2012

Understanding
Asthma in Maryland
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Asthma is a chronic disease now affecting more than 25 million Americans. There
is no cure for asthma, but asthma attacks have been linked to a number of genetic
and environmental factors. This analysis focuses on asthma cases in Maryland
counties and uses ArcGIS 10 and Model Builder to better understand the
relationship between asthma, air pollution, tobacco use, and proximity to selected
power plants.
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I.

Background
Asthma is a chronic disease of the airways that makes breathing difficult for more than 25

million Americans. The exact cause of asthma is unknown, but air pollution, secondhand
smoke, and pollen are common triggers of an asthma attack. There is no cure for asthma, so
better understanding the sources and causes of an asthma attack can help to alleviate the
suffering and chance of death of those with the disease. The author chose this study question
because of a personal connection to persons with asthma in the region. This paper will discover
any connection between air quality, tobacco users, and asthma cases in Maryland at the county
level. Geographic Information Systems (GIS) will be used to develop a model to facilitate the
understanding of the factors that influence asthma in Maryland. It will help to prove or disprove
the hypothesis that the counties with the worst air quality have the highest asthma rates by
comparing rates of asthma, tobacco use, and air quality rating within each County. This paper is
organized into seven sections: a brief introduction describing the data and the approach, a
description of the pertinent data tables, a description of the database schema, a description of
the data model, analysis of the data model output, and a review of selected literature relevant to
the topic.

II.

Introduction
Data was compiled from multiple sources. A shapefile containing all Maryland Counties was

downloaded from the TIGER website via the U.S. Census1. The total population for each
County in 2010 was found on the U.S. Census website and these data were added in a
population column in the other data tables for calculation purposes. The number of people with
asthma in 2010 and the number of tobacco users per County were found on the Maryland
Behavioral Risk Factor Surveillance, an initiative by the National Center for Chronic Disease
Prevention and Health Promotion2. Power plants were located based on a list downloaded from
the Environmental Protection Agency3.
The air quality ratings were downloaded from the American Lung Association report “State of
the Air 2012”. Data were not available for 9 of the 24 counties. Data related to air quality proved
the most difficult to find. Air quality rating is based on ozone levels for the purposes of this
analysis. Two types of air pollution dominate the problem in the U.S.: ozone and particle
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pollution. These are not the only serious air pollutants: others include carbon monoxide, lead,
nitrogen dioxide, and sulfur dioxide, as well as scores of toxins such as mercury, arsenic,
benzene, formaldehyde, and acid gases. However, ozone and particle pollution are the most
widespread pollutants4. Data for these additional pollutants are not compiled as a whole at the
Maryland County level and therefore were not considered for this analysis. Figures 1 and 2
illustrate all of the data used in this analysis and model.
A few existing health-related models were reviewed for this analysis, but were not adequate
for this assessment so a new model specific to the needs of this project was developed. The
hypothesis for this data model is that the counties with the best air quality have lower asthma
rates. These data could also be used to create a model to determine the best place for a
person with asthma to live based on air quality ratings and proximity to power plants.
The model developed for this analysis assumes that data are evenly distributed throughout each
county and there is an assumed correlation between all of the variables. Modeling health factors
and environmental conditions can present many challenges, and as a result this model has a
few constraints. People are mobile and this model does not factor whether or not a person with
asthma was born in a county with lower pollution levels, or moved there later in life. It is difficult
to prove that any of these variables are necessarily related, and without conducting additional
spatial analysis the model can just reveal if the factors are present.

4

3

State of the Air 2012 http://www.stateoftheair.org/2012/states/maryland/

Figure 1: Data Sets
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Figure 2: Data Sets (continued)
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III.

Data

As described in Section II, the data model developed for this analysis utilizes the following data
layers:


2010 population data per county in Maryland (U.S. Census 2010)



Asthma cases per Maryland County in 2010 (Maryland Behavioral Risk Factor
Surveillance System)



Tobacco users per Maryland County in 2010 (Maryland Behavioral Risk Factor
Surveillance System)



Air quality ratings – based on ozone levels per Maryland County in 2012 (State of the Air
2012)



Locations of power plants within Maryland and a 10 mile buffer around each plant
(Environmental Protection Agency)

One integral table that was used to model behavior and create relationships was the table of
Maryland counties downloaded from the U.S. Census. Without these data, it would not have
been possible to map the data tables for air quality, tobacco use, or asthma because these
tables did not have a spatial reference. By joining these data tables to the Census file, a spatial
reference was created allowing a feature class to be created, mapped and analyzed. This
model uses data from the year 2010, but data from any time period could be added at any time
to make comparisons or for additional analysis. Additional demographic and/or environmental
data may be added as analyses are conducted. The principle data tables used were the percent
of the total County populations that used tobacco, the percent that had asthma, the air quality
rating table, and the location of the different power plants.

IV.

Database Schema

The database schema is organized as a main geodatabase with feature classes and a feature
data set containing multiple features. A toolbox contains the model. The geodatabase schema
was not based on an existing data model; it was developed specific to this project. The asthma
and tobacco use data tables were joined with the County shapefile and feature classes were
created for each variable so that the values could be mapped. Relationship classes were also
created between the County shapefile and the asthma data table, and the County shapefile and
the tobacco use data table. Two different domains were created within the main project
database and applied to the air quality feature class and the asthma feature class. A field was
created within the air quality database to distinguish between counties where data were
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available and those counties where no data were available, and the text domain was applied. A
field was added to the asthma feature class to show whether or not the County had cases of
asthma. These fields will then be used in the model as data filters. Power plant names were
searched and locations were mapped using Google Earth and then converted to .kml files. The
.kml files were then converted to shapefiles using DNR Garmin and displayed on the map. A 10
mile buffer polygon was created around each power plant using the buffer tool. Metadata was
created for all feature classes used in the model.

V.

Data Model Description

The workflow for the data model was developed by asking an overarching question and then
drilling down to the different inputs and parts of the question. The first question asked if there
are counties that have high rates of asthma, poor air quality, high rates of tobacco users, and
are located within 10 miles of a power plant. Model Builder was used to create the data model
(Figure 3).
Figure 3: Model

To simplify the model, the three main datasets (tobacco users, asthma cases, and air quality)
were combined into one feature class for analysis. To address the first part of the question, the
select tool was used to select from the asthma feature class those counties where asthma was
present and where the cases of asthma exceeded .02 percent of the county population. The
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select tool was then used on the output from the first selection to filter for those counties with
0.03 percent or more of the county population using tobacco. This output will then be used to
filter again for those counties with air quality data available and more than 15 days of orange
ozone level air quality. These three successive selections will result in any counties with the
desired parameters. The clip tool will then be used to compare the output variable to the 10
mile power plant buffer to see if any counties fit the full description. The portion of the counties
overlapping the buffer will remain in the output and allow the user to determine if any counties
fulfill the requirements.

VI.

Analysis of Data Output

The model resulted in portions of two counties remaining through the selection process. The
first filter tool resulted in 12 counties, shown in green on Figure 4, where asthma rates
exceeded .02 percent of the population.
Figure 4: First tool results

The second tool removed one county that did not have tobacco use rates above 0.03 percent of
the population, shown in green in Figure 5.
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Figure 5: Second tool results

The third tool removed eight more counties that either did not have air quality data available or
did not exceed 15 orange ozone days in 2012, resulting in three remaining counties shown in
orange in Figure 6; Kent County, Garrett County, and Washington County.
Figure 6: Third tool result

The final tool removed Garrett County because it was not within 10 miles of a power plant and
resulted in portions of Kent County and Washington County. This also allows the analyst to
calculate the percentage of the county that might be affected by the power plant. These results
are shown in red on Figure 7 below. These counties had asthma rates exceeding .02 percent of
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the population, tobacco use rates above 0.03 percent of the population, air quality data available
and exceeded 15 orange ozone days in 2012, and had a part of the county within 10 miles of a
power plant.
Figure 7: Final Output

In order to clean up the result to show the entire resulting county, ArcMap was used to map the
final result and the Maryland counties, select those counties that intersect the final result, and
export them as a feature class (Figure 8).
Figure 8: Revised Output
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This model helped the analyst to understand which counties had all of the contributing variables,
but did not definitely prove that these variables were the reason for high rates of asthma.
Washington County had a relatively low rate of asthma cases (0.024) but still met the other
requirements. The counties had to fulfill all three selection requirements before being
considered in the final selection. These results partially support the assumptions made in the
introduction but do not answer all of the correlation questions posed. For example, Harford
County had 47 days of orange ozone levels but had asthma rates lower than 0.02 percent of the
population. Caroline County had the highest percentage of tobacco users and asthma rates
were .057 percent, but there was no air quality data available so the count was not included in
the final results. This analysis was limited due to the availability of air quality data and therefore
a clear conclusion cannot be made. Additional analysis can be done, however, by running
portions of the model to compare the variables separately or against just one factor, e.g.
tobacco use and asthma rates. To understand where the model was lacking, the original model
was revised to generate two different outputs: those counties with high rates of asthma and poor
air quality, and those counties with high rates of tobacco use and asthma rates (Figure 9). This
approach allowed the analyst to make assumptions that are founded more directly on
observation using a map.
Figure 9: Revised Model
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Figure 10: Simplified Model Results

Figure 10 shows the results of this model with the power plants and buffer also mapped
to assist in the analysis. The counties shown in color have asthma rates higher than .02 percent
and tobacco use higher than .03 percent. This feature class is symbolized based on asthma
rates and number of orange ozone days. Counties for which air data were not available are
outlined in gray, which is many of the counties with the highest rates of asthma. These counties
were not carried through in the previous model, potentially missing any solutions or ideas
related to improving health in the region. Kent County is identified using the revised model as
having high rates of asthma and a significant number of orange ozone days, and portions of the
county are also within 10 miles of two power plants. As shown in Figure 10, there are power
plants located in many counties that do not have significantly high rates of asthma.
There is a great deal of additional research and analysis done on this topic, using this
data or additional information. For example population density could be mapped to see if people
living near power plants had higher cases of asthma, roads could be added to see if pollution
from cars is a factor, additional data on air pollutants could be mapped to see if particulates and
lead have more of a geographic distinction than ozone, and other health factors could also be
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considered. This paper showed that modeling could be used to analyze data, answer questions
and hypothesize, but it also showed that first hand analysis and data review is also necessary to
avoid missing potentially important results. An existing data model also made the creation of a
revised model much faster and allowed for the comparison of results, which led to some
additional findings.

VII.

Literature Review
A review of literature on the use of GIS and data modeling to answer questions about

human health was performed to compare approaches and to provide background on the use of
GIS in health. The ideas presented by previous studies were considered in developing a
hypothesis for this analysis and in interpreting the results. An evident trend in each of the
reviews is that GIS can be used for analysis, but additional though and variables might also
have to be considered outside of the program. Three of these literature reviews are provided
below.
1. Diesel particulate matter, lung cancer, and asthma incidences along major traffic
corridors in MA, USA: A GIS analysis. Author(s): Jesse C. McEntee, Yelena OgnevaHimmelberger. Source: Health and Place, Vol. 14, 2008, pp. 817-828 URL:
http://dx.doi.org.proxy1.library.jhu.edu/10.1016/j.healthplace.2008.01.002, Accessed:
08/11/2012
McEntee and Ogneva-Himmelberger examined the census tracts and towns that are intersected
by Massachusetts’ major highway corridors to understand whether these areas contain
significantly higher rates of diesel particulate matter (DPM), lung cancer, and asthma. Using
GIS, the authors joined tabular and spatial data to develop maps for analysis. They used
ArcMaps’ spatial analysis toolbox to conduct cluster analysis and regression analysis. They
found that the rates of diesel particulate matter was higher in those towns near main traffic
corridors and that certain areas within these corridors also saw higher concentrations of asthma
incidence. The authors recommend a series of steps that can be taken by policy makers and
planners to curb DPM emissions. They also found that additional data could have been used in
their analysis and recommended it for future analyses to better support any conclusion about
the concentrations of asthma and high DPM emissions. The author’s results support the
conclusions presented in this paper and illustrate the reliance on GIS technologies to analyze
and present complicated data and relationships.
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2. Crime, neighborhood deprivation, and asthma: A GIS approach to define and assess
neighborhoods. Author(s): Sara L. Gale, Sheryl L. Magzamen, John D. Radke, Ira B.
Tager. Source: Spatial and Spatio-temporal Epidemiology 2 (2011) 59–67
http://dx.doi.org.proxy1.library.jhu.edu/10.1016/j.sste.2011.01.001. Accessed 8/11/12

Gale, Magzamen, Radke and Tager were interested in understanding how the exposure to
neighborhood factors and level of deprivation affects participation in a community-based
asthma program in Oakland, CA. The authors used GIS to create a model to assess
deprivation using certain weighted factors: neighborhood crime rates, alcohol outlets, and
eight Census characteristics. GIS was also used to run regression analysis and make
comparisons between crime, poverty and asthma cases. They had difficulty making
associations between asthma and crime due to a number of factors, and found that
neighborhood deprivation is weakly associated with the number of asthma program
participants. Instead the authors state that pollution, genetic factors, home environment, and
other exposures might help better explain the increased asthma occurrence in this particular
urban neighborhood. They found that the use of US census-based geographical units as
the sole definition of neighborhood may not capture fully the subtle effects of neighborhood
environments on human health, and that future study should be done on how to define a
neighborhood. The authors also found it difficult to draw a distinct conclusion based on their
analysis.
3. Unequal respiratory health risk: Using GIS to explore hurricane related flooding of
schools in Eastern North Carolina. Author(s): Virginia Thompson Guidry, Lewis H.
Margolis. Source: Environmental Research 98 (2005) 383–389. URL:
http://dx.doi.org.proxy1.library.jhu.edu/10.1016/j.envres.2004.10.007. Accessed 8/11/12
Guidry and Margolis conducted a cross-sectional study to investigate whether schools
serving populations at high risk of developing respiratory infections in North Carolina were
disproportionately burdened by flooding from Hurricane Floyd. The authors used GIS to
overlay a satellite-derived image of the flooded land with school locations and schools were
selected for inclusion and classified as “flooded” or “non-flooded”. Seventy-seven flooded
schools and 355 schools that were not flooded in 36 counties were identified and then
characterized based on the income, race/ethnicity, and age of their student populations. The
authors used GIS and SPSS to show that low-income schools in which a majority of
students were Black had twice the risk of being flooded compared to the referent group.
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Their analysis suggests that schools serving populations already at elevated risk of
respiratory illness were disproportionately affected by the flooding of Hurricane Floyd. They
did find, however, that there are historical reasons for the geographical distribution of racial
and ethnic groups and general assumptions cannot be made with full confidence. The
authors concluded that the combination of GIS and available secondary data can be used to
provide a rapid estimation of schools damaged by natural disasters resulting in better health
for the attending students.
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