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Disease maps are powerful tools for depicting spatial variations in disease risk and its 

underlying drivers.  However, producing effective disease maps requires careful consideration of 

the statistical and spatial properties of the disease data. In fact, the choice of mapping method 

influences the resulting spatial pattern of the disease, as well as the understanding of its 

underlying population characteristics. New developments in mapping methods and software in 

addition to continuing improvements in data quality and quantity are requiring map-makers to 

make a multitude of decisions before a map of disease burdens can be created. The impact of 

such decisions on a map, including the choice of appropriate mapping method, not been 

addressed adequately in the literature. This research demonstrates how choice of mapping 

method and associated parameters influence the spatial pattern of disease. We use four different 

disease-mapping methods – unsmoothed choropleth maps, smoothed choropleth maps produced 

using the headbanging method, smoothed kernel density maps, and smoothed choropleth maps 

produced using spatial empirical Bayes methods and 5-years of zip code level HIV incidence 

(2007- 2011) data from Dallas and Tarrant Counties, Texas. For each map, the leading 

population characteristics and their relative importance with regards to HIV incidence is 

identified using a regression analysis of a CDC recommended list of socioeconomic determinants 

of HIV. Our results show that the choice of mapping method leads to different conclusions 

regarding the associations between HIV disease burden and the underlying demographic and 

socioeconomic characteristics. Thus, the choice of mapping method influences the patterns of 



disease we see or fail to see. Accurate depiction of areas of high disease burden is important for 

developing and targeting appropriate public health interventions. 
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CHAPTER 1 INTRODUCTION 

Disease maps convey the spatial patterns of disease distribution and consequently influence the 

map-readers’ perception of associated risk. They have been used to relay important information 

about a disease to both public health officials and concerned citizens. However, one must 

recognize that a map is a product of various choices that mapmakers have made and these 

choices influence the spatial patterns that are observed/not observed on the map. For instance, 

availability of data, scale of the study region, purpose of the study/research, mapping techniques 

and map maker’s experience level influence the resultant patterns of spatial distribution of 

disease.  

Different types of maps ranging from dot maps, isopleth and choropleth have been used to show 

the spatial distribution of diseases. Dot maps, which show the exact locations of health events 

occurring in any given region, are commonly used to show the spatial patterns of disease. For 

example, the famous map of Cholera incidence by John Snow depicted the locations of cholera 

deaths in London as point locations on a map (Koch, 2004). Underlying information including 

roads and locations of water pumps were used to provide context to the spatial distribution of 

cases. While this map had important implications in shaping public health perceptions of 

mapping, the introduction of privacy laws and issues surrounding data confidentiality, such dot 

maps disease are rarely, if ever, produced. Furthermore, dot maps do not account for population 

density and are of little epidemiological value in understanding the impacts of diseases on a 

given population. Another type, Isopleth maps are increasingly being used to illustrate the spatial 

distribution of disease as a continuous surface that is not restricted by administrative boundaries.  
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The availability of better quality data, information technology, and GIS provide modern 

mapmakers with a much wider array of sophisticated mapping methods and tools. This resulted 

in frequent use of maps within Public Health to represent information on disease incidence or 

prevalence. Choropleth maps, the third type of map, have been the first choice of mapmakers to 

visualize the spatial patterns of disease burdens. Increasingly, population-level studies in 

epidemiology rely frequently on such maps to obtain information about how a disease is 

distributed among population (Cromley et al., 2002, Gesler, 1986, Lawson et al., 1999). To 

produce such maps, disease rates are calculated by dividing cases aggregated up to some small-

area analysis unit (e.g. zip code) by their corresponding population estimates. While such maps 

are easy to produce as the unit of analysis is also the unit of mapping, choropleth maps are 

subject to issues of representation as well as statistical reliability. With regards to representation, 

choropleth maps are subject to the well-known Modifiable Areal Unit Problem (MAUP) which 

states that changes in observed patterns can be attributed to changes in choice of small-area unit 

such as zip codes or census tracts (Openshaw, 1984). Another significant problem associated 

with mapping such crude rates is that varying population sizes tend to produce unstable rates 

across a geographic region.  Hence, areas with small populations (i.e. small denominators in rate 

calculations) show large fluctuations in disease rates, thus making it difficult to discern between 

areas with truly high disease burdens and those were high rates that are merely a consequence of 

the small population sizes (Cressie and Read, 1989, Croner et al., 1992, Graham et al., 2004, 

Lawson et al., 2001, Rushton, 2003). This is known as the small number problem.  
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Smoothing techniques have been developed to address the small numbers problem. They seek to 

remove the variation in disease rates that are caused by small population counts. Based on 

purpose of the study, spatial smoothing approaches can be chosen from linear or non-linear 

methods. Kafadar (1999) defines linear smoothing as one that uses a local neighborhood of 

observed data values weighted by the distance. And non-linear methods smoothed disease rates 

that are weighted using more complex spatial structures. The most commonly used smoothing 

methods are headbanging, kernel density estimation, and Empirical and Spatial Bayesian 

methods, and Kriging. While there is a vast body of literature that illustrates the use of 

smoothing techniques and their different applications, there is little guidance on the impacts of 

each of these methods on a map of disease burden. While the availability of maps and mapping 

tools have enabled anyone, including non-GIS experts or public health officials, to produce 

disease maps, such maps are often subject to biases that result from an incomplete understanding 

of the mapping methods and parameters used. For example, a map produced on CDC’s data 

portal (CDC WONDER) makes many assumptions about the most appropriate mapping method, 

how data are aggregated, and how results are visualized. Further, in many epidemiological 

studies, such maps are frequently used to guide intervention efforts aimed at reducing the impact 

of diseases on populations. Thus, maps that are biased due to incorrect data or choices of 

mapping methods and parameters can have significant impacts on how interventions are planned.  

This research shows how different spatial patterns resulting from choice of mapping method 

influence interpretation of population characteristics. We produce four different types of disease 

maps for HIV incidence in Dallas and Tarrant counties. The methods include (1) unsmoothed 

choropleth maps; (2) smoothed choropleth maps using headbanging, (3) smoothed spatially 

continuous maps using kernel density estimation (KDE), and (4) smoothed choropleth maps 
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produced using spatial empirical Bayes (SEB) method. Subsequently, correlation analysis is used 

to make a comparison between disease rates produced using the above mapping methods. A 

regression analysis is finally used to extract the underlying key population characteristics 

associated with each mapping method. This thesis shows that a map-makers’ choice of mapping 

method and/or parameters can significantly influence the population characteristics that are 

associated with a disease. This research has important implications in public health as it informs 

public health policy makers about the risks associated with arbitrarily produced disease maps.    

Research Questions 

1. Does the choice of mapping method influence the geographic patterns of diseases 

observed? 

2. Does the choice of mapping method influence interpretation of population 

characteristics?  
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CHAPTER 2 LITERATURE REVIEW 

2.1 Disease Mapping 

Disease mapping refers to the spatial distribution of disease for a population within a specific 

geographic region. In 1850, John Snow created the first disease map of cholera distribution in 

London and initially showed the importance of cartographic representation of disease in serving 

public health (Koch, 2004).  Snow’s point map shown in Figure 2.1 identified the spatial patterns 

of Cholera deaths and its geographical association to features on the landscape which included 

the broad street pump that was subsequently identified as serving the population with sewage 

tainted water (McLeod, 2000). John Snow’s map was among the first studies that utilized disease 

maps for understanding public health issues. With development of modern analyses techniques, 

analytical mapping methods that expressed the statistical properties of the geographical 

distribution of disease were developed (Howe, 1989). 
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Figure 2.1 John Snow's map of cholera death in London (McLeod, 2000) 

 

In the modern context, disease maps are used commonly to identify spatial relationships between 

disease outcomes, risk factors in the environment, and human populations. Previous research has 

shown marked differences in the spatial patterns of these relationships - disease burdens tend to 

vary over geographic places and affect populations differently (Goodchild et al., 1992, Gatrell, 

2003, Waller et al., 2004). In order to target places that have disproportionate disease burdens, 

Lawson and Williams (1993) explained the importance of disease maps as a useful tool to 

visualize areas of high disease risk. Disease mapping became popular in epidemiological studies 

starting in the nineteenth century for the production of disease atlases, primarily for mapping the 

spatial patterns of infectious diseases. Cliff et al. (1988), Hunter (1974), Istre (1992), Kraak 

(1999) and Krieger and Zierler (1996) provide examples of the use of disease mapping for a 

range of infectious diseases, such as cholera, influenza, plague, etc. In the late eighteenth and 

early nineteenth centuries, dot or spot maps were a popular way of locating health events as point 
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features on a map. Such early maps had limited utility for examining disease burdens as they did 

not take populations into account. Moreover, privacy issues associated with modern health data 

further restrict the development of such maps today. Choropleth maps of disease rates in a 

population are among the most commonly used disease mapping techniques today.  

Choropleth maps require that health data be aggregated to different geographic units such as 

counties, zip codes, or census tracts (Campbell, 2001). In epidemiological studies, disease rates 

rather than counts are used to estimate the underlying disease burden in a population. Disease 

rates are computed by dividing cases in a region by their corresponding populations (Pickle et 

al., 1997). Maps that are produced from such rates are often called crude choropleth maps. Once 

a rate has been calculated, the geographic units used in the analysis are shaded using a variety of 

algorithms that classify disease rates using a color range with darker colors representing higher 

values and lighter colors represent lower values.   

Although crude choropleth maps are easy to produce and used frequently in epidemiological 

studies, they do not consider heterogeneity related to population sizes and only produce a broad 

picture of disease distribution in an area. Uneven population distribution results in large 

variances in rates across the map and is known to present unstable patterns of disease 

distribution. Diggle (2000) argued that choropleth maps are frequently produced as health data 

are often available in an aggregated format and are very easy to represent on a choropleth map. 

Wilson and Buescher (2002) remarked that the reason for the extensive use of choropleth 

mapping was because of the ease of plotting numeric disease data observed for a given 

geographic region. Cromley and Cromley (2009) provide a comprehensive review of different 

map types and noted the frequent use of choropleth maps for representing disease incidence, 

morbidity, and mortality in public health programs.  

7 

 



When crude choropleth maps are produced using areal units with small populations, a small 

change in the observed case count (i.e. numerator) may lead to drastic changes in the estimated 

rates. This is known as the small numbers problem. Conversely, rates produced in areas with 

dense population are less likely to fluctuate with the addition or removal of a few cases. Maps 

that are subject to the small numbers problem may result in disease representations where it is 

difficult for the map reader to discern between areas that have legitimately high rates versus 

those where the rates are high merely because of small population counts (Aylin et al., 1999, 

Goodchild et al., 1992, Goovaerts, 2006, Marshall, 1991). Pickle (1990) criticized the U.S. 

Disease Atlases for failing to illustrate a clear picture of cancer prevalence across the United 

States. They argue that the Mortality Atlas was only able to depict cancer clusters in the 

Northeastern parts of the U.S. which are more densely populated and failed to show other 

clusters in areas which were sparsely populated, yet known as areas of high cancer risk (Cliff et 

al., 1988). A case study of leukemia in Europe demonstrated the limitations of identifying true 

distribution of  “high risk” areas across geographical regions Spatial distribution of  bronchitis in 

Scotland portrayed the unreliability of choropleth maps in showing change in the temporal 

distribution of  bronchitis from 1979 to 1983 (Williams et al., 1987). Lawson et al. (1999) 

provide a detailed explanation of the various limitations or choropleth maps.   

The Modifiable Areal Unit Problem (MAUP) is also a significant limitation of choropleth maps 

(Dark and Bram, 2007, Openshaw, 1984, Wong, 2009). MAUP states that changes in the shape 

and size of mapping units will influence the patterns that are observed on a map. Cressie (1993) 

showed that administrative boundaries tend to change based on socioeconomic, demographic and 

environmental criteria for which health event data has been collected and thus influence the 

observed rates and patterns of disease distribution. Further, Bell et al. (2006) added that health 
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data that are aggregated into arbitrary administrative units can lead to loss of information about 

how diseases are distributed within those units themselves. 

2.2 Spatial Analysis of Disease Distribution 

Spatial analysis focuses on techniques used to analyze and map spatial processes that typically 

operate on different geographic units and consequently produce disease patterns. Additionally, 

spatial analysis helps understand the relationship among people, their health, well-being and 

changing physical and social environments. In epidemiology, different methods of Geographic 

Information System (GIS) and spatial statistics link together the complex variation in disease 

distribution and prevalent social and physical determinants operating at different spatial scales 

(Kandwal et al., 2009). Generally, the mapping of geographical distribution of disease contains 

four main elements (Elliot et al., 2000): (a) maps created by spatial data, (b) the cartographic 

representation of data as information on maps, (c) risk factors associated with the mapped 

patterns, and (d) the analyst who creates and analyzes those maps (Cromley and McLafferty, 

2011, Ickstadt, 2003). With the availability of data (for instance Small Area Health Statistics 

Unit), storage systems within software have enabled analysis of small geographical regions to 

obtain detailed understanding of disease etiology (Beale et al., 2008). Many researchers like 

Bithell (2000), Diggle (2000), Rushton and Lolonis (1996)  emphasized that disease maps used 

in public health prevention programs should depict “true” spatial patterns of disease distribution, 

free of any noise related to disease rates. Berke (2005) emphasized that disease maps can be an 

exploratory tool to identify true distribution of disease and populations at-risk.  

Advanced mapping techniques have enabled the production of maps of statistically reliable 

spatial patterns of disease. Smoothing techniques have been developed to address the issue of 

variances caused by the small numbers problem discussed earlier. Rate smoothing techniques 
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borrow information from neighboring spatial units and provide an essential tool to overcome 

small numbers problem in mapping disease rates. Berke (2005), Haining et al. (1996), and 

Haining (2003) described the two-fold approach of smoothing: finding statistically stable disease 

rates and obtaining stable disease patterns for small area studies. Bithell (2000) classified disease 

mapping methods into parametric and non-parametric smoothing approaches. The National 

Cancer Institute (NCI) uses a non-parametric median smoother known as the headbanging 

method (Kafadar, 1999). This was first used to remove variability in temperature data for 86 

counties across the United States. Its application was useful in removing extremely high or low 

rates across study regions. Mungiole et al. (1999) demonstrated the use of this method to obtain 

stable rates for illustrating geographical distribution of lung cancer mortality across the United 

States. Headbanging maps revealed the “true” spatial patterns of disease burdens that were 

distorted due biases caused by the small numbers problem. The parametric approach proposed by 

Bithell (2000) characterizes these methods as those that use a probability distribution to perform 

smoothing on unstable estimates of disease rates. Empirical Bayes is one example of such an 

approach. Clayton and Kaldor (1987) first used the Empirical Bayes smoothing method to 

compute age-adjusted cancer mortality rates of lip cancer in Scotland. The utility of this method 

for computing disease rates for missing data using an overall population mean made it the most 

useful method in the nineteenth century (Marshall, 1991). A group of different Bayesian methods 

evolved over time based on the needs of epidemiological studies. MacNab et al. (2006) 

compared the Empirical Bayes, fully Empirical Bayes, and spatial Empirical Bayes methods to 

evaluate the reliability of these approaches for representing disease patterns. These methods 

differ based on the method of removing variability due to noise; it can be based on local 

observation of disease rates or the regional observation of a whole study region (Clayton and 
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Kaldor, 1987, Marshall, 1991, Shi et al., 2007). Eaton et al. (1997) demonstrated the use of this 

method to refine the spatial patterns of brain cancer in West Midlands, England. After removing 

the variability using this method, the resulting map showed that high rates were concentrated 

among sparsely concentrated rural areas. Devine and Louis (1994) demonstrated the advantage 

of using smoothing methods over choropleth maps by comparing rates of fire related mortality 

across counties in Texas. They found that a choropleth map identified 200 counties with high 

rates of fire-related mortality across Texas, but a smoothed Empirical Bayes found that only 50 

counties were at most risk.  

Among smoothing methods, kernel density estimation is the most popular approach. Talbot et al. 

(2000) proposed kernel density estimation, which uses spatial filters, to remove such variation 

caused by the small numbers problem. Rushton and Lolonis (1996) demonstrated the use of this 

method to identify areas of high infant mortality rates in Des Moines, Iowa. Several researchers 

have used this method to stabilize rates when computing maps of disease burdens (Kelsall and 

Diggle, 1998, Pickle et al., 1997, Rushton and Lolonis, 1996, Tiwari and Rushton, 2005). Other 

examples where this method is used include work by Gordon and Womersley (1997), Scribner et 

al. (2008), and Wakefield and Elliott (1999).  

Graham et al. (2004) emphasized that the creation of a map for use with health data depends on 

the study region and associated limitations of health data.  It is important to note that all mapping 

approaches used to identify areas of high disease burdens have their own influence on how the 

small numbers problem is addressed. These mapping approaches process and manipulate health 

data in different ways, thus resulting in spatial patterns that are different from each other 

(Goodchild, 1992, Goovaerts, 2006). 
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2.3 Disease Maps and Broader Engagements with Public Health 

In public health epidemiological studies, disease maps guide intervention toward places and 

people who need it the most (Gesler, 1986, Graham et al., 2004). Moore and Carpenter (1999), 

Wennberg and Gittelsohn (1973) defined the use of disease mapping as “geographically 

targeting” health policies towards populations and places that exhibit high disease burdens. They 

also mentioned that policies are better at controlling the spread of diseases, and directing policies 

using geographically important areas of high disease can better prevent the spread of disease. 

Waller et al. (1997), Lawson et al. (2001), and Lawson et al. (1999) mentioned the importance of 

using disease mapping techniques in identifying socioeconomic characteristics to analyze ill-

health in a given area. They emphasized that area-based socioeconomic variables tend to 

influence “health and ill-health”. Beale et al. (2008), Cromley and McLafferty (2011) mapped 

geographic distribution of low socioeconomic conditions to identify areas of health deprivation 

and in need of health care resources. Low socioeconomic indicators such as poverty, education, 

housing quality, and unemployment were used to measure health deprivation. The use of disease 

mapping is demonstrated in finding areas that need prenatal care clinics. Areas with higher 

proportions of women who are likely to have children were identified using combination of 

socioeconomic and demographic characteristics such as age, visits to clinics, low birthrate, 

access to physical activities, etc. (Cromley, 2003). Gatrell (2003) focused on areal maps which 

show disease rates in order to identify the health status of a community. Disease mapping was 

also used to identify differences in the geographic distribution of where children with lead in 

their blood were located in North Carolina (Kelsall and Diggle, 1998, Cromley and McLafferty, 

2011).  
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Disease mapping plays a vital role in the interpretation of spatial distribution of disease and 

determining how cultural, social, and economic characteristics enhance public health policies 

and intervention efforts. Most geographical analyses of disease answer questions such as: what 

populations are at-risk, where they are located, and the need for prevention strategies. 

Mapmakers choose from a wide range of health data sources to perform spatial analysis of health 

related issues. For instance, health/disease data are available from national or local government 

agencies that provide health statistics for different geographic regions (Beale et al., 2008, Berke, 

2005, Jeffery, 2010).  In addition, a wide range of data on population characteristics is available 

from the U.S. Census website. Identifying relative risk of disease distribution across a 

geographical area help plan intervention and analyzing population characteristics of an area adds 

rich resources for such epidemiological research.  One of the early examples of disease mapping 

in public health was its use in identifying elderly populations with the highest rates of ill health 

and establishing nursing homes in their localities (Gelman et al., 2000, Gordon and Womersley, 

1997). In their study, Gordon and Womersley (1997) identified population characteristics such 

as: elderly people with very low income, no cars, and rent-based housing. These guided their 

study further into finding the best possible health care and nursing home locations.  Another 

example of the influence of socioeconomic characteristics is the loss of employment and 

housing.  In New York City in 1970, unemployment and loss of housing trigged higher rates of 

HIV/AIDS and tuberculosis. Wallace (1998) also emphasized that a “multitude of social and 

political inequalities” contributed an important part in the shaping of public health. Carstairs 

(1995), Goovaerts (2006), James et al. (2004) defined an interesting relationship among 

socioeconomic characteristics and the chance of observing high disease rates in an area. They 

mentioned that areas with lower socioeconomic status tend to have higher rates of disease such 
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as cardiovascular diseases, diabetes, arthritis, low-birth weight, hypertension and cancer. Graham 

et al. (2004), Waller et al. (1997), Subramanian and Kawachi (2004), and Braveman et al. (2005) 

show that lower socioeconomic characteristics leads to inequalities in health and making it an 

important concern of public health problem. Comparing disease distribution across areas and 

relating them to socioeconomic variables can help inform and evaluate disease prevention 

strategies. Waller and Gotway (2004), Istre (1992) defined the importance of mapping infectious 

diseases as a valuable aspect in guiding public health needs regarding sources of infection, 

community-based preventative efforts, and developing metrics for evaluating their successful 

implementation.  In addition, availability and access to health care resources are important for ill 

and economically disadvantaged individuals. Buot et al. (2014) used disease maps to identify 

areas which needed health care clinics. For example, disease maps were used to identify 

underserved areas having higher than expected concentrations of women with cancer and linked 

these areas to accessibility measures for cancer care. “Know your epidemic”, a known slogan of 

Joint United Nations Programs’ on HIV/AIDS emphasizes the importance of population 

characteristics in understanding geographical distribution of communicable diseases like HIV. 

Shisana et al. (2009), Scribner et al. (2008), and Kandwal et al. (2009) confirmed the relationship 

of certain socioeconomic variables such as poverty, unequal distribution of income, low 

education, residential segregation and marriage rates to high HIV distribution in U.S. Moreover, 

the study compares areas of high HIV among 80 cities and confirmed that HIV is heavily 

concentrated among minority groups within the population.  

Statistical analysis such as regression was used to identify the relationship between areas with 

low socioeconomic status and mortality rates in Atlanta. The study found that northern Atlanta 

has higher mortality rates compared to southern Atlanta. They also showed that northern Atlanta 
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tended to have a greater concentration of areas that would be classified as having low 

socioeconomic status. In another study, LaVeist (2005) studies the relationships between 

mortality rate and income to analyze whether health inequality persists among race/ethnic groups 

or not. Otten et al. (1990) found higher mortality rates in areas with dominant Black populations. 

Analyzing the area based population characteristics and health events can serve as an important 

driver in studying and preventing public health issues. 

The rise of computerized mapping software and easy access to aggregated health data has 

enabled non-experts as well as public health policy makers to produce their own maps of interest 

(Popay et al., 1998). Gao et al. (2008) argue that GIS mapping is commonly being used to 

enhance the delivery of maps, statistics and other spatial knowledge for an area. Additionally, 

many of these maps are available to the public via websites and other dissemination avenues. 

Anyone, including many non-experts, can now create their own map showing distribution of 

disease burden in an area. For example, the Centers for Disease Control and Prevention (CDC) 

has published an online web portal—CDC WONDER—that allows users to produce disease 

maps from a collection of restricted datasets, choice of disease, and spatial scale, among other 

parameters of a study region (Friede et al., 1993). This program uses the choropleth mapping 

method to produce maps of selected data. The purpose of this web portal is to enable public 

health officials to create their own maps for planning intervention strategies and for the public to 

produce maps for their own consumption. AIDSVu is another portal that provides similar 

capability for mapping HIV data in the United States (Sullivan, 2013). A combination of 

Geographic Information System (GIS) and statistical techniques allows policy makers to 

examine important characteristics such as population distribution, prevalence of diseases, as well 

as a host of SES and demographic measures such as income, poverty, education etc.  
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Despite access to different mapping methods, mapmakers tend to choose easy and commonly 

used approaches that are provided by GIS software and web-based portal such as CDC 

WONDER and AIDSVu.  Additionally, the interpretation of these maps by an untrained public 

and health officials can have important implications in resulting perceptions about how disease 

risk varies over space. Choropleth maps are the most common approach, but they are also known 

to produce an unreliable pattern of distribution of disease burden which eventually influences 

disease prevention efforts. Unreliable disease patterns produced using crude rates may also 

mislead the public about the diffusion of disease. It is important to communicate the idea that a 

map is an abstraction of a users’ choice of mapping methods as well as a multitude of mapping 

parameters. 
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CHAPTER 3 RESEARCH DESIGN AND METHODOLOGY 

3.1 Data and Study Area 

3.1.1 Study Area 

The study uses data for Dallas and Tarrant counties, which are two major metropolitan counties 

located in the north Texas region (Figure 3.1). These are home to parts of the Dallas-Fort Worth 

Metropolis. Dallas county ranks second in terms of population (2,453,843) in Texas and is 

considered the fourth most populous area in the United States, while Tarrant county ranks third 

in Texas (1,809,034) and is the sixteenth most population county in the United States. According 

to the United States Census Bureau, Dallas covers 880 square miles and Tarrant County covers 

902 sq. miles.   
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Figure 3.1 Map of the study region 

 

Both Dallas and Tarrant counties have witnessed large population growth in the last decade and 

they continue to be among the fastest growing metropolitan areas in the United States. This 

growth can partly be attributed to migration coming from within the US as well as 

internationally. According to the 2010 United States Census, the population in Dallas County is 

comprised of approximately 49% White, 26% Black, and 49% Hispanic. In comparison, the 

race/ethnic profile in Tarrant County is 67% White, 15% Black, and 27% Hispanic. There is 

large variation in SES measures in both Dallas and Tarrant counties. The median income in 

Dallas County is $49,481 while in Tarrant County it is $56,853.   
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3.1.2 Data 

The HIV data used in this research was obtained from the Texas Department of State Health 

Services (TX-DSHS) and contains information on HIV infections at the zip code level from 2007 

to 2011, year of diagnosis and total HIV case. Population data was obtained from the 2010 U.S. 

Census. A list of population characteristics associated with HIV outcomes was obtained from the 

Centers for Disease Control and Prevention (CDC). Data for these variables was extracted from 

the Five-Year American Community Survey (ACS) for 2007 to 2011. The geographic boundary 

files of the study region were downloaded from United States Census TIGERLINE/Shapefiles 

(2010) website. GIS files included county boundaries, zip code tabulation areas (ZCTAs), and 

other GIS data layers.  

3.2 Disease Mapping 

3.2.1 Unsmoothed Choropleth Map 

Despite their limitations, choropleth maps have been the first choice for many map-makers. 

Choropleth maps are constructed using small area units which typically tend to be administrative 

boundaries like zip codes or census tracts. Due to reasons of privacy and confidentiality, health 

data are also made available at an aggregated level, thus making it easy for mapmakers to 

produce disease maps using the choropleth mapping method. Additionally, census data can be 

easily linked to such maps for further spatial or statistical analyses.  Choropleth maps of health 

outcome data typically present rates of disease burdens in a population rather than raw counts. 

Boscoe (2013),Wilson and Buescher (2002) and others have noted that mortality or morbidity 

rates are among the most commonly used measures for describing disease burdens across space.  
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Such rates are calculated using disease cases at the numerator and population controls at the 

denominator.  Formally, this can be represented using:  

Ri = Ci/Pi……………………………………………….           (1) 

In equation 1, Ri is the crude rate for unit i; Ci represents case counts and Pi is the population. 

However, choropleth maps are also subject to two major problems: (a) small numbers problem 

and (b) Modifiable Areal Unit Problem (MAUP). See Berke (2005), Dark and Bram (2007) 

Goovaerts (2006), Openshaw (1984), Graham et al. (2004), Wennberg and Gittelsohn (1973), 

Wong (2009)for a detailed discussion of these issues.  

The small numbers problem is known to produce unstable estimates of disease rates in areas of 

sparse population densities. In other words, rates computed for areas with sparse population 

counts will exhibit high overall variance in disease rates, thus making it difficult for an analyst to 

distinguish between areas of “true” elevated risk versus those that are a consequence of small 

population denominators. Such maps limit the ability of a reader to distinguish between areas 

where disease rates are truly high or low versus those that are spuriously inflated or deflated due 

to unstable rates. A problem with this variation is that it tends to be biased against rural areas 

which generally have lower populations compared with urban areas. 

3.2.2 Smoothed Choropleth Map (Headbanging) 

Headbanging is a smoothing technique that is designed to address the problem of rate instability 

that is a consequence of the small numbers problem. The headbanging method is applied to rate 

data instead of raw case and population data. In comparison to other smoothing methods that 

require case and population data, headbanging is designed to operate on rates without need for 

case-level data. Extreme high or low rates are smoothed by the headbanging algorithm that uses 
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an iterative process to run a median smoother over the study area until the overall variance in 

estimated rates converges to a user-defined threshold (Kafadar, 1996).  In this method, both high 

and low values of an estimated rate value are considered in the smoothing algorithm. The median 

value for any rate on the map is identified by finding left and right values of corresponding 

neighboring points. In order to identify neighboring points, “triplets” of nearby values are first 

produced. Every triple in the data set consists of three data points, which are centered at the 

location of the point to be smoothed. The first step towards finding triplets is to define a lower 

and higher screen. As shown in the Figure 3.2 below, the higher screen is on the right side of the 

center value and the lower screen is on its left (Anselin et al., 2006a). The low and high values 

are estimates of disease rates corresponding to the lowest and highest rates in the neighborhood 

of the center point. The high and low screens are then used to calculate smoothed rates based on 

a number of rules that are outlined in (Mungiole et al., 1999). The Crime Stat III software was 

used to create headbanging map (Levine, 2004). 

 

Figure 3.2 Function of headbanging method (Anselin, Lozano, et al., 2006) 
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3.2.3 Smoothed Kernel Density Map 

Since different disease patterns exist in different areas, rates can change suddenly along 

administrative borders for which health events have been collected.  According to Bithell (2000) 

the kernel density estimation method produces a disease map with rates that vary continuously 

across a study area and eliminates the problem of depicting sharp changes in rate estimates as 

one crosses arbitrary administrative boundaries. This method computes rate estimates by placing 

a set of overlapping kernels (or spatial filters) continuously over the study region. A rate is 

calculated within each kernel by dividing the observed number of cases by some control 

population. A discussion of the impact of choice of case and control population can be found in 

Oppong et al. (2012). Maps produced by this method estimate how frequencies of disease rates 

vary across a study area. The implementation of these methods in a GIS is accomplished by 

overlaying a grid of regularly or irregularly placed points. A detailed discussion of strategies for 

producing this grid can be found in Tiwari and Boscoe (2013) and Silverman (1986). A kernel of 

a specific shape and size is then placed at each grid point. A disease rate corresponding to each 

kernel is calculated and mapped into a continuous surface using an interpolation function (Figure 

3.3). An interpolation function is used to simplify the computational effort associated with 

producing a continuous map. An Inverse Distance Weighted (IDW) interpolation is 

recommended to avoid problems with double-smoothing (Kelsall and Diggle, 1995, Talbot et al., 

2000, Tiwari and Rushton, 2005). There are several variations to the procedure for computing 

rates using kernel density estimation methods. Fixed filters use kernels of a fixed radius to 

compute rate estimates on all points on grid. However, such a strategy, while computationally 

simple, can lead to problems of undersmoothing or oversmoothing of data (Tiwari and Rushton, 

2005). Undersmoothing refers to the phenomena where the size of spatial filters (or kernels) is 
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too small to cover an adequate population size and hence tends to produce unstable disease rates. 

Conversely, oversmoothing is when the size of filter or kernel larger than what is needed to 

compute a stable disease rate, thus leading to unnecessary loss of geographic detail (Rushton, 

2003, Talbot et al., 2000). 

 

Figure 3.3 Kernel density estimation (E. K. Cromley & McLafferty, 2011) 

 

The problem of oversmoothing and undersmoothing was first addressed by Talbot et al. (2000) 

and subsequently by Tiwari and Rushton (2005). They used an adaptive spatial filter that grows 

or shrinks in size depending on the underlying population density of the study region. In this 

method, kernels of variable radii are used to estimate disease rates along a grid of continuously 

defined points overlaid on the study area. The sizes of the kernels are driven by a certain pre-

defined population threshold. This procedure is also known as the adaptive spatial filters or 

adaptive spatial kernels method. The idea behind adaptive filters is that for areas of dense 

populations, the bandwidth will be smaller than the one used in areas of sparse populations. This 
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can produce more statistically stable disease rates across a study region while preserving 

geographic detail where it can be preserved. The WebDMAP was used to create grid and 

eventually find HIV rates along the study region (Tiwari and Boscoe, 2013). 

3.2.4 Smoothed Choropleth Map (Spatial Empirical Bayes) 

The rationale behind this mapping approach is that estimates of disease rates for a particular 

location on a map typically do not exhibit large variation in relation to their surrounding 

neighborhood disease rates. The unstable rates are caused due to isolated pockets of sparse 

population densities are adjusted according to the size of population representing rates for that 

area. This method is popularly known as “shrinkage estimates” that pull disease rates towards 

overall mean of local rates (Anselin et al., 2006b). In turn, this method smoothed rates using 

local mean of disease rates rather than using the mean of the whole map or study region (Clayton 

and Kaldor, 1987).  The influence of the “local” mean tends to have different effects in areas of 

low versus high population densities. If crude rates are computed from small population counts, 

they tend to exhibit the most variation (as outliers) and are also most likely to be adjusted closer 

to the local mean. Conversely, rates computed using large population counts are closer to the 

local mean and are less likely to see any significant changes. This suggests that rates for the area 

with small population sizes are smoothed more than the area having larger population. Smoothed 

rates adjustment according to population size implies the reliability of this method to overcome 

small number problem. Disease rates can also be shrunk towards local neighborhood rates or 

global means based on the purpose of the research (Clayton and Kaldor, 1987, Elliot et al., 2000, 

Knorr‐Held and Raßer, 2000, Lawson, 2013). The implementation of the spatial empirical Bayes 

method requires the definition of a theoretical distribution (e.g. Poisson) which is then used as 

the basis for such adjustments in rates. The expected distribution of the overall rates is referred to 
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as prior distribution. Once the overall mean of the prior distribution is determined, weights are 

found using iterative approach that estimates rates based on population size as it varies across 

geographic space. Zones are defined to adjust rates using moving window of specific weight. For 

instance, to smooth rate in a given zips code spatially weightage moving widow consider the 

neighborhood zip code as well. This process results in smoothed rates that are computed using 

weightage average between crude rate for the study zone and the surrounding region do not 

exhibit drastic changes across the study area (Saunderson and Langford, 1996). Smoothed rates 

obtained using these methods remain closer to the crude or overall rates of the study region 

(Devine and Louis, 1994).  The rates found in this method are more stable if the overall/crude 

rates are stable for the study region. Spatial empirical Bayes map showing spatial distribution of 

HIV is created using GeoDA, spatial analyst software (Anselin, 2003). 

3.2.5 Map Comparison Using Correlation Analysis 

A correlation analysis is used to quantify similarity in estimated rates calculated using the four 

mapping methods. The value of correlation coefficient ranges from +1 to -1, with the positive 

signs indicating a positive relationship and vice versa. A value of 0 indicates that there is no 

correlation in rates. The unit of analysis was the zip code level in the choropleth map, 

headbanging map, and spatial empirical Bayes map. However, the output of the KDE map is a 

set of grid points that are no coincident with zip codes. In order to conduct a correlation analysis 

for all the maps, the output of the KDE map was aggregated to the zip code level. Although this 

aggregation introduces some error in the map, it is necessary to make the spatial units consistent 

for this analysis. A spatial join function in GIS was used to aggregate grid-level data to zip code 

level estimates.   
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3.2.6 Regression Analysis 

Inequalities in socio economic variables are known to have implications for unequal distribution 

of disease burden across a geographic region. Since interpretation of areas of highest risk can 

vary based on the choice of mapping method, a regression analysis will analyze the whether 

identification of key population characteristics varies as well. The regression model is 

constructed using HIV incidence rate as the dependent variable and a number of SES measures 

as the independent variables. These are derived from a CDC recommended list of structural 

variables that are known to be associated with adverse HIV outcomes. Table 3.1 represents the 

list of independent variables that were used in the regression model (Equation 2) after test for 

multicollinearity and performing other regression diagnostics. 

HIV Rate = β0 + β1 (Race) + β2 (Education) + β3 (Unemployment) + β4 (Poverty)…….…..... (2) 
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Table 3.1 Independent Variables used in Regression Analysis 

Independent Variables Subset of  Independent Variables 

 

Race/ Ethnicity 

Percent Hispanic 

Percent Non-Hispanic White 

Percent Non-Hispanic Black 

 

Education 

 

Percent population with less than high school education 

Percent population with High education 

Unemployment Percent population unemployed 

 

 

 

Poverty 

Poverty- percent population living under 0.50 

Poverty- percent population living under 0.50 to 0.74 

Poverty- percent population living under 0.75 to 0.99 

Poverty- percent population living under 1.00 to 1.49 

 

The regression is conducted separately for each of the four maps. The R2 values and β 

coefficients for each analysis are then compared to determine the impact of the smoothing 

method on the relationship between the estimated HIV rate and the set of SES indicators 

provided in Equation 1. In this analysis, I compare the R2 obtained for each map in order to 

determine if the type of smoothing method used impacts our interpretation of population 

characteristics. β-values are used to quantify the effect of each SES variable on the estimated 

HIV rate. The results of this analysis are discussed in the following section.   
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CHAPTER 4 RESULTS AND DISCUSSION 

4.1 Research Question 1: Does the choice of mapping method influence the geographic patterns 

of diseases observed? 

Maps of HIV incidence in Dallas and Tarrant Counties were constructed using each of the four 

methods specified in Chapter 3. The maps are produced using a variety of software products as 

described earlier. For all maps, I used the Quintiles classification system with five classes. 

Darker brown colors on all the maps indicate areas that have the highest HIV burdens while the 

lighter shades of yellow indicate areas with lower HIV rates.  A description of the spatial 

patterns obtained in each map and comparison of these are provided in the subsequent sections 

on the next page.  
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4.1.1 Unsmoothed Choropleth Map: 

 

Figure 4.1 Unsmoothed Choropleth Map showing HIV Incidence Rates in Dallas and Tarrant County, Texas 

The unsmoothed choropleth map in Figure 4.1 shows the spatial distribution of HIV incidence in 

Dallas and Tarrant Counties in Texas. The highest rates are found in the central urban cores of 

both Dallas and Tarrant Counties (Rate: 53.90-769.23 per 100,000 population). Additionally, 

Dallas County also exhibits the highest rates in the northern and south-eastern parts (Rate: 53.90-

769.23 per 100,000 population). In Tarrant County, the areas of highest rates are concentrated in 

the central parts as opposed to Dallas County where the rates seem to be distributed across a 

north-western to south-eastern corridor. Additionally, there are areas of moderately high HIV 

rates (Rate: 29.96-53.89 per 100,000 population) that are organized in the peripheral areas of 

central Dallas. Furthermore, the corridor connecting eastern Tarrant County to Dallas County 

also exhibit moderately high incidence rates (Rate: 29.96-53.89 per 100,000 population). The 
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lowest rates of HIV (Rate: 0.00 – 10.39 per 100,000) are only found in a few zip codes in  north-

east and north-west of Dallas and in a majority of the zip codes in north-western and south-

western regions of Tarrant County. 

In summary, the Choropleth mapping method tends to produce maps that are subjected to large 

variability as a consequence of the small numbers problem. Specifically, a map is likely to show 

large fluctuations in observed rates in rural areas which tend to be located in the peripheral 

regions of urban centers – in this case, the suburban areas of Dallas and Tarrant Counties. On the 

other hand, the urban cores of most large cities, including Dallas and Fort Worth, are less likely 

to produce variability in rates due to the large concentrations of populations in those areas. The 

disease mapping literature recommends that such variability be addressed using a variety of 

smoothing methods.  

30 

 



4.1.2 Smoothed Choropleth Map (Headbanging) 
 

 

Figure 4.2 Smoothed Headbanging Choropleth Map showing HIV Incidence Rates in Dallas and Tarrant County, Texas  

The map in Figure 4.2 shows the spatial patterns of HIV obtained using the headbanging method.  

In comparison to the map in Figure 4.1, the areas of highest rates (Rate: 53.90 - 769.23 per 

100,000 population) tend to be concentrated in a much smaller region, viz. the central part of 

Dallas County.  It is interesting to note that none of the areas in Tarrant County exhibit the 

highest levels of HIV incidence. In general, when compared to the unsmoothed choropleth map 

in Figure 5, this method produces maps that show lower HIV burdens in most of the study region 

(Rate: 29.96 – 53.89 per 100,000 population). The lowest HIV incidence rates (Rate: 0.00 – 

10.39 per 100,000) are only found in a few zip codes of north-east and north-west of Dallas 

compared to south Dallas where none of the zip code have the lowest rate. The parts of rural 
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Tarrant County (north-west and south-west) exhibit lower rates, possibly due to small population 

counts. 

As described above, the spatial patterns of HIV incidence are different compared to the 

unsmoothed choropleth map. The regions of most difference include southern Dallas County, 

central, and north-eastern Tarrant County. The rates in these areas have changed from highest 

class (Rate: 53.90 - 769.23 per 100,000 population) to the moderately high class (Rate: 29.96 – 

53.89 per 100,000 population). Moreover, zip codes in south-east and south-west of Tarrant 

County have also shown a substantial increase in HIV incidence rates from lowest class (Rate: 

0.00 – 10.39 per 100,000 population) to a higher level (Rate: 10.40 – 19.86 per 100,000 

population). 

This method uses a median-based smoother to remove any variability in rates caused due to 

small population counts. When mapped, the rural areas in Dallas and Tarrant counties with small 

populations tend to produce peaks and valleys in observed patterns of HIV distribution. Previous 

literature has shown that our confidence in identifying true risk is lower in such areas as some of 

these peaks and valleys may result from small population sizes rather than as a consequence of 

true elevated risk (Kafadar, 1996). The headbanging algorithm operates by smoothing out sharp 

variations in rates using information from surrounding areas – i.e. an area of excessive high rates 

surrounded by areas of low rates is smoothed out using the headbanging method. In Figure 6, the 

patterns of isolated high risks in central Tarrant County and south Dallas County are eliminated 

as these areas are surrounded by regions of low risk. The patterns of low risk that remain 

unchanged between the maps in Figures 4.1 and 4.2 are areas of low risk that are surrounded by 

regions of low risk. Likewise, the areas in central Dallas exhibit high rates in both maps for 

similar reasons except these are areas of high rates surrounded by regions of high rates. The 
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effect of this smoothing method on a map will be more prominent in areas of low populations in 

comparison to areas of large populations. However, this method is highly dependent on a users’ 

specification of neighborhood size. A large neighborhood may result in an oversmoothing or 

undersmoothing of rates in any given area. 

4.1.3 Smoothed Kernel Density Estimation (KDE) Map 

 

Figure 4.3 Smoothed Kernel Density Estimation (KDE) Map showing HIV Incidence Rates in Dallas and Tarrant County, 
Texas 

The smoothed KDE map in Figure 4.3 shows spatial distribution of HIV in Dallas and Tarrant 

Counties in Texas. The HIV incidence rates are highest in central, north and south-east of Dallas 

County (Rate: 53.90 - 769.23 per 100,000 population). Similar patterns of high rates are also 

found in central and central eastern Tarrant County (Rate: 53.90 - 769.23 per 100,000 

population). The peripheral regions of both Dallas and Tarrant Counties exhibit moderately high 
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HIV rates (Rate: 29.96 – 53.89 per 100,000 population). The lowest rates of HIV mainly tend to 

occur in northern Tarrant County. Using this method, Dallas County shows no areas of low to 

moderately-low HIV risk. Unlike the unsmoothed choropleth map in Figure 4.1, none of the 

regions in Dallas County show the lowest level of HIV incidence rates (Rate: 0.00 – 10.39 per 

100,000 population). The overall patterns of the highest rates in Dallas County are quite similar 

between these two maps.  Further, most of the zip codes in northern and southern Tarrant County 

exhibit a significantly larger coverage of high rates - changing from  the lowest class (Rate: 0.00 

– 10.39 per 100,000 population) to the moderately-low class (Rate: 10.40 - 19.86 per 100,000 

population). In comparison to the headbanging map in Figure 4.2, the most differences in rates 

are found in southern Dallas County where the KDE map shows a much higher burden of HIV. 

Likewise, areas in central Tarrant County also exhibit significantly higher burdens of HIV in the 

KDE map. These differences can be explained by the mechanism that is used to perform the 

smoothing. In the KDE method, the kernels tend to aggregated regions until a certain population 

threshold has been reached. In other words, the KDE method operates by aggregating population 

units (zip codes) in a greedy algorithm until the desired population size has been reached. 

However, in the headbanging method, the definition of the neighborhood never changes from 

one region on the map to another. This difference in the spatial basis of support that is used to 

perform the smoothing is responsible for the differences in patterns that are observed between 

the two maps in Figures 4.2 and 4.3. Although a comparison of patterns has been provided 

earlier in this section, in general, the KDE method is preferable to the unsmoothed choropleth 

map because it addresses rate fluctuations associated with the small numbers problem. Moreover, 

adaptive kernels control for undersmoothing of rates that can become an issue with the 

headbanging method where rates are smoothed purely based on a geographical definition of 
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neighborhood rather than population size. Additionally, the KDE method operates on a grid of 

points that are then interpolated to produce the final map, adds an additional level of smoothing 

that occurs as a consequence of this interpolation step. However, rates in densely populated 

urban regions can influence rates in the sparsely populated regions. Such effects of adaptive 

filters can be clearly seen in north-west and south-west of rural Tarrant County regions. Tiwari 

and Rushton (2005) recommend using a simple IDW interpolation with immediate neighbors and 

Tarrant a high power value to address the issue of double smoothing.  

4.1.4 Smoothed choropleth map (Spatial Empirical Bayes) 

 

Figure 4.4 Smoothed Spatial Empirical Bayes (SEB) Map showing HIV Incidence Rates in Dallas and Tarrant County, 
Texas 

The smoothed Spatial Empirical Bayes map in Figure 4.4 shows the spatial distribution of HIV 

in Dallas and Tarrant Counties in Texas. The HIV incidence rates in Dallas County are highest in 
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the area surrounding the central urban core (Rate: 53.90 - 769.23 per 100,000 population). In 

Tarrant County, the highest rates of HIV are found in a few zip codes located in the central part 

close to the downtown area of Fort Worth (Rate: 53.90 - 769.23 per 100,000 population). The 

majority of the zip codes in the Dallas suburbs have moderately high rates (Rate: 29.96 – 53.89 

per 100,000 population) and most of Tarrant County exhibits lowest to moderately-low rates. 

The lowest rates of HIV incidence (Rate: 0.00 – 10.39 per 100,000 population) are only found in 

few zip codes of north-east and north-west of Dallas.  

The pattern of spatial distribution of HIV in spatial empirical Bayes method is quite similar to 

unsmoothed choropleth map and to some extent KDE method. However, some differences can 

be seen in far south-east and north-east of Dallas County and northeastern region of Tarrant 

County. This method smoothed disease rates towards a local mean that is computed using a user-

defined neighborhood size. Consequently, the smoothing is minimal in areas with high 

populations as the locally observed rates are very likely to be similar to the average rates derived 

from surrounding areas. Conversely, the smoothing is likely to be greater in sparsely populated 

regions where locally observed rates may be very different from the average rate derived from 

surrounding areas. This method has some similarity to the headbanging method in that it requires 

a user definition of neighborhood size. Consequently, it is also subject to the same criticism of 

headbanging – in that a poor definition of this neighborhood may result in oversmoothing or 

undersmoothing of rates.  

In the map in Figure 4.4, the neighborhood size was defined as zip codes that were adjacent to 

the zip codes being smoothed. Given the population characteristics of these two highly urbanized 

counties, the effect of the smoothing was minimal, particularly in the dense urban cores of Dallas 

and Tarrant Counties. Hence, the maps in Figures 4.1 and 4.4 are similar. In comparison, because 
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the headbanging method smoothed data regardless of population size, the maps in Figures 6 and 

8 show some differences. Again, the KDE map shows significant differences as the definition of 

“neighborhood” is substantially different from the one used in this method. The explanation of 

descriptive statistics in the next section supports the differences in mapping pattern from all four 

methods. 

4.1.5 Map Statistics for Tarrant and Dallas County 
 

Table 4.1 Descriptive Statistics for HIV rates obtained from the four mapping methods 

Statistics Choropleth 
Map 

Headbanging 
Map 

Kernel Density 
Estimation Map 

Spatial Empirical 
Bayes Map 

Mean 43.27 36.23 35.90* 41.11 

Standard Deviation 75.25 37.76 68.35* 59.96 

Range 769.23 249.2 769.23* 514.12 

 (*: unit of analysis is not comparable to other mapping methods. See section 3.2.3 and 
discussion in section 4.3) 

The average rate of HIV is similar for the choropleth map and Spatial Empirical Bayes methods. 

However, the map produced using the headbanging method and KDE shows a lower average 

HIV incidence in the study area. Note that standard deviation for the map produced using the 

headbanging method is lower compared to the other three maps. This implies that the 

headbanging method produces the most smoothing across the four maps. This may not be 

entirely desirable as the map may be subject to oversmoothing. The larger standard deviation and 

range of the KDE and SEB maps imply greater variability in HIV rates compared to the 
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headbanging method. The variability and higher standard deviation in the unsmoothed 

choropleth map is a result of small numbers problem. As expected, the variability in the three 

maps that were smoothed is lower compared to the unsmoothed choropleth map.  

4.1.6 Map Comparison Using Correlation Analysis  

The maps shown in Figures 4.1 to 4.4 portray some similarity as well as differences in the spatial 

patterns of HIV. A correlation analysis was conducted to quantify these similarities (Table 4.2). 

The Pearson’s correlation coefficient is used to compare significant relationship among rates 

from all four types of maps. The sample size for the correlation analysis is 173. 

Table 4.2 Comparison between Different Mapping Methods Using Correlation Analysis 

Mapping method Unsmoothed 
Choropleth 
Map (n=173) 

Smoothed 
Headbanging 
Map (n=173) 

Smoothed Kernel 
Density Estimation 
Map (n=173) 

Smoothed Spatial 
Empirical Bayes 
Map (n=173) 

Unsmoothed 
Choropleth Map 

1 0.857** 0.964** 0.981** 

Smoothed 
Headbanging Map 

0.857** 1 0.860** 0.904** 

Smoothed Kernel 
Density 
Estimation Map 

0.964** 0.860** 1 0.960** 

Smoothed Spatial 
Empirical Bayes 
Map 

0.981** 0.904** 0.960** 1 

** Correlation is significant at the 0.01 level  
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The results in Table 4.2 show the correlation in disease rates from each of the four mapping 

methods. While all the four maps show evidence of strong positive spatial autocorrelation, we 

have previously noted differences in the spatial patterns produced by each of these methods (see 

section 4.1 through 4.4). These differences are reflected in the correlation coefficients (Table 

4.1). The choropleth map shows a strong significant positive relationship with SEB Map (0.981) 

and KDE map (0.964). In comparison, the map produced using the headbanging method shows 

slightly weaker correlation (0.857). A similar trend is also noted for the correlation between 

headbanging and the two other methods used in this analysis (SEB and KDE). In summary, the 

correlation analysis suggests that the estimated rates obtained using the crude choropleth 

mapping method, Spatial Empirical Bayes method, and KDE are very similar to each other. 

However, rates estimated using the headbanging method shows the least correlation to rates 

obtained using the other methods. As discussed earlier, the smoothing methods address the small 

numbers problem by increasing the population counts used in any calculation by aggregating 

data over some local neighborhood. The way in which the local neighborhood is determined is 

different for each method – in particular, the headbanging method uses a criteria based on 

adjacency rather than the populations themselves. Further, the similarities in the four maps can 

be explained by the fact that the study area is a highly urbanized area with few pockets of sparse 

populations. The effect of smoothing in such urban environments is likely to be minimal when 

smoothers are population-based (SEB or KDE) rather than those that are based on geographic 

space (Headbanging). Even though the correlation analysis suggests that HIV rates produced 

using each mapping method are highly correlated, a regression analysis that examines the impact 

of these methods on underlying population characteristics is conducted. 
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4.2 Research Question 2: Does the choice of mapping method influence interpretation of 

population characteristics? 

4.2.1 Regression Analysis 

A regression analysis was conducted to evaluate the relationships between HIV rates and 

population characteristics for rates obtained using the four mapping methods. A summary of the 

regression analysis for each map is provided in Table 4.3. Individual results from each analysis 

are included in the appendix. The regression was conducted using IBM SPSS 20. 
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Table 4.3 Regression Coefficients Comparisons among Four different maps associated with Socioeconomic Variables 

       Model Choropleth 
Map 

Headbanging 
Map 

Kernel 
Density 
Estimation 
Map 

Spatial 
Empirical 
Bayes Map 

R square value 0.593 0.474 0.428 0.555 

Percent Hispanic  ** 
(β -0.491) 

* 
(β +0.337) 

 

Percent Non-Hispanic White   *** 
(β -0.391) 

** 
(β -0.282) 

Percent Non-Hispanic Black     

Percent population with less than high 
school education 

** 
(β -0.406) 

* 
(β +0.356) 

 * 
(β -0.358) 

Percent population with High 
education 

*** 
(β -0.269) 

*** 
(β -0.295) 

 *** 
(β -0.237) 

Percent population unemployed *** 
(β +0.580) 

 * 
(β -0.137) 

*** 
(β -0.179) 

Poverty- percent population living 
under 0.50 

*** 
(β +0.151) 

*** 
(β +0.582) 

*** 
(β +0.502) 

*** 
(β +0.644) 

Poverty- percent population living 
under 0.50 to 0.74 

** 
(β +0.003) 

  ** 
(β +0.188) 

Poverty- percent population living 
under 0.75 to 0.99 

    

Poverty- percent population living 
under 1.00 to 1.49 

*** 
(β -0.262) 

 *** 
(β +0.369) 

*** 
(β +0.422) 

 (* refers to correlation that is significant at the 0.1 level &** refers to correlation that is 
significant at the 0.05 level & *** refers to correlation that is significant at the 0.01 level) 

The R2 value in Table 4.3 indicates the strength and relationship between dependent and 

independent variables. A comparison between R2 values associated with the four mapping 

methods demonstrates that the explanatory power of the regression model changes depending on 
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the type of method that is used to perform smoothing. The smoothing procedure inherently 

reduces the amount of variability in HIV rates and is expected to influence the observed R2 

value. The regression model for the choropleth map and the SEB map are similar and suggest 

that the variables used in this study explain approximately 60% of the variation in HIV rates. In 

comparison, the map produced using the headbanging method and KDE indicate that the 

variables used in this study only explain approximately 45% of the variation in HIV rates. 

Although the descriptive and correlation analysis suggested that these maps are very similar in 

terms of the estimated HIV rates, the regression analysis shows that the explanatory power of the 

SES variables used in this analysis can be markedly different.   

4.2.2 Explanation of behavior associated with population characteristics 

Socioeconomic characteristics of a geographic region contribute to health disparities in disease 

incidence rates and influence disease prevention and control. Interpretations of such variables are 

important for many public health practices including policy formation, intervention and 

prevention strategies, and to facilitate underserved populations.  Race/ethnicity is considered an 

important risk marker for many health disparities including HIV. Some racial/ethnic groups are 

more affected by HIV than the others. Non-Hispanic Blacks and Hispanic populations are most 

likely to have higher disease incidence rates than Non-Hispanic White populations in an area.  

The Dallas County Health Profile (2011) reported that Black populations have the highest rates 

of HIV (1220.8 per 100,000 population) followed by White populations (674.4 per 100,000 

population) and the lowest for Hispanic populations (292.1 per 100,000 population). Tarrant 

County has similar proportions of HIV among these race/ethnic groups (Black: 40 per 100,000 

per population; White: 6.6 per 100,000 population; Hispanic: 5.6 per 100,000 population).  If we 

compare the significant regression coefficients associated with each mapping method, smoothed 
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headbanging maps have only identified percent Hispanic population (β [-0.491], P = 0.038) as 

being significantly negatively associated with HIV rates. In contrast, smoothed KDE have 

identified percent Hispanic (β [0.337], P = 0.075) as being positively correlated and percent Non-

Hispanic White (β [-0.391], P = 0.003) as being negatively correlated to higher HIV incidence 

rates. Percent Non-Hispanic White (β [-0.282], P = 0.015) is the only variable in race/ethnic 

groups that is negatively correlated to HIV rates in the SEB map. Importantly, the widely used 

unsmoothed choropleth mapping methods do not identify race/ethnicity as a significant 

contributor to HIV.  

Education is commonly used as a proxy measure for low socioeconomic status in studies on 

health inequalities (Holtgrave and Crosby, 2003). Years of education play an important role in 

determining health status as it plays an important role in awareness of health issues and access to 

health care.  Populations with less than a high school education or at least high school graduates 

tend to have higher disease burdens than those with higher education. In Dallas and Tarrant 

counties, the proportion of the population with less than high school education is 17.1% and 

9.7% respectively. Additionally, the percent population with high school education is 16% and 

9.7% respectively. Regression analysis results from unsmoothed choropleth maps indicate that 

populations with less than a high school education are negatively related to higher HIV incidence 

rates in both counties with (β [ -0.406], p = 0.024). Moreover, smoothed headbanging maps 

suggest that population with less than a high school education is positively related (β [0.356], p= 

0.077), and it has negative relationship with smoothed SEB (β [-0.358], p = 0.066). However, 

percent population with only a high school diploma is found to be significant in the regression 

model unsmoothed choropleth map, smoothed headbanging map, and smoothed Spatial 

Empirical Bayes map with a negative correlation in each case (β value [-0.269], [-0.295] and [-
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0.237], p < 0.001) respectively. It is important to note that Smoothed KDE method does not 

show that any level education as a significant variable related to HIV incidence.  

Unemployment is also one of the important aspects in determining health of a community. 

Typically unemployed populations have fewer accesses to resources including health insurance. 

According to Dallas & Tarrant County Community Profile, unemployment rate is 8.9%and 8.1% 

in Dallas and Tarrant counties respectively. Unemployment is a significant regression variable 

obtained from unsmoothed choropleth map and Smoothed spatial empirical Bayes map with 

negative correlation (β [-0.262], p = 0.000) and (β [-0.179], p = 0.007). Smoothed KDE shows 

some negative relation (β [-0.137], p = 0.069) while the smoothed headbanging map did not 

identify unemployment as a significant variable.   

Although there are many different socioeconomic variables that contribute to prevalence of 

health inequalities, disease burden has always been particularly heavy among those who live in 

poverty. Dallas and Tarrant County Community Need Health Assessment reported that 19.1% 

and 15.2% of the populations in Dallas and Tarrant counties live below the poverty level. 

Extremely poor populations have been identified as being significantly associated with higher 

HIV rates by all the four mapping methods (β [0.151], [0.582], [0.502], [0.644], p < 0.005). 

However, populations living under poverty but doing better than the extreme poor have been 

identified as a significant predictor of HIV in the regression model for the unsmoothed 

choropleth map (β [0.003], p = 0.972) and smoothed SEB map (β [0.188], p = 0.038). Moreover, 

populations who are struggling but not extremely poor have been found negatively correlated 

with unsmoothed choropleth map (β [-0.262], p = 0.000). However, a positive correlation is 
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found in the regression models associated with the KDE and Spatial Empirical Bayes maps map 

(β [0.369], [0.422], p < 0.007). 

 While Dallas and Tarrant Counties’ report suggested that areas with higher proportions of Black 

populations and higher proportions of persons living in poverty are strongly correlated to worse 

HIV outcomes, our analysis does not support those results. The regression results discussed 

above show that, for all maps, percent population extremely poor (living under 0.50) is the only 

predictor of HIV in Dallas and Tarrant Counties. The regression model for the unsmoothed 

choropleth map has identified a total of 6 regression variables, followed by the model for 

smoothed headbanging method with only 4 significant variables. The regression model for the 

smoothed KDE map identified 5 significant variables and, lastly, the model for smoothed Spatial 

Empirical Bayes method identified 7 variables that are significantly related to HIV incidence 

rates. We can conclude that while there may not be substantial differences in map patterns or 

estimated rates, the interpretation of underlying population characteristics varies depending on 

the type of mapping method used.  
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CHAPTER 5 CONCLUSION 

In this thesis, I demonstrate that the type of mapping method used to produce to disease map as 

well as its parameters influence the observed patterns of disease distribution and consequently 

our interpretations of associated risk factors. As demonstrated, while many mapping methods are 

used to address problems of rate instability caused due to small population counts, there is little 

guidance on which methods are appropriate for what kinds of data and purposes. While knowing 

the “true” distribution of a disease across space is important, the choice of mapping method 

should be driven by data characteristics and is highly dependent on the purpose of the study. For 

example, the popular web portal AIDSVu states that their website allows users to “view HIV 

alongside social determinants of health, including poverty, median household income and 

education” (Sullivan, 2013). The website allows users to make choropleth maps of HIV counts 

as well as rates which can then be compared to a variety of SES measures. However, there are 

several problems with this website – the direct comparison of case counts with SES measures 

can be misleading as populations are not taken into account. Although the website allows the 

user to switch to a rate map, the comparison of crude, unsmoothed rates to SES measures can 

also lead to a number of incorrect conclusions about these relationships as rates calculated in 

sparsely populated regions are known to be unstable. Based on the results from this thesis, it is 

clear that mapping methods play an important role in portraying patterns of disease. Further, as I 

have shown, the interpretation of underlying population characteristics can also be markedly 

different across map types. As discussed earlier, the effect of such problems is likely to be 

greater in sparsely populated rural areas. The use of websites like AIDSVu without a proper 
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understanding of all these mapping choices can lead to incorrect interpretations of risk and 

inefficient public health policies.  

As discussed, the reasons for such differences arise from the mechanisms that are used in the 

different smoothing methods. Population-based smoothers such as KDE and spatial empirical 

Bayes adjust estimates towards some estimation of a local mean while other types of smoothers 

such as Headbanging are driven by a geographic definition of localized risk. In both these types 

of smoothers, the definition of the geographic area that must be considered for adjustment can 

impact the rate estimates that are eventually mapped. Understanding the geography of diseases 

like HIV must be considered when such choices are made. Arbitrary selections of mapping 

methods and neighborhood definitions not only to lead to incorrect estimates of risk, but can also 

lead to an incorrect understanding of disease dynamics. Further, the characteristics of the data 

itself can help inform a map-maker about appropriate choice (Table 5.1).  
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Table 5.1 Summary of and appropriate use of the disease mapping methods 

Methods Approach Appropriate Use 
Unsmoothed 

Choropleth Map 
Rates are calculated using a ratio of 

cases to population. Maps are 
produced by assigning a color value 

to the estimated rates. 

Not recommended when making rate 
maps due to the small numbers 

problem and MAUP. 

Headbanging Rates are calculated using a weighted 
average of local rates. This removes 
spikes in rates that may occur due to 
the small numbers problem by taking 
a local average of surrounding rates. 

Preferable when only disease rates 
are available and small area units 

need to be maintained. 

Kernel Density 
Estimation 

Rates are calculated using a weighted 
moving average that uses consistent 
population sizes in each calculation. 
This method removes spikes caused 
due to the small numbers problem by 
ensuring a consistent spatial basis of 

support for each rate calculation. 

Preferable when case and population 
data are available. Produces smooth 
maps that are continuous and do not 

conform to small area units. Also 
accounts for spatial autocorrelation. 

Spatial Empirical 
Bayesian 

Rates are calculated by shifting 
observed, unsmoothed rates towards 
or local mean that is derived using a 

predefined theoretical risk 
distribution (known as a prior 

Distribution). 

Preferable when rates or count data 
are available and a prior distribution 

can be defined in a manner that 
reflects true underlying disease risk. 
However, it may not be possible to 

accurately define the prior 
distribution. Small area units are 

maintained. 
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The unsmoothed choropleth map does not account for small number problems and MAUP.  This 

method is not recommended for producing disease maps using rates. In instances when 

unsmoothed rates are the only data available, the headbanging method is most appropriate 

because it does not require case and population data. When case and population data are 

available, population smoothers such as KDE or SEB are recommended. KDE is commonly used 

to produce spatially continuous maps of disease burdens while also controlling for the effects of 

spatial autocorrelation. This method is appropriate for small-area unit data such as zip codes or 

census tracts. However, these methods suffer from inadequate guidance in how important 

parameters such as bandwidth size and share are determined. The SEB method is appropriate 

when prior information about the distribution of a disease is available.  

The objective of this thesis is not to identify the “best” mapping method, but to demonstrate that 

each method comes with advantages and disadvantages and, importantly, have an impact of the 

patterns that are observed. The comparison of maps using a visual examination of patterns and 

analytical methods including correlation and regression clearly show that the choice of mapping 

method on disease rates and population characteristics should be an important consideration for 

map makers.  
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APPENDIX: REGRESSION ANALYSIS RESULTS FOR UNSMOOTHED CHOROPLETH 
MAP 

Appendix A: Regression analysis results for Crude Rate and Socioeconomic Variables 

Model R R Square 

1 0.786 0.593 

Appendix A: Model summary for Crude Rate and Socioeconomic Variable 

Model Standardized Coefficients 
Beta Value 

Significance 

Percent Hispanic -0.001 0.995 

Percent Non-Hispanic White -0.196 0.347 

Percent Non-Hispanic Black 0.234 0.172 

Percent population with less than 
high school education** 

-0.406 0.024 

Percent population with High 
education*** 

-0.269 0.000 

Percent population unemployed*** 0.580 0.000 

Poverty- percent population living 
under 0.50*** 

0.151 0.070 

Poverty- percent population living 
under 0.50 to 0.74** 

0.003 0.972 

Poverty- percent population living 
under 0.75 to 0.99 

0.350 0.002 

Poverty- percent population living 
under 1.00 to 1.49*** 

-0.262 0.000 

(* refers to correlation that is significant at the 0.1 level &** refers to correlation that is 
significant at the 0.05 level &*** refers to correlation that is significant at the 0.01 level) 
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Appendix B: Regression analysis results for smoothed choropleth map (Headbanging) 

Model R R Square 

1   0.688 0.474 

Appendix B: Model Summary for Headbanging Rate and Socioeconomic Variables 

Model Standardized Coefficients 
Beta Value 

Significance 

Percent Hispanic** -0.491 0.038 

Percent Non-Hispanic White -0.366 0.121 

Percent Non-Hispanic Black -0.104 0.586 

Percent population with less than 
high school education* 

0.356 0.077 

Percent population with High 
education*** 

-0.295 0.001 

Percent population unemployed 0.013 0.860 

Poverty- percent population living 
under 0.50*** 

0.582 0.000 

Poverty- percent population living 
under 0.50 to 0.74 

-0.086 0.352 

Poverty- percent population living 
under 0.75 to 0.99 

-0.023 0.827 

Poverty- percent population living 
under 1.00 to 1.49 

-0.006 0.961 

(* refers to correlation that is significant at the 0.1 level &** refers to correlation that is 
significant at the 0.05 level &*** refers to correlation that is significant at the 0.01 level) 
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Appendix C: Regression analysis results for smoothed choropleth map (KDE) 

Model R R Square 

1 0.654 0.428 

Appendix C: Model Summary for Kernel Density Estimation Rate and Socioeconomic Variables 

       Model     Standardized Coefficients 

Beta Value 

Significance 

Percent Hispanic* 0.337 0.075 

Percent Non-Hispanic White*** -0.391 0.003 

Percent Non-Hispanic Black 0.085 0.176 

Percent population with less than high 
school education 

-0.270 0.221 

Percent population with High 
education 

-0.132 0.107 

Percent population unemployed* -0.137 0.000 

Poverty- percent population living 
under 0.50*** 

0.502 0.206 

Poverty- percent population living 
under 0.50 to 0.74 

0.129 0.482 

Poverty- percent population living 
under 0.75 to 0.99 

0.076 0.007 

Poverty- percent population living 
under 1.00 to 1.49*** 

0.369 0.069 

(* refers to correlation that is significant at the 0.1 level &** refers to correlation that is 
significant at the 0.05 level &*** refers to correlation that is significant at the 0.01 level) 
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Appendix D: Regression analysis results for smoothed choropleth map (SEB) 

 Model R R Square 

1 0.745 0.555 

Appendix D: Model Summary for Spatial Empirical Rate and Socioeconomic Variables 

       Model     Standardized Coefficients 

Beta Value 

Significance 

Percent Hispanic 0.072 0.667 

Percent Non-Hispanic White** -0.282 0.015 

Percent Non-Hispanic Black 0.050 0.364 

Percent population with less than high 
school education* 

-0.358 0.066 

Percent population with High 
education*** 

-0.237 0.001 

Percent population unemployed*** -0.179 0.007 

Poverty- percent population living 
under 0.50*** 

0.644 0.000 

Poverty- percent population living 
under 0.50 to 0.74** 

0.188 0.038 

Poverty- percent population living 
under 0.75 to 0.99 

0.148 0.123 

Poverty- percent population living 
under 1.00 to 1.49*** 

0.422 0.001 

(* refers to correlation that is significant at the 0.1 level &** refers to correlation that is 
significant at the 0.05 level &*** refers to correlation that is significant at the 0.01 level) 
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