Coelho, M., Saldiva, P. H. N., Lavigne, E., Correa, P. 
M., Ortega, N. V., Kan, H., Osorio, S., . . . Gasparrini, A. (2021). The burden 
of heat-related mortality attributable to recent human-induced climate change. 
Nat Clim Chang, 11(6), 492-500. https://doi.org/10.1038/s41558-021-01058-x  

Vohra, S., & Hurley, F. (2010). Health impact assessment In G. J. Ayres, M. R. 
Harrison, L. G. Nichols, & L. R. Maynard (Eds.), Environmental medicine (pp. 
666-676). Hodder education.  

Von Schneidemesser, E., Monks, P. S., Allan, J. D., Bruhwiler, L., Forster, P., 
Fowler, D., Lauer, A., Morgan, W. T., Paasonen, P., Righi, M., Sindelarova, 
K., & Sutton, M. A. (2015). Chemistry and the Linkages between Air Quality 
and Climate Change. Chem Rev, 115(10), 3856-3897. 
https://doi.org/10.1021/acs.chemrev.5b00089  

Vose, R. S., Easterling, D. R., Kunkel, K. E., LeGrande, A. N., & Wehner, M. F. 
(2017). Temperature changes in the United States (Climate Science Special 
Report: Fourth National Climate Assessment, Issue. U. S. G. C. R. Program.  

Walker, G. (2010). Common Statistical Methods for Clinical Research with SAS 
Examples, Third Edition, 3rd Edition. In J. Shostak (Ed.), (3rd edition ed.): 
SAS Institute. 

Weinberger, K. R., Zanobetti, A., Schwartz, J., & Wellenius, G. A. (2018). 
Effectiveness of National Weather Service heat alerts in preventing mortality 
in 20 US cities. Environ Int, 116, 30-38. 
https://doi.org/10.1016/j.envint.2018.03.028  

Wellenius, G. A., Eliot, M. N., Bush, K. F., Holt, D., Lincoln, R. A., Smith, A. E., & 
Gold, J. (2017). Heat-related morbidity and mortality in New England: 
Evidence for local policy [Article]. Environ Res, 156, 845-853. 
https://doi.org/10.1016/j.envres.2017.02.005  

World Health Organization (WHO). (2016). Health risk assessment of air pollution - 
general principles. Europe. Available: 
https://apps.who.int/iris/bitstream/handle/10665/329677/9789289051316-
eng.pdf?sequence=1&isAllowed=y 

World Health Organization (WHO). (2021). WHO global air quality guidelines: 
particulate matter (PM2.5 and PM10), ozone, nitrogen dioxide, sulfur dioxide 
and carbon monoxide: executive summary. Available: 
https://apps.who.int/iris/handle/10665/345334  

World Health Organization (WHO). (2022a). Billions of people still breathe unhealthy 
air: new WHO data. WHO. Retrieved April 19, 2022 from 
https://www.who.int/news/item/04-04-2022-billions-of-people-still-breathe-
unhealthy-air-new-who-data 

World Health Organization (WHO). (2022b). Compendium of WHO and other UN 
guidance on health and environment: 2022 update 



 106 

(WHO/HEP/ECH/EHD/22.01). Available: 
https://www.who.int/publications/i/item/WHO-HEP-ECH-EHD-22.01 

Williams, R., Suggs, J., Zweidinger, R., Evans, G., Creason, J., Kwok, R., Rodes, C., 
Lawless, P., & Sheldon, L. (2000). The 1998 Baltimore Particulate Matter 
Epidemiology-Exposure Study: part 1. Comparison of ambient, residential 
outdoor, indoor and apartment particulate matter monitoring. J Expo Anal 
Environ Epidemiol, 10(6 Pt 1), 518-532. 
https://doi.org/10.1038/sj.jea.7500107  

Wood, S. (2017a). Generalized Linear Models. In Generalized Additive Models: An 
Introduction with R (pp. 101-160). CRC Press.  

Wood, S. (2017b). Smoothers. In Generalized Additive Models: An Introduction with 
R (pp. 195-247). CRC Press.  

Wood, S. (2021). Mixed GAM Computation Vehicle with Automatic Smoothness 
Estimation. In R package version (Version 1.8-34). Available: https://cran.r-

project.org/web/packages/mgcv/mgcv.pdf 
Wu, X., Nethery, R. C., Sabath, M. B., Braun, D., & Dominici, F. (2020). Exposure to 

air pollution and COVID-19 mortality in the United States: A nationwide cross-
sectional study. medRxiv, 2020.2004.2005.20054502. 
https://doi.org/10.1101/2020.04.05.20054502  

Xu, Z., FitzGerald, G., Guo, Y., Jalaludin, B., & Tong, S. (2016). Impact of heatwave 
on mortality under different heatwave definitions: A systematic review and 
meta-analysis. Environ Int, 89-90, 193-203. 
https://doi.org/10.1016/j.envint.2016.02.007  

Zhang, H., Liu, S., Chen, Z., Zu, B., & Zhao, Y. (2020). Effects of variations in 
meteorological factors on daily hospital visits for asthma: A time-series study 
[Article]. Environ Res, 182, 109115, Article 109115. 
https://doi.org/10.1016/j.envres.2020.109115  

Zhang, M., Liu, P., Chang, E., Lombardo, K. A., Zhang, Z., & Colle, B. A. (2013). 
Historical Evaluation and Future Prediction of Eastern North American and 
Western Atlantic Extratropical Cyclones in the CMIP5 Models during the Cool 
Season. Journal of Climate, 26(18), 6882-6903. https://doi.org/10.1175/jcli-d-
12-00498.1  

Zhong, W., Levin, L., Reponen, T., Hershey, G. K., Adhikari, A., Shukla, R., & 
LeMasters, G. (2006). Analysis of short-term influences of ambient 
aeroallergens on pediatric asthma hospital visits. Sci Total Environ, 370(2-3), 
330-336. https://doi.org/10.1016/j.scitotenv.2006.06.019  

 


	Environmental exposures and human health challenges: Evidence-based insights from health surveillance systems
	Recommended Citation

	tmp.1659224419.pdf.NYAB4

