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ABSTRACT
Background: In urban environments, environmental air pollution poses significant
risks to respiratory health. Moreover, the seasonal spatial variability of the air
pollutant ozone, and respiratory illness within Dallas-Fort Worth (DFW) is not well
understood. We examine the relationships between spatial patterns of long-term
ozone exposure and respiratory illness to better understand impacts on health
outcomes. We propose that this study will establish an enhanced understanding
of the spatio-temporal characteristics of ozone concentrations and respiratory
emergency room visits (ERV) incidence.
Methods: Air pollution data (ozone) and ERV incidence data from DFW was used
to evaluate the relationships between exposures and outcomes using three steps:
(1) develop a geostatistical model to produce quarterly maps of ozone exposure for
the DFW area; (2) use spatial analysis techniques to identify clusters of zip codes with
high or low values of ozone exposure and respiratory ERV incidence; and (3) use
concentration-response curves to evaluate the relationships between respiratory ERV
incidence and ozone exposure.
Results: Respiratory ERV incidence was highest in quarters 1 and 4, while ozone
exposure was highest in quarters 2 and 3. Extensive statistically significant spatial
clusters of ozone regions were identified. Although the maps revealed that there
was no regional association between the spatial patterns of high respiratory ERV
incidence and ozone exposure, the concentration-response analysis suggests that
lower levels of ozone exposure may still contribute to adverse respiratory outcomes.

Subjects Public Health, Respiratory Medicine, Environmental Impacts, Spatial and Geographic
Information Science
Keywords Air pollution, Respiratory health, Dallas-Fort Worth, Urban pollution, Ozone,
Spatial interpolation, Environmental impacts, Emergency room visits

INTRODUCTION
Despite significant efforts to reduce ozone air pollution, urban counties across the United
States (US) are in non-attainment of federal standards for the health hazardous pollutant
ozone (U.S. Environmental Protection Agency (EPA), 2017). Tropospheric or surface ozone
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is one of the six criteria pollutants established by the EPA which are monitored and
measured according to specific standards (U.S. Environmental Protection Agency (EPA),
2021a). Its formation is part of a secondary mixing chemical reaction created by nitrogen
oxides (NOx) and volatile organic compounds (VOC) in the presence of solar radiation
(U.S. Environmental Protection Agency (EPA), 2021a). The National Ambient Air Quality
Standards (NAAQS) outline the allowable exposure levels. In 2015 the EPA revised the
standard levels to 0.070 parts per million (ppm) for the 8-h standard from the previous
standard of 0.075 ppm in 2012 (U.S. Environmental Protection Agency (EPA), 2021b).
Individual counties are then in compliance or non-compliance with the EPA standard
based on a 4th highest daily maximum 8-h average over 3 years (U.S. Environmental
Protection Agency (EPA), 2021b). Primary emissions sources found in urban environments
that are precursors to ozone formation include: road transportation, power generation and
industrial manufacturing (Frumkin, 2002; Field et al., 2015). Further, urban environments
demonstrate spatial variation of ozone, but the largest production of ground level ozone
tends to be prevalent downwind of known sources and urban areas (Frumkin, 2002; Bell
et al., 2007; Simon et al., 2016).

Although ozone trends have shown a decrease in the peak values due to focused
efforts aimed at reducing the impact of precursors (U.S. Environmental Protection Agency
(EPA), 2020a; Ahmadi & John, 2015; Simon et al., 2016), the effects of ozone at low
concentrations continues to be of concern (Bell, Peng & Dominici, 2006). Further, research
has shown that modeling efforts are prone to errors and are more likely to result in an
underestimation of true exposure (U.S. Environmental Protection Agency (EPA), 2020b).
Understanding ozone exposure is important as there is evidence to suggest a causal
relationship with respiratory effects in the short term and a likely-to-be causal relationship
with respiratory effects in the long term (U.S. Environmental Protection Agency (EPA),
2021b; Ji, Cohan & Bell, 2011). Efforts to estimate populations’ exposure to ozone include
geostatistical and other modeling approaches that seek to estimate ozone concentrations at
a variety of spatial scales and temporal durations (Liu & Rossini, 1996; Ahmadi & John,
2015). However, gaps in our understanding of how ozone impacts respiratory health
continue to exist. Specifically, evaluations of seasonal long-term associations between
ozone exposure and respiratory health are needed to better understand the health impacts
of ozone exposure (U.S. Environmental Protection Agency (EPA), 2020b). This study
develops a geostatistical model to estimate ozone concentrations over a 9-year period and
examines associations between high and low levels of ozone exposures quarterly, with
emergency room visits related to respiratory health diagnosis.

Pollution related health exacerbations can occur on the timescale of minutes to
hours, but many previous studies aggregate the pollution data using annual means
(Jerrett et al., 2009; Landrigan et al., 2018). The health impacts of air pollution exposure
include both short-term symptoms like asthma or shortness of breath and long-term
symptoms like respiratory illness and death (Brook et al., 2002; Szyszkowicz & Rowe, 2016).
In addition, studies indicate air pollution as a risk factor for premature birth (Saldiva et al.,
2018; Vieira, 2015). The combination of fine particulate matter (PM2.5) and ozone has
been shown to cause brachial artery vasoconstriction in a timeframe as short as 2 h (Brook
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et al., 2002). Other studies indicate increases in the cause-specific hospital admissions
due to ozone pollution include respiratory illness, asthma, and COPD (Bell et al., 2007).
Additionally, many studies have identified financial benefits of reducing the air pollution
burden (Caiazzo et al., 2013, Nassikas et al., 2020). Many previous health studies use risk
functions (Hubbell, Fann & Levy, 2009; Burnett et al., 2014; Simon et al., 2016) while others
use concentration response curves (Di et al., 2017; Berman et al., 2019; Paul et al., 2020;
Wang et al., 2020). A targeted reduction strategy for ozone helps reduce other harmful
precursors and has been shown to provide a financial benefit from the reduction of
potential health burdens (Caiazzo et al., 2013; Carvour et al., 2018).

Many urban counties in Texas exceed the NAAQS standards for ozone. In March 2018,
the Environmental Protection Agency (U.S. Environmental Protection Agency (EPA),
2018) completed its non-attainment designation for ozone and found fifteen Texas
counties in non-attainment, illustrating that harmful environmental levels of pollution
persist in many Texas communities (U.S. Environmental Protection Agency (EPA), 2018).
Most Texas ozone non-attainment areas are urban or semi-urban. At the time of the
2010 census, over 84.7% of the Texas population lived in urban or semi-urban areas, and
urban environments are growing both in size and population across Texas (Texas
Demographics Center (TDC), 2020). In addition to the typical urban air pollution sources,
DFW also contains many active oil and gas wells (RCT, 2021). Adverse impacts of shale
activities include emissions of alkanes, especially the VOC species ethane, n-butane and
propane, which can degrade air quality (Sather & Cavender, 2016). Another study found
shale gas regions include complex interactions producing secondary pollution from
fugitive natural gas that is not well understood including non-methane hydrocarbons
(NMHC) also classified as VOC (Field et al., 2015). A regional DFW study investigated the
relationship between ozone pollution and shale gas activities and showed that ozone
pollution exposure was 8% higher in the shale gas regions (Ahmadi & John, 2015). Hays &
Shonkoff (2016) reviewed over 680 papers of non-conventional natural gas development
from 2009 to 2015 and reported that over 80% of these revealed results of larger pollution
emissions in shale gas regions than in non-shale gas regions. This study provides a focused
regional effort to better understand and quantify the variability in exposure and incidence
patterns unique to DFW.

MATERIALS AND METHODS
Study area
The study area is the Dallas-Ft Worth region, Fig. 1, and has a population of 6.2 million in
2018 (RCT, 2021) which is distributed over 7,977 mi2 (20,660 km2) and contains over
5,000 active Barnet Shale gas wells (Fig. 2). The growing population and associated energy
needs in DFW, one of the fastest growing urban areas in the United States (Census,
2019), has led to pollution levels that routinely exceed acceptable health limits (U.S.
Environmental Protection Agency (EPA), 2018). Sather & Cavender (2016) found in the
DFW area over the last 30 years 8-h design values have seen a decline of 18 parts per billion
(ppb). In addition, they found a large portion of the reduction attributed to NOx and VOC

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 3/18

http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/


emission controls prior to 2010. Moreover, they noted that since 2010, additional
NOx reductions have been observed due to the shutdown of cement kilns. In Texas,
meteorological conditions for the development of ozone for the years 2011, 2012, 2015 and
2016 showed favorable conditions while 2006, 2007 were less favorable to ozone. Notably,
in 2011 meteorological conditions were particularly influential due to smoke and other
environmental pollutants resulting from Texas wildfires (Knowlton and Altman, 2013).
In 2018, the production of natural gas is estimated to be as much as 3.176 billion ft3 or 89.9
million m3 (RCT, 2021). Figure 3 shows the ozone air pollution sensors and their locations.

Data: sources and preprocessing
This study uses ozone and health outcome data from the EPA Air Quality Data Mart and
Texas Department of State and Health Services (Texas DSHS) for the years 2007–2016.
Health data from DSHS was obtained from the statewide emergency room visit (ERV)
public use data file. This study required an Institutional Review Board (IRB) approval,
which was obtained through the University of North Texas Cayuse IRB system (approval
IRB 18-477) (Department of State Health Services of Texas (DSHS), 2018). Pre-processing
of the health data was necessary and is presented in Fig. 4. The DFW study region ERV
data was processed and sorted at the zip code administrative level and organized in a

Figure 1 Dallas—Fort Worth study area and ozone non-attainment region (U.S. Environmental
Protection Agency (EPA), 2018). Full-size DOI: 10.7717/peerj.11066/fig-1
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database. Zip code level data is suppressed from the state in multiple ways and was
removed from the dataset. State suppressed data includes fewer than 30 discharges by ED,
alcohol and drug use, HIV diagnosis, hospital has fewer than 50 discharges or if a hospital
has fewer than five discharges of a particular gender, including unknown. Thresholds for
data suppression reflect numbers per quarter.

ICD-9 and ICD-10 main diagnosis codes were first clustered into 17 major groups
representing all ER diagnoses (Table 1). Then, the data was refined to focus on Category 8,
diseases of the respiratory system (Table 2). This category contains seven ICD-9 and
ICD-10 codes: Asthma, Bronchiectasis, Bronchitis, COPD, Emphysema, External Agents
and Other. The records were grouped by zip code and the total number of patient
diagnosis were tallied per major diagnosis code.

A limitation of the health data is that diagnosis codes were tallied instead of patients.
Respiratory ERV incidence rates may be overestimated in cases where patients exhibited
multiple diagnosis and were counted more than once. However, due to inconsistent
practices in how I believe its ICD 9/10 codes are reported, all data points including those
patients with multiple ERV codes were retained in the analysis. Further, the proportion of
records with multiple diagnosis codes was small.

Our analysis was divided into three major components—the first component models
ozone exposure values and ERV for respiratory outcomes across the DFW metroplex, the

Figure 2 Oil and gas surface wells by county in DFW (RCT, 2021).
Full-size DOI: 10.7717/peerj.11066/fig-2
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second component identifies spatial patterns of ozone exposures and ERV for respiratory
health, and the third component uses concentration response curves to examine
associations between ozone exposure and respiratory ERV.

Raw Data Texas DSHS Secure Server/Database 
Organiza�on

Suppressed data 
removed (State 

suppressed)

ICD-9 & ICD –10  
clustered into 17 group 

bins

Data refined to isolate 
category 8, diseases of 
the respiratory system

Data refined to bin 6 
disease codes of 

respiratory system

Records grouped by zip 
code 

Pa�ent diagnosis tallied 
per major diagnosis code

ERV rates normalized by 
total number of pa�ents 
visi�ng ER by zip code. 
(First level of incidence 

rates)

ERV rates are normalized 
by age using the age 
distribu�on in DFW 

(Second level of 
incidence rates)

Figure 4 Processing flowchart for the raw data from the Texas Department of State and Health
Services. Full-size DOI: 10.7717/peerj.11066/fig-4
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Figure 3 Air pollution sensor locations throughout DFW (Texas Center for Environmental Quality
(TCEQ), 2020). Full-size DOI: 10.7717/peerj.11066/fig-3
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Component 1a: mapping the spatial patterns of respiratory ERV
incidence rates
Geographic Information System software was used to create maps representing the spatial
patterns of ERV incidence rates for respiratory health. ERV incidence rates for all zip codes
in the study area were computed as a ratio of the total number of patients per age-group
(0–18, 19–64, 65 and older) visiting the ER for respiratory health issues to the total
patient visits to the ER. We do not normalize by total zip code population because
we assume that ERV rates by population are skewed due to access to facilities and

Table 2 Emergency room visits diagnosis codes binned by lower respiratory disease type. Some
health data zip codes were suppressed (white areas) while others were added due to access to available
sensor data for a more complete ozone surface.

Lower respiratory disease categories ICD 9 and ICD 10 codes

Asthma 493, J45

COPD (other) 496, J44

Bronchitis 466, 490, 491, J20, J21, J40, J41, J42

Emphysema 492, 506, J43

Bronchiectasis 494, J47

External Agents 495, 500, 504, 505, 506, 507, 508, J60, J61, J62, J63, J64,
J65, J66, J67, J68, J69, J70

Respiratory (other) 518, 519, J22, J96, J98, J99

Table 1 Emergency room visits diagnosis codes binned by major group.

Categories Description

0 other

1 infectious and parasitic diseases

2 neoplasms

3 endocrine, nutritional and metabolic diseases

4 diseases of the blood and blood-forming organs

5 mental disorders

6 diseases of the nervous system and sense organs

7 diseases of the circulatory system

8 diseases of the respiratory system

9 diseases of the digestive system

10 diseases of the genitourinary system

11 complications of pregnancy, childbirth, and the puerperium

12 diseases of the skin and subcutaneous tissue

13 diseases of the musculoskeletal system and connective tissue

14 congenital anomalies

15 certain conditions originating in the perinatal period

16 symptoms, signs and ill-defined conditions

17 injury and poisoning
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socioeconomic status (SES). We use the age distribution characteristics of the entire region
because we assume age estimates vary within zip code over time and with large age
stratification groups used in this study, the differences are negligible.

Component 1b: mapping the spatial patterns of ozone exposures
The Air Quality (AQ) database was constructed using ozone data from the Environmental
Protection Agency (EPA) Air Quality System (AQS) Data Mart for the study. For each
quarter, we calculated the average daily 8-h maximum concentration for ozone from
18 monitors in the study region. This methodology was selected due to the diurnal nature
of ozone exposure and to match the temporal nature of the administrative data from
the Texas DSHS. In addition, the 8-h maximum exposure estimate used in this study
coincides with the measurement statistic used to calculate the EPA 8-h maximum for non-
compliance. The point estimates from the 18 monitors were converted to a continuous
surface of ozone measurements using ordinary Kriging implemented in ArcGIS Pro.
Multiple surfaces were created for each quarter during the period 2007–2016. Kriging was
selected due to its wide use in estimating the ozone concentration between ambient
monitoring stations (Diem, 2003; Gorai, Tchounwou & Tuluri, 2016) and its low level of
measurement errors compared to inverse distance weighting and data averaging (Joseph
et al., 2013). We evaluate the appropriateness of the model by constructing the semi-
variogram. We selected the ordinary Kriging method and spherical semi-variogram model
as it generalized well to all quarters and appeared to not over fit the surface. The mean and
variance of the data were calculated and assumed to be constant over space and time.
The data were assumed to be isotropic and stationary.

Component 2: geostatistical analysis and visualization
Anselin Local Moran’s I (Evans, Love & Thurston, 2015; Al-Ahmadi, Alahmadi &
Al-Zahrani, 2019; Vilinová, 2020) was used to determine spatial clusters of respiratory
ERV incidence and ozone exposures for each quarter during the period 2009–2016. Cluster
and outlier classification analysis aids in the discovery of spatial patterns of distinct and
similar observations (Evans, Love & Thurston, 2015). The Local Moran’s I statistic
evaluates the attribute value (ozone and respiratory ER visits) for each spatial unit on the
map (zip code) with the values of that units’ neighbors. The level of influence (spatial
weight) assigned to neighbors are a decreasing function of distance, i.e., closest neighbors
are weighted more than those further away (Inverse Distance Weighted conceptualization)
(Anselin, 1995). Spatial units are categorized into one of four categories: High-High (HH),
High-Low (HL), Low-High (LH), and Low-Low (LL). These categories specify the
relationship between every zip code on the map and its neighbors. HL and LH categories
indicate spatial outliers where the observed spatial unit has a value that is different from
its neighbors. HH and LL categories indicate spatial clusters where the observed spatial
unit has a value like its neighbors. The output from ArcMap provides p-values for each
spatial unit, thus allowing us to distinguish outliers and clusters that are statistically
significant (95% confidence level).
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Component 3: concentration response curves
We created scatter plots between respiratory ERV rates vs ozone concentrations for each
quarter across the study period to identify possible associations between different levels
of exposure to ozone and respiratory ERV rates. For each scatter plot, a line of best fit was
computed.

RESULTS
Component 1: mapping the spatial patterns
The maps represent general trends in respiratory ERV incidence rates and ozone exposure
for each quarter during the years 2007–08; 2011–12; and 2015–16. For each map,
respiratory ERV incidence rates and ozone exposures are classified into four equal classes,
where each class represents 25% of the estimated exposure value. The darkest color on
the map represents those areas with the highest recorded ozone exposure value for that
quarter and year. Note, however, that while the colors can be compared to assess general
trends showing areas of high and low values, the numerical values (i.e., the estimated
respiratory ERV rates/ozone exposure) associated with each color changes across the

2007 [MAX, MIN]

Q1 [426.5, 94.1]

Q2 [388.7, 68.0]

Q3 [393.5, 61.5]

Q4 [441.1, 56.5]

2008 [MAX, MIN]

Q1 [475, 88.9]

Q2 [386, 86.2]

Q3 [375, 84.7]

Q4 [440.4, 97.7]

2011 [MAX, MIN]

Q1 [439.2, 125.0]

Q2 [409.6, 86.0]

Q3 [437.5, 66.7]

Q4 [500, 112.9]

Respiratory Incidence per 1,000 ER Visits

in DFW 2007 - 2016

2012 [MAX, MIN]

Q1 [494.9, 87.9]

Q2 [400.0, 90.9]

Q3 [422.2, 76.9]

Q4 [444.9, 111.1]

2007

2008

2012

2011

2015

2016
2016 [MAX, MIN]

Q1 [497.7, 105.7]

Q2 [422.1, 111.1]

Q3 [411.4, 54.3]

Q4 [435.9, 77.4]

2015 [MAX, MIN]

Q1 [514.3, 142.9]

Q2 [463.0, 77.7]

Q3 [500.0, 91.8]

Q4 [455.6, 96.8]

Legend

0 - 25%

25.1-50%

50.1-75%

75.1-100%

´ 0 50 100 150 20025
Kilometers

Q1 Q2 Q3 Q4

Figure 5 Respiratory incidence per 1,000 ER visits in DFW 2007—2016 rates by quarter. Note,
however, that while the colors can be compared to assess general trends showing areas of high and low
values, the numerical values (i.e., the estimated respiratory ERV rates/ozone exposure) associated with
each color changes across the maps. A summary table is provided on the map panel showing the
maximum and minimum values for each quartile and year. Full-size DOI: 10.7717/peerj.11066/fig-5
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maps. A summary table is provided on the map panel showing the maximum and
minimum values for each quartile and year. These values may be used as a guide to
examine the range used by each class interval across the 24 respiratory ERV incidence and
24 ozone exposure maps.

Respiratory ERV incidence in DFWwas the highest in the 1st and 4th quarters across all
years (Fig. 5) while ozone exposure was highest in the 2nd and 3rd quarters (Fig. 6).

Component 2: geostatistical analysis and visualization
Analysis of the spatial associations of respiratory ERV incidence (Fig. 7). show HH clusters
primarily outside of the urban center, while LL clusters occur almost exclusively inside the
urban center. Moreover, we observe HL and LH outliers in every quarter suggesting
geographic variability in the respiratory incidence observations. Note that spatial clusters
of respiratory ERV incidence show similar patterns across all quarters and all years.
In comparison, the spatial patterns of Moran’s I clusters for ozone exposure show
consistent patterns during quarters 1 and 4 across all years, and then during quarters 2
and 3 across all years (Fig. 8). In quarters 1 and 4, HH clusters are found in the peripheral
areas while LL clusters are found in the central parts of the DFW area. During quarters

2007 [MAX, MIN]

Q1 [37.907, 29.837]

Q2 [47.749, 43.182]

Q3 [53.985, 43.205]

Q4 [35.748, 34.968]

2008 [MAX, MIN]

Q1 [36.832, 35.489]

Q2 [51.502, 42.096]

Q3 [55.113, 44.932]

Q4 [35.885, 34.807]

0 50 100 150 20025

Kilometers

2011 [MAX, MIN]

Q1 [40.485, 34.858]

Q2 [50.349, 47.95]

Q3 [66.021, 53.951]

Q4 [39.081, 34.723]

Ozone Concentrations in DFW 2007 - 2016

*Ozone measurements in parts per billion (ppb)

2012 [MAX, MIN]

Q1 [34.516, 33.82]

Q2 [53.781, 51.799]

Q3 [53.545, 50.411]

Q4 [40.293, 34.678]

2007

2008

2012

2011

2015

2016
2016 [MAX, MIN]

Q1 [42.066, 34.817]

Q2 [46.902, 42.884]

Q3 [47.074, 37.604]

Q4 [39.143, 31.583]

2015 [MAX, MIN]

Q1 [37.003, 29.884]

Q2 [45.342, 37.574]

Q3 [53.207, 44.355]

Q4 [40.391, 33.427]

Legend

0-25%

25.1-50%

50.1-75%

75.1-100%

´

Q1 Q2 Q3 Q4

Figure 6 8-hour maximum ozone concentrations seasonally in DFW 2007—2016. Note, however,
that while the colors can be compared to assess general trends showing areas of high and low values, the
numerical values (i.e., the estimated respiratory ERV rates/ozone exposure) associated with each color
change across the maps. A summary table is provided on the map panel showing the maximum and
minimum values for each quarter and year. Full-size DOI: 10.7717/peerj.11066/fig-6
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2 and 3, HH clusters are found in the north and west while LL clusters are found in
the south and east.

Component 3: concentration response curves
The scatter plots (Fig. 9) show statistically significant relationships between respiratory
ERV visits and ozone exposure during all quarters with positive slopes in the 1st and 4th
quarters and negative slopes in the 2nd and 3rd quarters (Table 3).

DISCUSSION
In this study, we examined the spatial clustering and variations of ozone exposure and
respiratory ERV incidence rates in DFW over a nine-year period using 266 zip codes.
Mapping the spatial patterns found respiratory ERV incidence was highest primarily in
the 1st and 4th quarters while ozone exposure was highest in the 2nd and 3rd quarters.
At the time of this publication, we can find study no study to compare or contrast
these results. The ozone finding is consistent with literature indicating quarters 2 and 3 are
often the largest exposures, occurring during the maximum values of incoming solar

´

Legend

Not Significant

High-High Cluster

High-Low Outlier

Low-High Outlier

Low-Low Cluster

2016

2015

2011

2012

2008

2007

Anselin Local Moran's I - Respiratory 

Incidence per 1,000 ER Visits

0 50 100 150 20025

Kilometers

Q1 Q2 Q3 Q4

Figure 7 Respiratory incidence per 1,000 ER visits—Local Moran’s I. Anselin Local Moran’s I was
used to determine spatial clusters of respiratory ER visit incidence for each quarter during the period
2009–2016. The Local Moran’s I statistic classifies each spatial unit on the map (zip code) into one of four
categories: High-High (HH), High-Low (HL), Low-High (LH), and Low-Low (LL). These categories
specify the relationship between every geographic unit on the map and its neighbors.

Full-size DOI: 10.7717/peerj.11066/fig-7
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radiation and favorable meteorological conditions for ozone formation (Simon et al., 2015;
Simon et al., 2016; Kim, Byun & Cohan, 2009).

Conclusions drawn from the Anselin Local Moran’s I analysis are that significant
clusters have higher or lower rates than expected from a random distribution. High and
low clusters reflect higher or lower than expected clustering of values, respectively.
A cluster and outlier analysis and visualization for the respiratory ERV data shows the
presence of HL and LH outliers throughout the DFW metroplex. On the other hand, a
similar analysis of ozone exposure reveals consistent patterns of HH and LL cluster values.
For ozone, the HH clusters tend to be in the northern and western parts of the DFW
area during the high season (Q2 and Q3). This is expected given that the ozone transport
and precursor distribution is influenced by the prevailing winds in the region being from
SSE to NNW, thus causing an increased development of ozone in the observed clusters
(Kim, Byun & Cohan, 2009). Meanwhile, these areas of HH and LL clusters present
compelling indicators of large-scale spatial regions with high or low levels of ozone
than expected from a random distribution. Our study shows that there seems to be no
direct correlation in the spatial patterns of respiratory ERV incidence rates and ozone

Q1 Q2

0 50 100 150 20025

Kilometers

Anselin Local Moran's I - Ozone Concentrations 
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Figure 8 Anselin Local Moran’s I—Ozone Concentrations. Anselin Local Moran’s I was used to
determine spatial clusters of ozone concentrations for each quarter during the period 2009–2016.
The Local Moran’s I statistic classifies each spatial unit on the map (zip code) into one of four categories:
High-High (HH), High-Low (HL), Low-High (LH), and Low-Low (LL). These categories specify the
relationship between every geographic unit on the map and its neighbors, defined using the inverse
distance conceptualization. Full-size DOI: 10.7717/peerj.11066/fig-8
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exposure. This result can be partially explained due to the lack of extensive ground
monitoring sites and the use of a geostatistical model to estimate ozone exposure across the
DFW area (U.S. Environmental Protection Agency (EPA), 2020b). Note that the use of such
models is common in studies of air pollution modeling (Liu & Rossini, 1996; Diem, 2003;
Gorai, Tchounwou & Tuluri, 2016).

Figure 9 Concentration-Response Curves. Scatter plots between respiratory ER visit rates vs ozone concentrations for each quarter across the study
period. A line was plotted for each year. For each scatter plot, an overall line of best fit was computed. Full-size DOI: 10.7717/peerj.11066/fig-9

Table 3 Slope statistics of linear asthma/ozone response curves.

Quarter R2 Model

Q1 0.030** Y
^
Q1 = 0.072 + 5.858X*1

Q2 0.005** Y
^
Q2 = 0.308 − 1.271X*1

Q3 0.005** Y
^
Q3 = 0.274 − 0.899X*1

Q4 0.022** Y
^
Q4 = 0.009 + 6.769X*1

Notes:
Ozone (X1), Respiratory ERV (Y).
* p < 0.01 for β1.
** p < 0.01, a = 0.05.
Each quarter shows an exposure-response curve equation for respiratory incidence rates (y) and ozone exposure (x).
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Exposure-response curves for respiratory incidence rates and ozone exposure indicate
significant slope coefficients with +β1 in Q1 and Q4 and −β1 in Q2 and Q3. Note that, the
predictive value was low for ozone on respiratory health (R2 < 0.031) for all quarters.
Despite the low R2 values, the study found that ozone was statistically significant across all
quarters but highest in quarters 1 and 4. This finding is consistent with the cluster and
outlier analysis in the respective quarters as well as the positive slope coefficients.
This suggests that ozone can affect respiratory health at levels below the 70-ppb ozone
standard (Bell, Peng & Dominici, 2006), and therefore presents evidence that lower ozone
levels are influencing long-term respiratory illness. We acknowledge this study did not
consider co-pollutant confounding in our single pollutant model. Although this
uncertainty exists, we point out the U.S. Environmental Protection Agency (EPA) (2020b)
sections 2.5 & 3.2.5.1 found co-pollutant correlations with ozone to be low, and less of
a concern in the design of ozone and health effects studies. Moreover, population mobility
was also excluded in the analysis which may influence interpretation of the results. Finally,
the authors acknowledge this study has the potential to be capturing an accumulation
of the short-term acute impacts of ozone on adverse respiratory events and may not be able
to conceptually separate those outcomes that are a result of long-term chronic effects.

CONCLUSIONS
The spatial distribution of ozone exposure has public health implications. This study
examined the spatial clusters and outliers of ozone exposure and respiratory incidence
rates in DFW using emergency room visits and ozone monitoring data from 2007 to 2016.
Evidence presented shows no spatial relationships between zip code level respiratory
ERV incidence rates and ozone exposure but found statistically significant widespread
spatially influenced clusters of ozone. In addition, a relationship between ozone exposure
and respiratory health during Q1 and Q4 was noted in DFW. The results of this study
contribute to the understanding of the relationships between respiratory health outcomes
and long-term exposure to ozone. Our results suggest that prioritization of targeted
pollutant reduction interventions, even during times of low exposure, are important to
minimize health impacts.

ACKNOWLEDGEMENTS
The authors acknowledge Dr. Joseph Oppong, University North Texas Department of
Geography and the Environment and the Texas Department of State and Health Services
(TDSHS). We would like to thank the anonymous reviewers of this paper for their
excellent comments and suggestions.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 14/18

http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/


Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Kari Northeim conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
paper, and approved the final draft.

� Constant Marks conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
paper, and approved the final draft.

� Chetan Tiwari conceived and designed the experiments, analyzed the data, authored or
reviewed drafts of the paper, and approved the final draft.

Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):

Statewide emergency room visit (ERV) public use data file was obtained from the Texas
Department of State and Health Services (Texas DSHS) for the years 2007–2017 after first
obtaining Institutional Review Board (IRB) approval through the University of North
Texas Cayuse IRB system (approval IRB 18-477).

Data Availability
The following information was supplied regarding data availability:

Raw data are available in the Supplemental Files.
Statewide emergency room visit (ERV) public use data file can obtained from the Texas

Department of State and Health Services (Texas DSHS) for the years 2007–2016 after first
obtaining Institutional Review Board (IRB) approval.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.11066#supplemental-information.

REFERENCES
Ahmadi M, John K. 2015. Statistical evaluation of the impact of shale gas activities on ozone

pollution in North Texas. Science of the Total Environment 536(15):457–467
DOI 10.1016/j.scitotenv.2015.06.114.

Al-Ahmadi K, Alahmadi S, Al-Zahrani A. 2019. Spatiotemporal clustering of Middle East
respiratory syndrome coronavirus (MERS-CoV) incidence in Saudi Arabia, 2012–2019.
International Journal of Environmental Research and Public Health 16(14):2520
DOI 10.3390/ijerph16142520.

Anselin L. 1995. Local indicators of spatial association-LISA. Geographical Analysis 27(2):93–115
DOI 10.1111/j.1538-4632.1995.tb00338.x.

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 15/18

http://dx.doi.org/10.7717/peerj.11066#supplemental-information
http://dx.doi.org/10.7717/peerj.11066#supplemental-information
http://dx.doi.org/10.7717/peerj.11066#supplemental-information
http://dx.doi.org/10.1016/j.scitotenv.2015.06.114
http://dx.doi.org/10.3390/ijerph16142520
http://dx.doi.org/10.1111/j.1538-4632.1995.tb00338.x
http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/


Bell ML, Peng RD, Dominici F. 2006. The exposure-response curve for ozone and risk of mortality
and the adequacy of current ozone regulations. Environmental Health Perspectives
114(4):532–536 DOI 10.1289/ehp.8816.

Bell ML, Goldberg R, Hogrefe C, Kinney PL, Knowlton K, Lynn B, Rosenthal J, Rosenzweig C,
Patz JA. 2007. Climate change, ambient ozone, and health in 50 US cities. Climatic Change
82(1–2):61–76 DOI 10.1007/s10584-006-9166-7.

Berman J, Burkhardt J, Bayham J, Carter E, Wilson A. 2019. Acute air pollution exposure,
temperature, and the risk of violent behavior in the United States. Environmental Epidemiology
3:28.

Brook RD, Brook JR, Urch B, Vincent R, Rajagopalan S, Silverman F. 2002. Inhalation of fine
particulate air pollution and ozone causes acute arterial vasoconstriction in healthy adults.
Circulation 105:1534–1536.

Burnett RT, Pope III CA, Ezzati M, Olives C, Lim SS, Mehta S, Cohen A. 2014. An integrated
risk function for estimating the global burden of disease attributable to ambient fine particulate
matter exposure. Environmental Health.

Caiazzo F, Ashok A,Waitz IA, Yim SHL, Barrett SRH. 2013. Air pollution and early deaths in the
United States. Part I: quantifying the impact of major sectors in 2005. Atmospheric Environment
79(1/6):198–208 DOI 10.1016/j.atmosenv.2013.05.081.

Carvour ML, Hughes AE, Fann N, Haley RW. 2018. Estimating the health and economic impacts
of changes in local air quality. American Journal of Public Health 108:S157.

Census. 2019. Fastest-growing cities primarily in the South and West. Available at https://www.
census.gov/newsroom/press-releases/2019/subcounty-population-estimates.html (accessed 22
February 2020).

Department of State Health Services of Texas (DSHS). 2018.Hospital Inpatient Discharge Public
Use Data File, Q1–Q4, 2007–2017. Texas Department of State Health Services. Austin: Texas
Department of State Health Services.

Di Q, Dai L, Wang Y, Zanobetti A, Choirat C, Schwartz JD, Dominici F. 2017. Association of
short-term exposure to air pollution with mortality in older adults. JAMA 318(24):2446–2456
DOI 10.1001/jama.2017.17923.

Diem JE. 2003. A critical examination of ozone mapping from a spatial-scale perspective.
Environmental Pollution 2003(125):369–383 DOI 10.1016/S0269-7491(03)00110-6.

Evans K, Love T, Thurston SW. 2015. Outlier identification in model-based cluster analysis.
Journal of Classification 32(1):63–84 DOI 10.1007/s00357-015-9171-5.

Field RA, Soltis J, McCarthy MC, Murphy S, Montague DC. 2015. Influence of oil and gas field
operations on spatial and temporal distributions of atmospheric non-methane hydrocarbons
and their effect on ozone formation in winter. Atmospheric Chemistry and Physics 15:3527–3542.

Frumkin H. 2002. Urban sprawl and public health. Public Health Reports 117(3):201–217
DOI 10.1016/S0033-3549(04)50155-3.

Gorai AK, Tchounwou PB, Tuluri F. 2016. Association between ambient air pollution and asthma
prevalence in different population groups residing in eastern Texas, USA. International Journal
of Environmental Research and Public Health 13(4):378.

Hays J, Shonkoff SB. 2016. Toward an understanding of the environmental and public health
impacts of unconventional natural gas development: a categorical assessment of the
peer-reviewed scientific literature, 2009–2015. PLOS ONE 11(4):e0154164
DOI 10.1371/journal.pone.0154164.

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 16/18

http://dx.doi.org/10.1289/ehp.8816
http://dx.doi.org/10.1007/s10584-006-9166-7
http://dx.doi.org/10.1016/j.atmosenv.2013.05.081
https://www.census.gov/newsroom/press-releases/2019/subcounty-population-estimates.html
https://www.census.gov/newsroom/press-releases/2019/subcounty-population-estimates.html
http://dx.doi.org/10.1001/jama.2017.17923
http://dx.doi.org/10.1016/S0269-7491(03)00110-6
http://dx.doi.org/10.1007/s00357-015-9171-5
http://dx.doi.org/10.1016/S0033-3549(04)50155-3
http://dx.doi.org/10.1371/journal.pone.0154164
http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/


Hubbell B, Fann N, Levy J. 2009. Methodological considerations in developing local-scale health
impact assessments: balancing national, regional, and local data. Air Quality, Atmosphere &
Health 2009(2):99–110 DOI 10.1007/s11869-009-0037-z.

Jerrett M, Burnett RT, Pope CA III, Ito K, Thurston G, Krewski D, Shi Y, Calle E, Thun M.
2009. Long-term ozone exposure and mortality. New England Journal of Medicine
2009(360):1085–1095 DOI 10.1056/NEJMoa0803894.

Ji M, Cohan DS, Bell ML. 2011. Meta-analysis of the association between short-term exposure to
ambient ozone and respiratory hospital admissions. Environmental Research Letters 6(2):024006
DOI 10.1088/1748-9326/6/2/024006.

Joseph J, Sharif HO, Sunil T, Alamgir H. 2013. Application of validation data for assessing spatial
interpolation methods for 8-h ozone or other sparsely monitored constituents. Environmental
Pollution 178(2):411–418 DOI 10.1016/j.envpol.2013.03.035.

Kim S, Byun DW, Cohan D. 2009. Contributions of inter-and intra-state emissions to ozone over
Dallas-Fort Worth. Texas Civil Engineering and Environmental Systems 26(1):103–116
DOI 10.1080/10286600802005364.

Knowlton and Altman. 2013. Where there’s fire, there is smoke: wildfire smoke affects
communities distant from deadly flames. Available at https://www.nrdc.org/resources/where-
theres-fire-theres-smoke-wildfire-smoke-affects-communities-distant-deadly-flames (accessed 4
February 2021).

Landrigan PJ, Fuller R, Acosta NJ, Adeyi O, Arnold R, Baldé AB, Bertollini R, Bose-O’Reilly S,
Boufford JI, Breysse PN, Chiles T. 2018. The Lancet Commission on pollution and health.
Lancet 391(10119):462–512.

Liu LJS, Rossini AJ. 1996. Use of kriging models to predict 12-hour mean ozone concentrations in
metropolitan Toronto—a pilot study. Environment International 22(6):677–692
DOI 10.1016/S0160-4120(96)00059-1.

Nassikas N, Spangler K, Fann N, Nolte CG, Dolwick P, Spero TL, Sheffield P, Wellenius GA.
2020. Ozone-related asthma emergency department visits in the US in a warming climate.
Environmental Research 183:109206 DOI 10.1016/j.envres.2020.109206.

Paul LA, Burnett RT, Kwong JC, Hystad P, Van Donkelaar A, Bai L, Goldberg MS, Lavigne E,
Copes R, Martin RV, Kopp A. 2020. The impact of air pollution on the incidence of diabetes
and survival among prevalent diabetes cases. Environment International 134:105333
DOI 10.1016/j.envint.2019.105333.

RCT. 2021. Barnet shale total natural gas production 2000 through December 2019. Available at
https://www.rrc.state.tx.us/media/56383/barnett-gas.pdf (accessed 18 February 2020).

Saldiva SRDM, Barrozo LV, Leone CR, Failla MA, Bonilha EDA, Bernal RTI, Oliveira RCD,
Saldiva PHN. 2018. Small-scale variations in urban air pollution levels are significantly
associated with premature births: a case study in São Paulo, Brazil. International Journal of
Environmental Research and Public Health 15(10):2236.

Szyszkowicz M, Rowe BH. 2016. Respiratory health conditions and ambient ozone: a
case-crossover study. Insights in Chest Diseases 1:1–9.

Sather ME, Cavender K. 2016. Trends analyses of 30 years of ambient 8-hour ozone and precursor
monitoring data in the South-Central US: progress and challenges. Environmental Science:
Processes & Impacts 18(7):819–831 DOI 10.1039/C6EM00210B.

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 17/18

http://dx.doi.org/10.1007/s11869-009-0037-z
http://dx.doi.org/10.1056/NEJMoa0803894
http://dx.doi.org/10.1088/1748-9326/6/2/024006
http://dx.doi.org/10.1016/j.envpol.2013.03.035
http://dx.doi.org/10.1080/10286600802005364
https://www.nrdc.org/resources/where-theres-fire-theres-smoke-wildfire-smoke-affects-communities-distant-deadly-flames
https://www.nrdc.org/resources/where-theres-fire-theres-smoke-wildfire-smoke-affects-communities-distant-deadly-flames
http://dx.doi.org/10.1016/S0160-4120(96)00059-1
http://dx.doi.org/10.1016/j.envres.2020.109206
http://dx.doi.org/10.1016/j.envint.2019.105333
https://www.rrc.state.tx.us/media/56383/barnett-gas.pdf
http://dx.doi.org/10.1039/C6EM00210B
http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/


Simon H, Reff A, Wells B, Xing J, Frank N. 2015. Ozone trends across the United States over a
period of decreasing NOx and VOC emissions. Environmental Science & Technology
49(1):186–195 DOI 10.1021/es504514z.

Simon H, Wells B, Baker KR, Hubbell B. 2016. Assessing temporal and spatial patterns of
observed and predicted ozone in multiple urban areas. Environmental Health Perspectives
124(9):1443–1452.

Texas Center for Environmental Quality (TCEQ). 2020. Ozone data. Available at https://www.
tceq.texas.gov/agency/data/ozone_data.html.

Texas Demographics Center (TDC). 2020. Texas population estimates program. Available at
https://www.demographics.texas.gov/Data/TPEPP/Estimates/.

U.S. Environmental Protection Agency (EPA). 2018. Texas Dallas-Fort Worth and Houston-
Galveston-Brazoria Nonattainment Areas. Final Area Designations for the 2015 Ozone National
Ambient Air Quality Standards Technical Support Document. Available at https://www.epa.gov/
sites/production/files/2018-05/documents/tx_tsd_final.pdf (accessed 18 February 2020).

U.S. Environmental Protection Agency (EPA). 2017. 2015 Ozone Standards – State
Recommendations, EPA Responses, and Technical Support Documents. Available at https://
www.epa.gov/ozone-designations/2015-ozone-standards-state-recommendations-epa-responses-
and-technical-support (accessed 31 March 2021).

U.S. Environmental Protection Agency (EPA). 2020a. National Emissions Inventory (NEI).
Available at https://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
(accessed 31 March 2021).

U.S. Environmental Protection Agency (EPA). 2020b. Integrated Science Assessment (ISA) for
Ozone and Related Photochemical Oxidants (Final Report, Apr 2020). U.S. Environmental
Protection Agency, Washington, DC, EPA/600/R-20/012.

U.S. Environmental Protection Agency (EPA). 2021a. Criteria Air Pollutants. Available at
https://www.epa.gov/criteria-air-pollutant (accessed 31 March 2021).

U.S. Environmental Protection Agency (EPA). 2021b. Timeline of Ozone National Ambient Air
Quality Standards (NAAQS). Retrieved from:. Available at https://www.epa.gov/ground-level-
ozone-pollution/timeline-ozone-national-ambient-air-quality-standards-naaqs (accessed 31
March 2021).

Vieira S. 2015. The health burden of pollution: the impact of prenatal exposure to air pollutants.
International Journal of Chronic Obstructive Pulmonary Disease 10:1111–1121.

Vilinová K. 2020. Spatial autocorrelation of breast and prostate cancer in Slovakia.
International Journal of Environmental Research and Public Health 17(12):4440
DOI 10.3390/ijerph17124440.

Wang Z, Peng J, Liu P, Duan Y, Huang S, Wen Y, Liao Y, Li H, Yan S, Cheng J, Yin P. 2020.
Association between short-term exposure to air pollution and ischemic stroke onset: a
time-stratified case-crossover analysis using a distributed lag nonlinear model in Shenzhen,
China. Environmental Health 19(1):1–12 DOI 10.1186/s12940-019-0557-4.

Northeim et al. (2021), PeerJ, DOI 10.7717/peerj.11066 18/18

http://dx.doi.org/10.1021/es504514z
https://www.tceq.texas.gov/agency/data/ozone_data.html
https://www.tceq.texas.gov/agency/data/ozone_data.html
https://www.demographics.texas.gov/Data/TPEPP/Estimates/
https://www.epa.gov/sites/production/files/2018-05/documents/tx_tsd_final.pdf
https://www.epa.gov/sites/production/files/2018-05/documents/tx_tsd_final.pdf
https://www.epa.gov/ozone-designations/2015-ozone-standards-state-recommendations-epa-responses-and-technical-support
https://www.epa.gov/ozone-designations/2015-ozone-standards-state-recommendations-epa-responses-and-technical-support
https://www.epa.gov/ozone-designations/2015-ozone-standards-state-recommendations-epa-responses-and-technical-support
https://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
https://www.epa.gov/criteria-air-pollutant
https://www.epa.gov/ground-level-ozone-pollution/timeline-ozone-national-ambient-air-quality-standards-naaqs
https://www.epa.gov/ground-level-ozone-pollution/timeline-ozone-national-ambient-air-quality-standards-naaqs
http://dx.doi.org/10.3390/ijerph17124440
http://dx.doi.org/10.1186/s12940-019-0557-4
http://dx.doi.org/10.7717/peerj.11066
https://peerj.com/

	Evaluating spatial patterns of seasonal ozone exposure and incidence of respiratory emergency room visits in Dallas-Fort Worth
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


