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ABSTRACT 

 
 
 Supervising Professor:  Daniel A. Griffith, Chair 
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Uncertainty in data analysis has been a critical topic in numerous fields, such as public health, 

medicine, civil engineering, ecology and other natural sciences, and many of the social sciences, 

including geospatial information sciences. It may occur in any step of a study, such as collecting, 

recording, and analyzing data, and interpreting analysis results. Uncertainty is often propagated 

to analysis outcomes. The outcomes to which serious uncertainties are transferred likely yield 

misleading conclusions about a phenomenon, and constitute inaccurate results. Locational 

uncertainty, which is the difference between a true and a represented location, is a unique source 

of uncertainty in a spatial data analysis. Furthermore, locational uncertainty may interact with 

uncertainties from other sources (e.g., measurement, specification, sampling, or stochastic noise), 

and makes outcomes more unreliable. Propagation of uncertainty has been widely investigated. 

However, locational uncertainty propagation and combining uncertainties from different sources 

merit more attention, because the propagation and combination of uncertainties are quite 

complicated and can seriously corrupt analysis outcomes.  
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This research examines uncertainty in spatial data analysis using two sources of public health 

data: Florida cancer data and Syracuse blood lead level data. The research 1) presents a study 

about how locational uncertainty propagates through an analysis involving an urban hierarchy in 

terms of spatial relationships between poverty and cancer using the Florida cancer data, 2) 

explores relationships and propagations of location and measurement uncertainties using 

pediatric blood lead level data for Syracuse, New York, and 3) examines a reverse 

transformation (i.e., a geometric centerline recovery method) from a kernel density surface to 

points using the Florida cancer data. 
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CHAPTER 1 

INTRODUCTION 

A spatial model is a simplified description of geospatial phenomena. Spatial models try to 

represent processes generating spatial phenomena, and to describe these processes to help to 

understand spatial phenomena. However, describing (i.e., modeling) spatial phenomena may 

involve a variety of uncertainty sources, even from the beginning of a research project, such as 

its data collection. Geographical research should involve adequate sampling, measuring, and 

geocoding methods for data collection, an appropriate model specification describing data for 

analysis purposes, and proper explanations when interpreting analysis results. However, every 

step in a spatial data analysis may involve uncertainties, such as sampling error, measurement 

error, location error, specification error, and, even, stochastic error. These uncertainty features 

are critical in a spatial data analysis, because they may corrupt an analysis solely or jointly, and 

propagate to analysis results, possibly making them less reliable (e.g., Lee et al., 2015). All 

models do not exactly represent their associated real world phenomenon (Box, 1979); neither do 

spatial models, in part because of these uncertainty features. Accordingly, researchers should at 

least recognize uncertain features present in an analysis, and understand how much they effect a 

model outcome. 

Uncertainty always exists with a model, and spatial data analysis models are no exception. 

Modeling uncertainty can vary by purpose, context, or type of analysis. However, in general, the 

simplest version of uncertainty may be formulated as follows: a phenomenon, 𝒚, is a function of 

other elements, 𝒙, and can be expressed as 𝒚 = 𝑓 𝒙∗, 𝑒𝑟𝑟𝑜𝑟 = 𝑓(𝒙), where 𝒙∗ is error-free, and 

the error term may be additive or multiplicative. An uncertainty investigation in terms of this 
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model specification seeks to determine noise in 𝒚 that may be propagated through 𝑓(𝒙) (Helton 

and Davis, 2003). To examine such propagation of uncertainty by a model, a characterization of 

uncertainty in the model argument, 𝒙, constitutes a first step (Helton and Davis, 2003). However, 

characterizing uncertainty in modeling is complicated and time-consuming, although poorly 

characterized uncertainty may render questionable results (Koch et al., 2009). After a 

characterization of uncertainty in model parameters, investigating the propagation of the 

uncertainties in parameter estimates may be the second step (Isukapalli et al., 1998). Researchers 

often utilize Monte Carlo (e.g., Doll and Freeman, 1986, Farrar et al., 1989, Chaubey et al., 

1999, and Le Maître et al., 2004) or analytical (e.g., Ghanem and Spanos, 2003, and Brown and 

Heuvelink, 2007) methods to investigate the propagation of uncertainties with a model. Spatial 

data analysis needs to consider these two steps, recognizing uncertainty and analyzing 

uncertainty propagation, while including locational uncertainty. Spatial data are unique, because 

these data are georeferenced. Location is a distinct source of uncertainty in spatial data, and, like 

other sources of uncertainty, it may transfer to analysis outcomes. To date, some aspects of 

locational uncertainty and its propagation pertaining to spatial data analysis have been 

investigated. However, several important aspects have not been studied. This dissertation 

contributes to knowledge of an examination of locational uncertainty in spatial data analyses. It 

seeks to fill literature gaps including overlooking locational uncertainty propagation in a public 

health data analysis, unknown behaviors of location, measurement and combined uncertainties in 

a spatial data analysis, and the absence of a reverse transformation method from a density surface 

to points needed in adding artificial locational uncertainty for protecting locational privacy. 
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Accordingly, this dissertation consists of three papers. The first paper, Chapter 2, discusses 

locational uncertainty and its propagation in spatial data analysis by answering the following 

research questions: 

1) is the geographic distribution of cancer cases vis-à-vis neighborhood poverty different 

across different urban places? 

2) what role does spatial autocorrelation play in the intra-urban geography of disease 

across these places? 

3) does geographic positional error alter cancer spatial analysis results vis-à-vis poverty 

differentials across these places? 

This paper’s confirmation of the presence of locational uncertainty and its propagation in spatial 

data analysis are foundations for the following two studies, providing a rationale for 

investigating uncertainty modeling in spatial data analysis. It is accepted as a book chapter in the 

Routledge Handbook of Global Urban Health, edited by Igor Vojnovic. 

The second research paper, Chapter 3, investigates how locational uncertainty, measurement 

uncertainty, and the combination of locational and measurement uncertainty behave in a spatial 

regression context. Artificially generated errors for these uncertainty types are added to original 

blood lead level data used in simultaneous autoregressive and Moran eigenvector spatial filtering 

models. Coefficient estimates with embedded uncertainties are compared to coefficient estimates 

for the original data (i.e., in which uncertainties are not embedded). Each uncertainty scenario is 

replicated 1,000 times in a simulation experiment, and then an arithmetic average is calculated 

with the corruption-based coefficient estimates. This research confirms that uncertainties 

propagate to outcomes of a spatial regression, with locational uncertainty impacts being more 
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severe than those from other sources. This paper is accepted for publication by the 

Environmental Geochemistry and Health journal, and already is published online 

(https://doi.org/10.1007/s10653-017-0014-7). 

The last research paper of this dissertation, Chapter 4, develops a reverse transformation method 

that converts a kernel density surface to points. Locational uncertainty is often embedded 

artificially, when georeferenced data are confidential, especially when points represent locations 

of patients, crimes, or other private events. Accurate locations help to improve the quality of a 

spatial data analysis, although revealing point locations may violate privacy protection 

regulations. Kernel density estimation is a commonly used method to protect point location 

confidentiality by converting points to a density surface (point locations become blurred as a 

surface is smoothed). The quality of a density surface is determined by a cell size, a bandwidth, 

and a kernel function. A finer resolution kernel density estimation surface with a small cell size 

and a small bandwidth is more likely to reveal confidential point locations. To verify how much 

a density surface potentially reveals point locations, a reverse transformation from a density 

surface to points is devised. This paper summarizes development of a geometric center based 

recovery method, and evaluation of the recovered points in terms of privacy protection and 

locational accuracy. This paper is in the process of being submitted for publication consideration. 

Finally, Chapter 5 presents an overview and conclusions of this dissertation. It includes not only 

a summary, but also a discussion of the dissertation’s contributions to knowledge, as well as its 

delimitations and limitations, and then identifies future research topics about uncertainty in 

spatial data analysis.  
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Abstract 
 
Lung and bronchus cancer is one of the leading causes of death in the United States. Much 

research has found that this cancer is closely associated with poverty, and incidences of this 

cancer do not appear to be distributed homogeneously across space. Studies have investigated 

spatial variations of cancer incidents at various spatial resolutions, such as countries, cities, 

counties, and census units, ignoring their urban hierarchy context. In general, an urban area can 

be categorized as a global, national, or regional place according to the standard urban hierarchy 

typology, and cancer patterns may differ across these urban hierarchy classes. The purpose of 

this paper is twofold. First, it empirically investigates whether or not lung and bronchus cancer 

rates have different patterns across three urban hierarchy classes and poverty levels using cancer 

incidents in six MSAs in Florida for the time period 2006 to 2010. Second, it examines whether 

or not location errors associated with cancer incidents have an impact on the relationship of 

cancer rates to urban hierarchy typology and poverty, because location errors for cancer incidents 

often are embedded intentionally to preserve confidentiality, or unintentionally due to data 

processing steps such as geocoding. This paper utilizes eigenvector spatial filtering to account 

for spatial autocorrelation in regression models. Results indicate that the geographic distribution 

of cancer is different in terms of poverty and urban hierarchy typology, and confirm that location 

errors have an impact on analysis outcomes. Because this study essentially is the first of its kind, 

it contributes to the formulation of expectations about direction and magnitude of these effects 

for future studies. Presently, the only expectation is that significant differences exist. 
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2.1. Introduction 

Cancer is the second leading cause of death in the United States (US) after heart disease, and 

lung and bronchus (LB) cancer1 is one of the four major cancer types (i.e., LB, breast, prostate, 

and colorectal). In 2013, 212,584 people in the US were diagnosed with LB cancer, of which 

156,176 people died2. It was the second ranked cancer type diagnosed in the US in 2012 for both 

men and women (the first-ranked cancer types are prostate cancer for men, and breast cancer for 

women). Although LB cancer incidence rates have declined since the mid-1980s for men, and 

since the mid-2000s for women, this cancer has one of the lowest five-year relative survival rates 

among patients diagnosed between 2005 and 2011 (Siegel et al., 2016). 

Relationships between LB cancer and socioeconomic/demographic factors, which tend to 

result from confounders rather than be causes of cancer, and the geographic distribution of LB 

cancer have long been investigated separately or together with a focus on public health. Many 

studies (e.g., Freeman, 2004; Krieger et al., 1999; Pless-Mulloli et al., 1998; Singh et al., 2002; 

Ward et al., 2004) point out that lung cancer incidence and mortality rates have a significant 

relationship with the poverty level of patients or with areal-level poverty factors. Although LB 

cancer rates often have a significant association with factors such as gender, age, race, and 

tobacco use, studies commonly find that low income strongly covarys with LB cancer rates, even 

                                                

1 The etiology of LB cancer implies the following: known behavioral and environmental causes include cigarette 
(with some contributions by pipe and cigar) smoking, asbestos and silicate fibers and other occupational 
carcinogens, radon, interactions among these causes, certain lung diseases (e.g., chronic obstructive pulmonary 
disease: COPD), radiation therapy, and environmental toxins and contaminates (e.g., second-hand tobacco smoke, 
air pollution such as diesel exhaust, chromium, arsenic), coupled with individual genetic susceptibility (see CDC, 
2017). These implications do not include poverty because its covariation with LB cancer tends to result from a 
confounder for them (see Bobak et al., 2000). 
2 CDC website; https://www.cdc.gov/cancer/lung/statistics/ 
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though it is not a causal factor of cancer. Researchers (e.g., Blot and Fraumeni, 1976; Campbell 

et al., 2001; Van der Heyden et al., 2009; Xia and Carlin, 1998) have investigated geographic 

distributions of lung cancer, and found that cancer incidence and mortality rates vary across 

regions. For example, Blot & Fraumeni (1976) report that cancer rates are higher in heavily 

industrialized regions, and Campbell et al. (2001) show that remote areas with limited access to 

clinics tend to have high cancer rates. 

However, discussion of relationships between cancer rates, specifically lung cancer, and 

urban hierarchy levels is uncommon, constituting a neglected topic in the literature. An urban 

hierarchy typology has been discussed as a prominent urban structure for decades, beginning 

with central place theory (Christaller, 1966; Lösch, 1954). This settlement location theory 

recognizes a triangular grid point pattern network of urban places with hexagonal market areas, 

and utilizes the major concepts of range, threshold, and hierarchy of cities. This theory mainly 

deals with a city’s urban economic functions, and identifies the role of each city in an urban 

system. Urban hierarchy typology theory has developed with various principles, including a 

market size-based concept, a transportation network-based concept, and an administrative-based 

concept (Neal, 2011). This theory often is used in analyses to group cities forming an urban 

system (Alderson et al., 2010; Garofalo and Fogarty, 1979; Hall, 2005). However, urban 

hierarchy typology has yet to be used as an analytical framework for geographic studies of 

cancer. Perhaps the closest researchers have come to this theme is to allude to the urban 

hierarchy in terms of access to health care (e.g., Chan et al., 2006). 

A metropolitan place’s position in its urban hierarchy can impose different physical and 

socio-economic/demographic conditions (e.g., cost of living, population density, congestion) on 
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people because they are living in different urban settings. Because economic status is a critical 

factor for public health, a high living cost in a highly urbanized area may compromise economic 

well-being (e.g., higher levels of stress, more air pollution, more exposure to smoking), and 

restrict access to health services infrastructure (e.g., increased demand, higher patient fees), 

resulting in insufficient health prevention and treatment for, especially, low income people (e.g., 

Krieger et al. 1997). As such, urban growth coupled with a high concentration of people can 

entail negative externalities, such as traffic congestion, particulate matter air pollution, noise, and 

lack of accessible green space, which can affect health conditions. For example, Zhang et al. 

(2009) discuss in their Chinese case study that lung cancer risk significantly increases in large 

cities. Furthermore, a metropolitan place’s position in an urban hierarchy can have an impact on 

the provision of goods and/or services (re central place theory—Christaller, 1966; Clark and 

Rushton, 1970; Mulligan, 1984). People in rural areas tend to have health disadvantages due to, 

among other reasons, relatively poor health service availability and/or poor accessibility to health 

prevention services arising from transportation conditions (Acrury et al. 2005, Smith et al. 2008); 

metropolitan areas suffer this same scourge, especially in regional urban places with poorly 

developed public mass transit systems. Such disparities also exit for cancer prevention and 

treatment services (e.g., Mandelblatt et al., 2009; Wan et al., 2012). Consequently, we anticipate 

that urban hierarchy typology might reveal itself as a relevant factor in especially LB cancer 

analyses. This expectation is bolstered in part by numerous epidemiological findings 

demonstrating differences between rural and urban situations. This expectation also marks this 

study as being more than just exploratory in nature. 
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In spatial data analysis, uncertainties, which arise from sampling, measurement, 

specification, and location error, may corrupt data used in a modeling exercise, and then 

propagate to its final outcome (Griffith et al., 2015; Lee et al., 2016). Locational uncertainty is a 

unique and distinct error source in spatial data, one that it may render an unreliable final outcome 

either by itself or in conjunction with other uncertainty sources (Biljecki et al., 2017; Lee et al., 

2016). An important question to address in analyses of geographically referenced data is whether 

or not locational uncertainty impacts research findings, especially when geocoded point data are 

analyzed. 

This paper describes an empirical investigation of LB cancer using the Florida 

geographic landscape as a case study, focusing on the following three questions: 

(1) Is the geographic distribution of cancer cases vis-à-vis neighborhood poverty different 

across world class (i.e., cities that tend to link to other cities both in their nation states 

and internationally; Hall, 2005, p. 1), nationally prominent (i.e., cities that tend to link 

to other cities both in their regions and nationally to world class cities), and regionally 

dominant (cities that function as central places and tend to link to nationally prominent 

cities; Dobis et al., 2015) urban places? 

(2) What role does spatial autocorrelation play in the intra-urban geography of disease 

across world class, nationally prominent, and regionally dominant urban places? 

(3) Does geographic location error alter cancer spatial analysis results vis-à-vis poverty 

differentials across world class, nationally prominent, and regionally dominant urban 

places? 



 

12 

Epidemiological factors suggesting this first research question include the way in which a 

metropolitan area’s urban hierarchy position impacts upon socio-economic/demographic features 

of its neighborhoods, particularly in terms of poverty, imitative behaviors (especially with regard 

to smoking), and air quality. Positive spatial autocorrelation exists within metropolitan areas 

because households with similar incomes, education levels, and utility functions tend to 

concentrate in within-city neighborhoods (Schelling, 1969, 1972), supporting the expectation 

underlying this aforementioned second research question. As with any georeferenced data, this 

spatial autocorrelation complicates the analysis of categorical data denoting urban hierarchy, and 

cannot be ignored in a regression analysis. Finally, as city size increases, the geographic 

resolution of georeferenced data tends to become finer, furnishing support for the expectation 

prompting this third research question. 

The Florida urban places selected for study are Miami (world class), Tampa, Orlando, 

and Jacksonville (nationally prominent), and Tallahassee and Pensacola (regionally dominant); 

these classifications reflect the rationale expressed for the preceding first research question. The 

Metropolitan Statistical Areas (MSAs) for these urban places are the subjects of this study 

because the urban hierarchy is built upon them (i.e., cities plus their hinterlands), and not just 

their core city counterparts. 

2.2. Literature review 

Known major causes of LB cancer include cigarette smoking (Moyer, 2014; Singh et al., 2002; 

Xia and Carlin, 1998), exposure to radon, asbestos, arsenic, chromium, coal tar and air pollution 

(Moyer, 2014; Singh et al., 2002), and family history (e.g., genetics), obstructive pulmonary 

disease, and pulmonary fibrosis (Moyer, 2014). Among these causes, smoking is the most 
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prominent for LB cancer, accounting for 90% of all LB cancer deaths (Singh et al., 2002). In 

addition to these factors, LB cancer incidence rates significantly relate to poverty. This 

connection is partly attributable to smoking: Jamal et al. (2015) show that people below the 

federal poverty level (i.e., $11,770 for 100% below the poverty level in 2015) had a higher 

smoking prevalence in the US during 2005 to 2014. According to the American Cancer Society 

(1989), cancer rates are higher among poor people also because they: (1) have limited access to 

quality health care, (2) have difficulties obtaining health insurance, and (3) lack adequate cancer 

education (Freeman, 2004). 

Like most phenomena, LB cancer incidence/mortality rates are not homogeneous across 

space (e.g., Mokdad et al., 2017). One possible reason is that the causes of this cancer are 

spatially heterogeneous. Especially, studies that investigate associations between LB cancer and 

air pollution (Biggeri et al., 1996; Krewski et al., 2009; Raaschou-Nielsen et al., 2013; Zhang et 

al., 2009) show that regions with elevated air pollution have a higher risk of LB cancer 

incidence/mortality (carcinogenic particulates in air can increase the risk of cell mutations, 

potentially promoting cancer by inducing abnormal tissue growth). Some recent studies (e.g., 

Krewski et al., 2009; Raaschou-Nielsen et al., 2013; Turner et al., 2017) focus on correlations 

between LB cancer and airborne particulate matter (PM), and show a significant contribution of 

PM to LB cancer incidence/mortality at a certain LB cancer phase. Furthermore, spatial 

modeling is required to analyze LB cancer rates in order to account for its latent spatial 

autocorrelation that is not explained by external factors (e.g., Blot & Fraumeni, 1976; Krewski et 

al., 2009; Xia & Carlin, 1998). 
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The literature contains discussions about various cancer incidence rates for various 

spatial units, such as countries (e.g., Jemal et al., 2010; Van der Heyden et al., 2009), counties 

(e.g., Mokdad et al., 2017), or large cities (e.g., Raaschou-Nielsen et al., 2013). Researchers 

commonly conclude that although the overall LB cancer rate in their study areas show a recent 

decreasing pattern through time, an individual rate in each spatial unit or socio-economic group 

may differ from this overall aggregate pattern. For example, lung cancer mortality rates for males 

in most Western countries have been decreasing in the last few decades, but increasing in China, 

Korea, and several countries in Africa (Jemal et al., 2010). Lung cancer rates in 16 European 

countries typically are higher in groups with the least education (Van der Heyden et al., 2009). 

These former trends coincide with changes in smoking habits, whereas these latter trends 

coincide with smoking habits (e.g., Bobak et al., 2000) 

Spatial models can guide accurate and robust investigations of important messages 

derivable from georeferenced public health data, including causes of diseases, disease infections, 

and disease surveillances, only if these data are properly geocoded (Goldberg & Jacquez, 2012). 

Georeferencing quality and locational uncertainty have been critical issues in public health data 

analyses (Jacquez, 2012; Goldberg & Cockburn, 2012; Lee et al., 2017). However, they often are 

overlooked in many fields and in the making of many policy decisions (Goldberg et. al., 2007). If 

locational uncertainty propagates to research outcomes, it may severely decrease the reliability of 

these outcomes. The propagation of locational uncertainty through public spatial health data 

analyses has been confirmed in much of the literature (e.g., Goldberg & Cockburn, 2012; Lee et 

al., 2016; Lee et al., 2017). 
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In conclusion, although receiving considerable attention itself by spatial researchers, 

uncertainty propagation, especially in terms of geographic cancer analyses, has never been 

couched in the context of a prevailing urban hierarchy, a topic meriting careful and thorough 

investigation, given existing mathematical spatial theory. 

2.3. Data 

This paper summarizes an analysis of individual LB cancer diagnoses in six MSAs in Florida 

that represent world class (i.e., important nodes in the global economy), nationally prominent 

(i.e., important nodes in a national economy), and regionally dominant (i.e., important nodes in a 

regional economy) urban places. These six MSAs are Miami, a world class city (Hall, 2005; 

Neal, 2011), Tampa, Orlando and Jacksonville, nationally prominent cities3, and Tallahassee and 

Pensacola, regionally dominant cities. Figure 2.1 portrays the statewide geographic distribution 

of these six MSAs, which provide a wide geographical coverage of the state. 

The total of 46,988 individual LB cancer patient cases in Florida from 2006 to 2010 have 

been obtained from the Florida Cancer Registry of the Florida Department of Health. Some LB 

cancer patient points have been removed from the analyzed dataset during a data cleaning 

exercise. These points were duplicate patients (1,503 cases), patients geocoded to a ZIP code 

centroid with a partial address (i.e., ZIP code only; 2,765 cases), or patients assigned to census 

tracts that have zero population (281 cases). These patient cases constitute slightly less than 10% 

of the total number of cases. We are unable to verify whether or not removal of these case 

introduced bias into our analyses. However, most address matching analyses lose 5%-10% of 

                                                

3 In terms of population size, Jacksonville became nationally prominent in 1910, Tampa in 1930, and Orlando in 2010 (see 
http://www.newgeography.com/content/004431-a-tale-273-cities. 
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cases for these types of reasons; thus, we believe that any introduced biases are no more severe 

than what exist for other address matching based studies, especially given that more than a third 

are duplicate case records. 

Population and poverty status4 data for census tracts are from the 2006 to 2010 5-year 

American Community Survey (ACS) summary data. Figure 2.2 shows histograms of 

unstandardized LB cancer rates and poverty rates by census tracts for each of the urban hierarchy 

typology classes. Figure 2.2(a) shows the frequency of census tracts with unstandardized LB 

cancer rates per 100,000, calculated as the number of LB cancer patients in a census tract divided 

by that census tract’s population, and Figure 2.2(b) shows the frequency of census tracts with 

different poverty rates, calculated as the number of people below the 100% Federal poverty level 

threshold value divided by the corresponding population in a census tract. The poverty scale was 

divided into three major groups guided by Kneebone et al. (2011) and Jargowsky (2013), with 

percentages determined by pooling the census tracts for all six MSAs. Low percentages indicate 

census tracts that have few people below the Federal threshold value, whereas high percentages 

indicate census tracts that have large numbers of people below the Federal threshold value. 

These percentages peak at 86% in the world class MSA, 95% in the national MSAs, and 76% in 

                                                

4 The threshold income is $17,438 for the 2006 to 2010 ACS 5-year data. The poverty ratio variable was calculated 
as a ratio between counts of people below this 100% poverty level, and the total population for each census tract. Its 
standard errors are given with a formula published by the US Census Bureau (2009). The mean and median of its 
standard errors are 0.0546 and 0.0396, respectively. Compared with the mean and median of the poverty ratio 
(0.1382 and 0.1114, respectively), their standard errors are not excessive. Only 5.22% of the census tracts (144 out 
of 2,761) have a standard error larger than 0.1. Among them, eight census tracts have a standard error larger than 
1.0, which arises from the large model-based margins of error (MOEs) for zero poverty estimates (e.g., Berkely, 
2017). Nevertheless, the impact of large model-based MOEs can be negligible when the total population is large. 
Furthermore, only eight census tracts in this dataset have such a large standard error. Moreover, the quality of the 
ACS-based poverty index appears to be extremely good, and should contribute negligibly to the uncertainty treated 
in this study. 
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the regional MSAs. This first group may be labeled low-poverty concentration, this second may 

be labeled mid-poverty concentration, and this third may be labeled high-poverty concentration. 

Each of these groups constitutes about a third of the census tracts, suggesting threshold breaks at 

33% and 66%. In Figure 2.2(b), the class break between the low- and mid-poverty concentration 

classes is 0.07 (a red dashed line), and the one between the mid- and high-poverty concentration 

classes is 0.14 (a blue dashed line).  

 
Figure 2.1. Six selected MSAs in Florida. 

Table 2.1 reports the characteristics of unstandardized LB cancer rates, population, and 

poverty by urban hierarchy typology class. The Miami MSA has nearly six million people. 

According to Hall (2005), Miami is one of the world cities based on city-ness values, which is 

calculated by a city’s financial activities, business services, influences, creative and cultural 
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industries, and tourism indices. This MSA has a slightly below average (i.e., the average of its 

census tract rates) unstandardized LB cancer rate, and its poverty concentration rate is 0.14. The 

national level MSAs (i.e., Tampa, Orlando, and Jacksonville) collectively have a similar 

population and poverty concentration rate, but a larger cancer rate than that for the Miami MSA. 

Census tracts in the regional MSAs (i.e., the Tallahassee, and Pensacola) have a smaller 

population and a smaller mean cancer rate, but a higher mean poverty concentration rate. 

Table 2.1. Descriptive statistics summarizing the selected census data 

Urban 
hierarchy 
typology 

class 

MSA 

Population 
(2006-2010 

5-year 
ACS) 

# of 
census 
tracts 
(CTs) 

# of LB 
cancer 
cases 

Mean CT 
LB cancer 
ratio (per 
100,000) 

# of 
people 

below the 
100% 
federal 
poverty 

level 

Mean CT 
poverty 

concentration 
(%) 

World Miami 5,394,301 1,199 16,664 341.96 760,135 0.14 

National 
Tampa 
Orlando 
Jacksonville 

6,148,171 1,382 23,078 421.04 766,580 0.13 

Regional Tallahassee 
Pensacola 806,169 180 2,697 339.67 16,051 0.18 

Figure 2.3 portrays the spatial patterns of the LB cancer rates in the six MSAs, together 

with their Moran coefficients (MCs) and accompanying p-values. The statistical inference from 

the MC tests is that LB cancer rates in the six MSAs are spatially autocorrelated (i.e., these index 

values are statistically significant). The census tract level cancer rates in the Miami, Tampa, 

Jacksonville, and Tallahassee MSAs have a moderate-level of positive spatial autocorrelation, 

whereas the cancer rates in the Orlando and Pensacola MSAs have a weak degree of positive 

spatial autocorrelation. 
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Figure 2.2. Histograms of census tracts based on unstandardized LB cancer and poverty rates 

by urban hierarchy typology class. Top: (a) unstandardized LB cancer rates per 100,000. 
Bottom: (b) poverty rates and three poverty classes of place; a red dashed line denotes (at 

0.07) the class break between the low- and mid-poverty concentration class places, and a blue 
dashed line (at 0.14) denotes the class break between the mid- and high-poverty concentration 

class places. 

2.4. Methods 

A log-linear model is specified to examine an association between LB cancer rates and the joint 

urban hierarchy topology and poverty concentration rates. A binomial model is constructed with 

the dependent variable being the age-adjusted number of LB cancer incidences. The categorical 

binary 0-1 independent variables are: (1) MSA hierarchy classes (i.e., world, national, and 

regional), and (2) poverty concentration classes (i.e., low, mid, and high). Interaction terms 
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between MSA hierarchy classes and poverty concentration classes also are included in the 

regression model. This specification results in a two-way analysis of variance (ANOVA) with a 

binomial probability distribution. Furthermore, eigenvector spatial filtering (ESF)5 is utilized to 

account for spatial autocorrelation in this generalized linear regression context (Chun et al., 

2016; Chun and Griffith, 2013; Griffith, 2003). A linear combination of eigenvectors associated 

with the employed spatial weights matrix can capture latent spatial autocorrelation as a set of 

dependent variables in a regression model (Chun et al., 2016). In this research, eigenvectors are 

calculated for the modified spatial weights matrix6 for each of the six MSAs under study, and 

block-diagonally combined as a set of independent variables in regression models; this block-

diagonal structure arises from the MSAs failing to have any juxtaposed census tracts (i.e., 

geographically they are disjoint). These eigenvectors are expected to account for the spatial 

autocorrelation of LB cancer rates in each MSA. 

                                                

5 ESF is a novel spatial statistical methodology that adds a set of synthetic proxy variables, which are eigenvectors 
extracted from a modified version of an n-by-n, usually binary 0-1, spatial weights matrix C that links geographic 
objects together in space, as control variables to filter spatial autocorrelation out of residuals and transfer it to the 
mean response in a regression model specification. These control variables identify and isolate the stochastic 
spatial dependencies among georeferenced observations, thus allowing model parameter estimation to proceed with 
observations mimicking being independent. This modified matrix is of the form (I – 11T/n)C(I – 11T/n), and 
appears in the numerator of the MC. The extracted eigenvectors are mutually orthogonal and uncorrelated (Griffith, 
2000).  Including eigenvectors as covariates, selecting relevant ones with a stepwise procedure, enables spatial 
autocorrelation to be accounted for in a conventional statistical estimation context, in a generalized linear model 
specification. 

6 The n-by-n binary spatial weights matrix C for a given MSA is modified by pre- and post-multiplying it as follows: (I – 
11T/n)C(I – 11T/n), where the superscript T denotes the matrix transpose operation, I is the n-by-n identity matrix, and 1 is the 
n-by-1 vector of ones. 
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Figure 2.3. LB cancer rates (per 100,000) in the six MSAs. The magnitude of cancer rates 

increases with the increasing darkness of red. 

Table 2.2 reports log-likelihood values for the aspatial and spatial models with and 

without interaction terms based upon urban hierarchy and poverty concentration classes. 

According to the log-likelihood ratio test results, the interaction terms are significant in both 

aspatial and spatial models, and models with the interaction terms perform better. Hence, the two 

factors cannot be interpreted separately, and the conceptualization needs to be converted to a 

one-way ANOVA based upon cross-classifications. Accordingly, the two factor variables are 

converted to a single factor variable by treating cross-classifications between the MSA hierarchy 

typology and poverty concnetration classes as individual groupings. The combined factors are 

world_high, world_mid, world_low, national_high, national_mid, national_low, regional_high, 



 

22 

regional_mid, and regional_low. The first part of these names (i.e., world, national, or regional) 

represents the corresponding MSA urban hierarchy typology class, whereas the second part (i.e., 

high, mid, or low) represents the poverty concentration level. Tukey’s test (Tukey, 1949) is used 

to conduct a multiple comparison analysis for these combined variables. It furnishes a statistical 

test to screen the numerous number of possible difference of means alternate hypotheses (i.e., 

21,146, a Stirling number of the second kind) in order to identify, in a data driven way, the much 

fewer feasible ones. In other words, it is a multiple comparisons procedure that finds subsets of 

sample means that are significantly different, eliminating from consideration the possible 

alternate hypotheses in which such identified differences do not exist. The lack of a balanced 

design (i.e., the number of census tracts varies across cross-classifications, from 43 to 475) 

compromises the statistical power of this analysis, which is determined by the smallest cross-

classification sample size (i.e., 43). This cross-classification sample size variation impacts upon 

the LB cancer rate variance assumption7, whose quasi-likelihood scaling values range from 1.7 

to 2.8 for the spatially autocorrelated original data, and range from 1.7 to 2.4 for the spatially 

adjusted data; however, these ranges may not be sufficiently large to seriously compromise 

findings. Nevertheless, a simulation experiment was conducted to better clarify these findings.  

  

                                                

7 Results were corroborated with a normal approximation ANOVA, for which the LB cancer rates were subjected to a Box-Cox 
power transformation, which converted their within cross-classification frequency distributions to ones that more closely 
conformed to a bell-shaped curve. The transformed rates also have a significant interaction term, and exhibit substantial non-
constant variance across the nine cross-classification groups, which increases the ANOVA F-ratio by nearly 22%. These 
results were confirmed with a nonparametric (i.e., Kruskal Wallis) ANOVA.  
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Table 2.2. Log-likelihood ratio test results for models with and without the two-way factor 
interaction terms. 

 

Aspatial model Spatial model 

Log-
likelihood 

degrees of 
freedom 

likelihood 
ratio Chi-

square 
statistic p-

value 

Log-
likelihood 

degrees of 
freedom 

likelihood 
ratio Chi-

square 
statistic p-

value 
Model 1 
(with the 
interaction 
terms) 

-13865 9 - -12209 239 - 

Model 2 
(without the 
interaction 
terms) 

-13938 5 0.000 -12304 235 0.000 

Simulation experiments were designed to verify locational uncertainty propagation. LB 

cancer points were intentionally displaced with different magnitudes of corruption within a 

corresponding MSA boundary. For a lower level of locational uncertainty, 25% of the LB cancer 

points were randomly selected and displaced by 50m, and for a higher level, 50% of them had a 

100m displacement. Two more intermediate levels of uncertainty (i.e., 25% of the cases with a 

100m displacement, and 50% of the cases with a 50m displacement) also were analyzed. The 

point displacements were created with a random direction, and a fixed distance. By adding 

locational displacement, LB cancer points might cross a census tract boundary, which leads to a 

change in the observed cancer rates in census tracts. For each uncertainty level, this procedure 

was repeated 1,000 times, with the binomial regression specification estimated each time. The 

differences between estimated original and simulation coefficients have been compared with 

Tukey’s test. Larger differences between original results and simulation results indicate that 

more locational uncertainty propagates to their outcomes. 
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2.5. Results 

Table 2.3 reports estimation results for aspatial and spatial models. The contrast factor for both 

models is the world_high category. In the aspatial model results, all coefficients are significant 

except for regional_low (a p-value of 0.211). That is, the coefficients of all factors except 

regional_low are significantly different from that of world_high. However, all coefficients in the 

spatial model are significant, including regional_low. The number of selected eigenvectors for 

the ESF model is 230; this model has a better data fit and a smaller AIC value than its aspatial 

counterpart.  

Table 2.4 summarizes Tukey’s test results for both the aspatial and the spatial models. 

The estimated values in Table 2.4 are log-odds ratios of urban hierarchy typology pairs, and the 

p-values are calculated for Tukey’s test. The factor variable has nine categories, and, therefore, a 

total of 36 pairs of means can be compared. However, mainly focusing on the world class urban 

hierarchy typology (i.e., the Miami MSA), Table 2.4 contains only the mean-comparisons 

between this world class category and others. According to these results, the majority of mean 

LB cancer rates in the world class urban hierarchy MSA are significantly different from those in 

the other urban hierarchy categories, for both the aspatial and spatial models. The mean LB 

cancer rates in the high poverty concentration census tracts in the Miami MSA (world_high) are 

significantly lower than those for the other categories. Interestingly, the mean LB cancer rates in 

this category are not significantly different from the mean rates in lower poverty concentration 

census tracts (regional_low) in the Tallahassee and Pensacola MSAs, which is the extreme 

opposite urban hierarchy class. Mean LB cancer rates in world_mid, relatively moderate poverty 

concentration level census tracts in the Miami MSA, have patterns similar to those for 
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world_high, but are not significantly different from the means of either world_low or 

regional_high in the aspatial model. However, in the spatial model, the differences of means 

between world_mid and national_low become nonsignificant. The mean LB cancer rates in low 

poverty concentration census tracts in the Miami MSA (world_low) are lower than those in the 

national and regional urban hierarchy census tracts, but not in the regional_low census tracts. For 

this category, the differences between world_low and national_low mean cancer rates become 

nonsignificant in the spatial model. This finding demonstrates the importance of accounting for 

spatial autocorrelation effects in these cancer data. Overall, the majority of mean LB cancer rates 

in the Miami MSA are lower than their counterparts for other MSAs in Florida, except for the 

regional_low cross-classification grouping. 

Table 2.3. Regression results from aspatial, and spatial models (without locational 
uncertainty). 

covariate 

aspatial spatial 

estimate p-value 
p-value (quasi-

likelihood 
estimation) 

estimate p-value 
p-value (quasi-

likelihood 
estimation) 

(intercept) -5.906 0.000* 0.000* -5.983 0.000* 0.000* 
world_mid 0.199 0.000* 0.000* -0.280 0.000* 0.000* 
world_low 0.188 0.000* 0.000* -0.266 0.000* 0.000* 

national_high 0.354 0.000* 0.000* -0.427 0.000* 0.000* 
national_mid 0.367 0.000* 0.000* -0.435 0.000* 0.000* 
national_low 0.257 0.000* 0.000* -0.315 0.000* 0.000* 
regional_high 0.215 0.000* 0.016 -0.288 0.000* 0.000* 
regional_mid 0.309 0.000* 0.000* -0.394 0.000* 0.000* 
regional_low 0.053 0.211 0.629 -0.120 0.006* 0.237 

Over 
dispersion 
parameter 

- 6.690 - 5.391 

Pseudo-R2 0.036 0.236 
AIC 27,748 - 24,937 - 

# selected 
EVs - 230 

* indicates significance level, 𝛼 = 0.05 
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Table 2.4. Tukey’s pairwise mean differences test results for aspatial and spatial models 
(without locational uncertainty). 

Pairs Aspatial Spatial 
Estimate p-values Estimate p-values 

world_mid world_high 0.199 0.001* 0.280 0.001* 
world_low world_high 0.188 0.001* 0.266 0.001* 

national_high world_high 0.354 0.001* 0.427 0.001* 
national_mid world_high 0.367 0.001* 0.435 0.001* 
national_low world_high 0.257 0.001* 0.315 0.001* 
regional_high world_high 0.215 0.001* 0.288 0.001* 
regional_mid world_high 0.309 0.001* 0.394 0.001* 
regional_low world_high 0.053 0.935 0.120 0.116 

world_low world_mid 0.011 1.000 0.014 0.999 
national_high world_mid 0.155 0.001* 0.147 0.001* 
national_mid world_mid 0.168 0.001* 0.155 0.001* 
national_low world_mid 0.058 0.020* 0.035 0.577 
regional_high world_mid 0.016 1.000 0.008 1.000 
regional_mid world_mid 0.110 0.023* 0.114 0.022* 
regional_low world_mid -0.146 0.012* -0.160 0.005* 
national_high world_low 0.166 0.001* 0.161 0.001* 
national_mid world_low 0.179 0.001* 0.169 0.001* 
national_low world_low 0.069 0.003* 0.049 0.185 
regional_high world_low 0.027 0.996 0.022 0.999 
regional_mid world_low 0.121 0.008* 0.128 0.006* 
regional_low world_low -0.135 0.030* -0.146 0.019* 

* indicates significance level, 𝛼 = 0.05 

Table 2.5 summarizes embedded locational uncertainty simulation results. This table 

contains the results of the world class categories (i.e., world_high, world_mid, and world_low) 

focusing on the Miami MSA. Simulation results with four different locational uncertainty levels 

(i.e., 25% of the cases with 50m and 100m of displacements, and 50% of the cases with 50m and 

100m of displacement) are compared. When the greatest level of locational uncertainty (i.e., 50% 

of the LB cancer points with 100m of displacement) is embedded in the original uncorrupted LB 

cancer points, more pairwise means differ than for their corresponding original results. The mean 

differences for some pairs that are significant in the error-free results become nonsignificant in 

the location error embedded simulation results. In contrast, for other pairs that fail to have 

significantly different means, significant differences emerge in the simulation experiment results. 

Location error propagation is more severe for spatial models than aspatial models. If a 
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georeferenced variable has positive spatial autocorrelation, then values for nearby areal units 

tend to be similar. In this situation, although a point is displaced into a neighboring areal unit, 

leading to a change in a regression variable value, the entire regression result does not change 

much. However, if positive spatial autocorrelation in a georeferenced variable is properly 

accounted for, then the values in nearby areal units no longer may be similar. Therefore, 

displaced points (i.e., points with location errors) that cross an administrative boundary may lead 

to greater changes in regression results. 

Table 2.5. The number of simulation replications with locational uncertainty having 
significance results different from their original results.  

Pairs 
# simulations changed significance (𝛼 = 0.05) 

25% 50m 25% 100m 50% 50m 50% 100m 
Aspatial Spatial Aspatial Spatial Aspatial Spatial Aspatial Spatial 

world_mid world_high 0 0 0 0 0 0 0 0 
world_low world_high 0 0 0 1 0 1 0 1 
national_high world_high 0 0 0 0 0 0 0 0 
national_mid world_high 0 0 0 0 0 0 0 0 
national_low world_high 0 0 0 0 0 0 0 0 
regional_high world_high 0 0 0 0 0 0 0 0 
regional_mid world_high 0 0 0 0 0 0 0 0 
regional_low world_high 0 0 0 0 0 2 0 4 
world_low world_mid 0 0 0 1 0 1 0 3 
national_high world_mid 0 0 0 0 0 0 0 0 
national_mid world_mid 0 0 0 0 0 0 0 0 
national_low world_mid 2 117 47 145 59 179 313 225 
regional_high world_mid 0 0 0 0 0 0 0 0 
regional_mid world_mid 0 362 0 420 0 442 3 443 
regional_low world_mid 1 107 4 80 2 84 9 67 
national_high world_low 0 0 0 0 0 0 0 0 
national_mid world_low 0 0 0 0 0 0 0 0 
national_low world_low 3 596 46 546 6 618 72 558 
regional_high world_low 0 0 0 0 0 0 0 0 
regional_mid world_low 57 877 41 807 106 793 45 707 
regional_low world_low 0 26 0 33 0 54 0 80 

Regions with three poverty classes (i.e., high, mid, and low) in the Miami MSA are 

affected differently by adding location errors. Results for the pairs between world_high and other 

regions remain unchanged for embedded location error, and most of the simulation replications 

have the same significance results as the original results, at the 5% level. In this category, the 
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maximum number of significance changes in the simulation replications (which is four) is 

observed for the regional_low category when the maximum level of locational uncertainty was 

embedded in the spatial model. The means for these two categories are not significantly different 

in the error-free model, but these means become significantly different only four times in the 

1,000 simulation experiments. However, results for world_mid and world_low undergo 

considerable change. For the world_mid joint class, comparisons with the national_low category 

(low poverty concentration census tracts in the Tampa, Orlando, and Jacksonville MSAs) 

become nonsignificant 313 times in the simulations involving the spatial model with the 

maximum level of locational uncertainty, whereas the original result is significant. Spatial 

modeling results for this category with national_low, regional_mid, and regional_low disagree 

with the simulation experiment results, too. The mean difference between world_mid and 

nationa_low is nonsignificant in the original spatial model, but differences become significant 

225 times during the simulation experiment having the maximum level of location error. In the 

original (i.e., location error free) model, LB cancer means between world_mid and regional_mid, 

and world_mid and regional_low, significantly differ from each other, whereas the differences 

become nonsignificant, respectively, in 443 and 67 replications, when the maximum level of 

location error is introduced in the 1,000 replicates. Low poverty concentration census tracts in 

the Miami MSA (world_low) have significantly different LB cancer rate means compared with 

the means for national_low, regional_mid, and regional_low. However, embedded location error 

propagates to the results, and the differences are no longer significant for 558 (national_low), 

707 (regional_mid), and 80 (regional_low) replications for the spatial model involving the 

maximum level of location error. 
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6. Conclusions and implications 

This research tested three hypotheses: (1) the geographic distribution of LB cancer rates differ 

across poverty levels and urban hierarchy typology; (2) spatial autocorrelation varies across 

cities according to their urban hierarchy levels; and, (3) locational uncertainty propagates to the 

results of regression models (here ANOVA is expressed as a general linear, and hence as a 

regression, model). The analysis involved LB cancer point data in six Florida MSAs. These data 

are described with binomial regression model specifications, and Tukey’s test to compare pairs 

of means of LB cancer rates in census tracts for different poverty concentration and urban 

hierarchy typology levels. Locational displacements embedded during simulation experiments 

were utilized to confirm how different levels of location error propagate to outcomes. 

The LB cancer rate distributions in the six Florida MSAs significantly differ across 

poverty concentration and urban hierarchy typology level. According to cross-tabulation results 

comparing the means of LB cancer rates for combined poverty concentration and urban 

hierarchy typology levels, the majority of pairs differ. Especially, census tracts in the world class 

city (i.e., the Miami MSA) have LB cancer rates that are significantly lower than those in other 

urban hierarchy class cities (i.e., national and regional). Spatial models including ESFs to 

account for spatial autocorrelation latent in means of LB cancer rates have results that differ 

from ones for their aspatial counterparts. In reported regression results, regional_low becomes 

significant in a spatial model specification while being nonsignificant in the aspatial model 

specification counterpart. Some mean differences change too. In the spatial model specification, 

the significant levels of mean-differences between world_high and all other regions remain the 

same as ones in the aspatial model, but some mean pairs, including a pair of national_low and 
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world_mid and another pair of national_low and world_low, become nonsignificant. Employing 

ESF models that account for spatial autocorrelation leads to changes in results. Furthermore, 

simulation experiments confirm that locational uncertainty introduced with locational 

displacements propagates to the results of the undertaken spatial data analyses. The simulation 

experiments for this research cover a small to a large amount of locational uncertainty, and 

uncertainty propagations are identified in all simulation results that embed uncertainty. Even if a 

small amount of locational uncertainty is embedded (e.g., 25% of the observations have a 50m 

distant error), results from simulation experiments show that the changes in spatial analysis can 

lead to outcomes that differ from their original results (see Table 2.5). 

The majority of pairwise mean differences that experience a change of their significance 

in the location error embedded simulation experiments have p-values in the critical region 

defined by 0.05. For example, the mean comparisons between the world_high and other 

categories have their p-values close to 0. Although locational displacements are introduced into 

the original point data, the majority of p-value changes are modest. However, the mean 

differences for other couplings, such as pairs of national_low and world_low and regional_mid 

and world_low, have p-values that are close to their critical values, with the p-value significance 

implications often differing from their original (i.e., the error free model) counterparts. 

Researchers working with health data generally agree that cancer cases should have 

locational tags attached to them (Rushton et al., 2006). Given this predisposition, studies 

continue to assess impacts of locational error in these contexts (e.g., Baldovin et al., 2015; Zhang 

et al., 2016). But much has improved in geocoding techniques and practice since, for example, 

Griffith et al. (2007) evaluated location error, resulting in smaller locational displacements, on 
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average. For example, rather than medical personnel geocoding individual cases with census 

tract numbers, global positioning system (GPS) units often are used to geocode case address 

locations. Given this context, this paper employs much smaller displacements (e.g., 50m and 

100m) than those used in many earlier studies appearing in the literature, in part to reflect the 

improved positioning precision of this technology. This research design modification tends to set 

findings reported here apart from the body of prior results. 

Of note is that results reported in this paper rely on the particular empirical dataset used, 

namely, LB cancer rates in Florida MSAs. They also depend on a given pattern of cancer points, 

and the size of geographic units. Other properties in a spatial distribution, such as the number of 

points that are closely located to an areal unit boundary, may lead to different results. Location 

error propagation to outcomes may be more severe if more points are incorrectly allocated to a 

neighboring unit across a shared boundary. This research may be further extended by 

investigating additional empirical datasets from other geographic landscapes involving a 

different urban hierarchy, poverty structure, and geographic distribution of cancer point. 

Furthermore, although one focus of this paper is poverty, another important socio-

economic/demographic factor is race/ethnicity, which covaries with poverty. Investigating it is 

beyond the scope of this paper; nevertheless, it merits future research attention within the context 

of urban hierarchies presented here. 

References 

Arcury, T. A., Gesler, W. M., Preisser, J. S., Sherman, J., Spencer, J., & Perin, J. (2005). The 
effects of geography and spatial behavior on health care utilization among the residents of a 
rural region. Health services research, 40(1), 135-156. 

  



 

32 

Alderson, A.S., Beckfield, J., Sprague-Jones, J., 2010. Intercity Relations and Globalisation: The 
Evolution of the Global Urban Hierarchy, 1981--2007. Urban Studies 47, 1899–1923. 
doi:10.1177/0042098010372679. 

American Cancer Society, 1989. Cancer in the Poor: A Report to the Nation. American Cancer 
Society, Atlanta, GA. 

Baldovin, T., Zangrando, D., Casall, P., Ferrarese, F., Bertoncello, C., Buja, A., Marcolongo, A., 
Baldo, V., 2015. Geocoding health data with geographic information systems: a pilot study 
in northeast Italy for developing a standardized data-acquiring format, J. of Preventive 
Medicine and Hygiene, 56: E88-E94. 

Berkley, Jennifer, 2017, Using American Community Survey Estimates and Margins of Error, 
https://www.census.gov/content/dam/Census/programs-surveys/acs/guidance/training-
presentations/20170419_MOE.pdf, last accessed on October 04, 2017.  

Biggeri, A., Barbone, F., Lagazio, C., Bovenzi, M., Stanta, G., 1996. Air pollution and lung 
cancer in Trieste, Italy: spatial analysis of risk as afunction of distance from sources. 
Environmental Health Perspectives 104, 750–754. doi:10.1289/ehp.96104750. 

Biljecki, F., Heuvelink, G.B.M., Ledoux, H., Stoter, J., 2017. The effect of acquisition error and 
level of detail on the accuracy of spatial analyses. Cartography and Geographic Information 
Science 1–21. doi:10.1080/15230406.2017.1279986. 

Blot, W.J., Fraumeni, J.F., 1976. Geographic patterns of lung cancer: industrial correlations. 
American Journal of Epidemiology 103, 539–550. doi:10.1016/j.jemermed.2008.06.032. 

Bobak, M., Jha, P., Nguyen, S., Jarvis, M. 2000. Poverty and smoking. In Jha, P., Chaloupka, F. 
(eds.). 2000. Tobacco Control in Developing Countries (Revised ed.). New York: OUP, pp. 
41-61. 

CDC (Centers for Disease Control and Prevention). 2017. Lung cancer, 
https://www.cdc.gov/cancer/lung/basic_info/risk_factors.htm, last accessed on 1 October 
2017. 

Campbell, N.C., Elliott, A.M., Sharp, L., Ritchie, L.D., Cassidy, J., Little, J., 2001. Rural and 
urban differences in stage at diagnosis of colorectal and lung cancers. British Journal of 
Cancer 84, 910–914. doi:10.1054/bjoc.2000.1708. 

Christaller, W., 1966. Central places in southern Germany. Prentice-Hall. 

Chan, L., Hart, L., and Goodman, D., 2006. Geographic assess to health care for rural medicare 
beneficiaries, Journal of Rural Health, 22, 140-146.  

  



 

33 

Chun, Y., Griffith, D., 2013. Spatial Statistics and Geostatistics: Theory and Applications for 
Geographic Information Science and Technology. Sage. 

Chun, Y., Griffith, D., Lee, M., Sinha, P., 2016. Eigenvector selection with stepwise regression 
techniques to construct eigenvector spatial filters. Journal of Geographical Systems 18, 67–
85. doi:10.1007/s10109-015-0225-3. 

Clark, W., Rushton, G., 1970. Models of Intra Urban Consumer Behavior and Their Implications 
for Central Place Theory, Economic Geography, 46(3), 486-497. 

Dobis, E., Delgado, M., Florax, R., and Mulder, P., 2015. The significance of urban hierarchy in 
explaining population dynamics in the United States, paper presented to the 2015 
Agricultural & Applied Economics Association and the Western Agricultural Economics 
Association Annual Meeting, San Francisco, CA, July 26-28. 
http://ageconsearch.umn.edu/bitstream/205869/2/Dobis_et_al_AAEA2015.pdf. 

Freeman, H.P., 2004. Poverty, culture, and social injustice: determinants of cancer disparities. 
CA: A Cancer Journal for Clinicians 54, 72–77. doi:10.3322/canjclin.54.2.72. 

Garofalo, G., Fogarty, M.S., 1979. Urban income distribution and the urban hierarchy-equality 
hypothesis. The Review of Economics and Statistics 61, 381–88. doi:10.2307/1926067. 

Goldberg, D., Cockburn, M. 2012. The Effect of administrative boundaries and geocoding error 
on cancer rates in California. Spatial and Spatio-Temporal Epidemiology 3 (1). Elsevier 
Ltd: 39–54. doi:10.1016/j.sste.2012.02.005. 

Goldberg, D., Jacquez  G.. 2012. Advances in geocoding for the health sciences. Spatial and 
Spatio-Temporal Epidemiology 3 (1). Elsevier Ltd: 1–5. doi:10.1016/j.sste.2012.02.001. 

Goldberg, D., Wilson, J., Knoblock, C., Ritz, B., Cockburn, M. 2008. An Effective and efficient 
approach for manually improving geocoded data. International J. of Health Geographics 7 
(1): 60–80. doi:10.1186/1476-072X-7-60. 

Griffith, D., 2003. Spatial Autocorrelation and Spatial Filtering. Springer, Berlin, Heidelberg. 

Griffith, D., 2000. Eigenfunction properties and approximations of selected incidence matrices 
employed in spatial analyses. Linear Algebra and its Applications 321, 95–112. 
doi:10.1016/S0024-3795(00)00031-8. 

Griffith, D., Wong, D.W., Chun, Y., 2015. Uncertainty-Related Research Issues in Spatial 
Analysis, in: Uncertainty Modelling and Quality Control for Spatial Data. pp. 1–11. 

Griffith, D., Millones, M., Vincent, M., Johnson, D., Hunt, A., 2007. Impacts of positional error 
on spatial regression analysis: A case study of address locations in Syracuse, NY, 
Transactions in GIS, 11: 655-679. 



 

34 

Hall, P., 2005. The world’s urban systems: a European perspective. Global Urban Development 
1, 1–12. 

Jacquez, G. 2012. A Research Agenda: Does geocoding positional error matter in health gis 
studies? Spatial and Spatio-Temporal Epidemiology 3 (1). Elsevier Ltd: 7–16. 
doi:10.1016/j.sste.2012.02.002. 

Jamal, A., Homa, D.M., O’Connor, E., Babb, S.D., Caraballo, R.S., Singh, T., Hu, S.S., King, 
B.A., 2015. Current Cigarette Smoking Among Adults - United States, 2005-2014. 
MMWR. Morbidity and mortality weekly report 64, 1233–1240. 
doi:10.15585/mmwr.mm6444a2. 

Jargowsky, P., 2013. Concentration of Poverty in the New Millennium. New Brunswick, NJ: The 
Century Foundation & Rutgers Center for Urban Research and Education. 

Jemal, A., Center, M.M., DeSantis, C., Ward, E.M., 2010. Global patterns of cancer incidence 
and mortality rates and trends. Cancer Epidemiology Biomarkers and Prevention 19, 1893–
1907. doi:10.1158/1055-9965.EPI-10-0437. 

Kneebone, E., Nadeau, C., Berube, A. 2011. The re-emergence of concentrated poverty: 
metropolitan trends in the 2000s. Washington, DC: Metropolitan Policy Program at 
Brookings. 

Krewski, D., Jerrett, M., Burnett, R.T., Ma, R., Hughes, E., Shi, Y., Turner, M.C., Pope 3rd, C. a, 
Thurston, G., Calle, E.E., Thun, M.J., Beckerman, B., DeLuca, P., Finkelstein, N., Ito, K., 
Moore, D.K., Newbold, K.B., Ramsay, T., Ross, Z., Shin, H., Tempalski, B., 2009. 
Extended follow-up and spatial analysis of the American Cancer Society study linking 
particulate air pollution and mortality. Health Effects Institute 5–36. 

Krieger, N., Williams, D. R., & Moss, N. E. (1997). Measuring social class in US public health 
research: concepts, methodologies, and guidelines. Annual review of public health, 18(1), 
341-378. 

Krieger, N., Quesenberry, C., Peng, T., Horn-ross, P., Stewart, S., Brown, S., Swallen, K., 
Guillermo, T., Suh, D., Alvarez-Martinez, L., Ward, F., 1999. Social class, race/ethnicity, 
and incidence of breast, cervix, colon, lung, and prostate cancer among Asian, Black, 
Hispanic, and White residents of the San Francisco Bay Area, 1988–92 (United States). 
Cancer Causes & Control 10, 525–537. 

Lee, M., Chun, Y., Griffith, D., 2016. Uncertainties of spatial data analysis introduced by 
selected sources of error. In D. Griffith, Y. Chun, and D. Dean (eds.), Advances in 
Geocomputation: Geocomputation 2015—The 13th International Conference. Berlin: 
Springer, 18–24. 

  



 

35 

Lee, M., Chun, Y., Griffith, D. 2017. Error propagation in spatial modeling of public health data: 
a simulation approach using pediatric blood lead level data for Syracuse, New York. 
Environmental Geochemistry and Health 19 (1). Springer Netherlands: 33–46. 
doi:10.1007/s10653-017-0014-7. 

Losch, A., 1954. Economics of location. Yale University Pres, New Haven. 

Mandelblatt, J. S., Yabroff, K. R., & Kerner, J. F. (1999). Equitable access to cancer services. 
Cancer, 86(11), 2378-2390. 

Mitchell, M. K., Gregersen, P. K., Johnson, S., & Parsons, R. (2004). The New York Cancer 
Project: rationale, organization, design, and baseline characteristics. Journal of Urban 
Health, 81(2), 301-310. 

Mokdad, A.H., Dwyer-Lindgren, L., Fitzmaurice, C., Stubbs, R.W., Bertozzi-Villa, A., 
Morozoff, C., Charara, R., Allen, C., Naghavi, M., Murray, C.J.L., 2017. Trends and 
Patterns of Disparities in Cancer Mortality Among US Counties, 1980-2014. Jama 317, 
388–406. doi:10.1001/jama.2016.20324. 

Moyer, V.A., 2014. Screening for lung cancer: US Preventive Services Task Force 
recommendation statement. Annals of Internal Medicine 160, 330–338. 

Mulligan, G., 1984. Agglomeration and central place theory: a review of the 
literature, International Regional Science Review, 9(1), 1-42. 

Neal, Z.P., 2011. From Central Places to Network Bases: A Transition in the U.S. Urban 
Hierarchy, 1900-2000. City & Community 10, 49–75. doi:10.1111/j.1540-
6040.2010.01340.x. 

Pless-Mulloli, T., Phillimore, P., Moffatt, S., Bhopal, R., Foy, C., Dunn, C., Tate, J., 1998. Lung 
cancer, proximity to industry, and poverty in Northeast England. Environmental Health 
Perspectives 106, 189–196. doi:10.1289/ehp.98106189. 

Raaschou-Nielsen, O., Andersen, Z.J., Beelen, R., Samoli, E., Stafoggia, M., Weinmayr, G., 
Hoffmann, B., Fischer, P., Nieuwenhuijsen, M.J., Brunekreef, B., Xun, W.W., Katsouyanni, 
K., Dimakopoulou, K., Sommar, J., Forsberg, B., Modig, L., Oudin, A., Oftedal, B., 
Schwarze, P.E., Nafstad, P., De Faire, U., Pedersen, N.L., Östenson, C.G., Fratiglioni, L., 
Penell, J., Korek, M., Pershagen, G., Eriksen, K.T., Sørensen, M., Tjønneland, A., 
Ellermann, T., Eeftens, M., Peeters, P.H., Meliefste, K., Wang, M., Bueno-de-Mesquita, B., 
Key, T.J., de Hoogh, K., Concin, H., Nagel, G., Vilier, A., Grioni, S., Krogh, V., Tsai, 
M.Y., Ricceri, F., Sacerdote, C., Galassi, C., Migliore, E., Ranzi, A., Cesaroni, G., 
Badaloni, C., Forastiere, F., Tamayo, I., Amiano, P., Dorronsoro, M., Trichopoulou, A., 
Bamia, C., Vineis, P., Hoek, G., 2013. Air pollution and lung cancer incidence in 17 
European cohorts: Prospective analyses from the European Study of Cohorts for Air 
Pollution Effects (ESCAPE). The Lancet Oncology 14, 813–822.  



 

36 

Rushton, G., Armstrong, M., Gittler, J., Greene, B., Pavlik, C., West, M., Zimmerman, D., 2006. 
Geodocing in cancer research, American J. of Preventive Medicine 30: S15-S24 . 

Schelling, T., 1969. Models of segregation, American Economic Review, 1969, 59(2), 488–493. 

Schelling, T., 1971. Dynamic Models of Segregation, Journal of Mathematical Sociology, 1(2), 
pp. 143–186. 

Siegel, R.L., Miller, K.D., Jemal, A., 2016. Cancer statistics, 2016. CA: A Cancer Journal for 
Clinicians 66, 7–30. doi:10.3322/caac.21332. 

Singh, G.K., Miller, B., Hankey, B.F., 2002. Changing area socioeconomic patterns in U.S. 
cancer mortality, 1950-1998: Part II—Lung and colorectal cancers. Journal of the National 
Cancer Institute 94, 916–925. doi:10.1093/jnci/94.12.904. 

Smith, K. B., Humphreys, J. S., & Wilson, M. G. (2008). Addressing the health disadvantage of 
rural populations: how does epidemiological evidence inform rural health policies and 
research?. Australian Journal of Rural Health, 16(2), 56-66. 

Tukey, J.W., 1949. Comparing Individual Means in the Analysis of Variance. Biometrics 5, 99–
114. 

Turner, M., Krewski, D., Diver, W., Pope III, C., Burnett, R., Jerrett, M., Marshall, J., Gapstur, 
S., 2017. Ambient air pollution and cancer mortality in the Cancer Prevention Study II. 
Environmental Health Perspectives 125,087013-1 - 087013-10. 
https://doi.org/10.1289/EHP1249. 

U.S. Census Bureau, 2009, A Compass for Understanding and Using American Community 
Survey Data: What Researchers Need to Know, Washington, DC: U.S. Government 
Printing Office. 

Van der Heyden, J.H.A., Schaap, M.M., Kunst, A.E., Esnaola, S., Borrell, C., Cox, B., Leinsalu, 
M., Stirbu, I., Kalediene, R., Deboosere, P., Mackenbach, J.P., Van Oyen, H., 2009. 
Socioeconomic inequalities in lung cancer mortality in 16 European populations. Lung 
Cancer 63, 322–330. doi:10.1016/j.lungcan.2008.06.006. 

Wan, N., Zhan, F. B., Zou, B., & Chow, E. (2012). A relative spatial access assessment approach 
for analyzing potential spatial access to colorectal cancer services in Texas. Applied 
Geography, 32(2), 291-299. 

Ward, E., Jemal, A., Cokkinides, V., Singh, G.K., Cardinez, C., Ghafoor, A., Thun, M., 2004. 
Cancer disparities by race/ethnicity and socioeconomic status. CA: A Cancer Journal for 
Clinicians 54, 78–93. doi:10.3322/canjclin.54.2.78. 

  



 

37 

Xia, H., Carlin, B.P., 1998. Spatio-temporal models with errors in covariates: Mapping Ohio 
lung cancer mortality. Statistics in Medicine 17, 2025–2043. doi:10.1002/(SICI)1097-
0258(19980930)17:18<2025::AID-SIM865>3.0.CO;2-M. 

Zhang, Y., Tao, S., Shen, H., Ma, J., 2009. Inhalation exposure to ambient polycyclic aromatic 
hydrocarbons and lung cancer risk of Chinese population. Proceedings of the National 
Academy of Sciences of the United States of America 106, 21063–21067. 
doi:10.1073/pnas.0905756106. 

Zhang, Z., Manjourides, J., Cohen, R., Hu, Y., Jiang, Q., 2016. Spatial measurement errors in the 
field of spatial epidemiology, International J. of Health Geographers, 15: 21; DOI 
10.1186/s12942-016-0049-5. 

  



 

38 

CHAPTER 3 

ERROR PROPAGATION IN SPATIAL MODELING OF PUBLIC HEALTH DATA: A 

SIMULATION APPROACH USING PEDIATRIC BLOOD LEAD LEVEL DATA FOR 

SYRACUSE, NEW YORK8 

 
 
 
 
 
 
 

Authors – Monghyeon Lee, Yongwan Chun, and Daniel A. Griffith 
 
 

Geospatial Information Sciences, GR31 
 
 

The University of Texas at Dallas 
 
 

800 W. Campbell Road 
 
 

Richardson TX, 75080-3021 
  

                                                

8 Lee, M., Chun, Y. & Griffith, D.A. Environ Geochem Health (2017). https://doi.org/10.1007/s10653-017-0014-7 

Permission granted republish or display content in Dissertation (4205521224978) 



 

39 

Abstract 
 
Lead poisoning produces serious health problems, which are worse when a victim is younger. 

The United States government and society have tried to prevent lead poisoning, especially since 

the 1970s; however, lead exposure remains prevalent. Lead poisoning analyses frequently use 

georeferenced blood lead level data. Like other types of data, these spatial data may contain 

uncertainties, such as location and attribute measurement errors, which can propagate to analysis 

results. For this paper, simulation experiments are employed to investigate how selected 

uncertainties impact regression analyses of blood lead level data in Syracuse, New York. In these 

simulations, location error and attribute measurement error, as well as a combination of these 

two errors, are embedded into the original data, and then these data are aggregated into census 

block group and census tract polygons. These aggregated data are analyzed with regression 

techniques, and comparisons are reported between the regression coefficients and their standard 

errors for the error added simulation results and the original results. To account for spatial 

autocorrelation, the eigenvector spatial filtering method as well as spatial autoregressive 

specifications are utilized with linear and generalized linear models. Our findings confirm that 

location error has more of an impact on the differences than does attribute measurement error, 

and show that the combined error leads to the greatest deviations. Location error simulation 

results show that smaller administrative units experience more of a location error impact, and, 

interestingly, coefficients and standard errors deviate more from their true values for a variable 

with a low level of spatial autocorrelation. These results imply that uncertainty, especially 

location error, has a considerable impact on the reliability of spatial analysis results for public 
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health data, and that the level of spatial autocorrelation in a variable also has an impact on 

modeling results. 

 

3.1. Introduction 

Lead exposure and lead poisoning analyses are well-known topics in public health (Byers and 

Lord, 1943; Lin-Fu, 1972; Mahaffey et al., 1982; Schoof et al., 2015; Yassin and Lubbad, 2013; 

Yoon and Ahn, 2016). High blood lead levels (BLLs) can cause human beings to have not only 

physical disorders, but also neuropsychological disorders in, for example, intelligence, memory, 

executive function and attention, processing speed, language, visuospatial skills, and motor skills 

(Mason et al., 2014). Moreover, vis-à-vis adults, children are more sensitive to the effects of lead 

toxicity, and more vulnerable to lead poisoning (Lidsky and Schneider, 2003). According to the 

Centers for Disease Control and Prevention (CDC), based on the 2007-2010 National Health and 

Nutritional Examination Survey, 535,000 (2.6%) United States (US) children 1-5 years of age 

were confirmed to have a BLL ≥ 5𝜇g/dL (CDC, 2013). This threshold, which decreased from 

10𝜇g/dL to 5𝜇g/dL in 2012, is used in this research because it is defined as the “level of 

concern” for children (CDC, 2013). Studies show that blood lead concentrations have a potential 

impact on children’s health conditions, such as cognitive deficits (Lanphear et al., 2000), and 

intellectual impairment (Canfield et al., 2003). The number of lead exposed children gradually is 

decreasing over time; however, during 2007-2012, a large number of children are newly 

confirmed high BLL cases (CDC, 2015), even though the CDC and the US government have 

made concerted efforts since the mid-1970s to prevent lead poisoning. 
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Not only BLL data, but also all spatial data, contain error from various sources that may 

lead to analysis uncertainty. Popular error sources include: [1] sampling, which causes statistics 

of a subset, or a sample, to deviate from their corresponding population values; [2] measurement, 

which arises from gauged values deviating from their true values because of random and/or 

systematic corruption; [3] specification, which is attributable to model assumptions and/or key 

mathematical operation features being incorrect and/or missing, leading to an unreliable model; 

[4] stochastic, or random noise; and, [5] location, which is the recorded geographic position of a 

datum not being identical to its true geographic position. Location error might introduce analysis 

uncertainty, because spatial data consist of aspatial and spatial information that are 

georeferenced. When spatial data are associated with errors, the errors interact and affect the 

quality of a spatial data analysis. Furthermore, because data perhaps contain confidential 

information, geographical units occasionally are merged or aggregated in public health data 

analyses, which may exacerbate uncertainty propagation. 

Spatial data as well as any other categories of data potentially contain these types of 

errors. Therefore, any outcome from a model in a data analysis is likely to deviate from its 

reality, because errors or uncertainties in inputs can propagate to data analysis output. 

Accordingly, knowing the magnitude of uncertainty is important, as is the degree to which 

uncertainty affects output. Uncertainties, at best, can render slightly incorrect modeling results, 

and, at worst, can be completely fatal to an analysis of georeferenced data, and undermine any 

outcome of a spatial data analysis (Fisher, 1999). How the different errors behave when they are 

either by themselves or combined in a spatial data analysis also is important. A type of error can 

be associated solely with spatial data and affect an outcome, as well as different types of error 
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can be combined and jointly affect an analysis. Another critical issue in spatial data analysis is 

that uncertainties behave differently at different scales (e.g., different sized geographic 

landscapes, such as county, state, and country) and resolutions (i.e., different sized administrative 

regions for a given scale, such as census block group, and census tract) of geographical units. 

Lee et al. (2016) examine uncertainty propagation with a selected set of uncertainty 

sources. However, their simulation experiment was limited to linear regression, and utilized the 

simultaneous autoregressive (SAR) model to account for spatial autocorrelation. In a public 

health analysis, generalized linear models (GLMs), including Poisson and binomial regression, 

frequently are utilized. Although the conventional auto-models devised by Besag (1974) can be 

used in a GLM, they require a complex model specification to do so. Furthermore, the auto-

Poisson model cannot accommodate positive spatial autocorrelation, which is observed in most 

empirical spatial data. This research extends Lee et al. (2016) to GLMs utilizing the Moran 

eigenvector spatial filtering (MESF) methodology that produces robust results (Chun and 

Griffith, 2014; Griffith, 2003), and handles model misspecifications well (Griffith and Chun, 

2016; Tiefelsdorf and Griffith, 2007). Furthermore, this research examines impacts of error 

propagation in which different error sources are embedded simultaneously: location and attribute 

measurement errors are embedded together. That is, here more comprehensive error propagation 

is considered in the simulation design in linear and generalized linear regression. 

The main purpose of this paper is to explore locational and attribute measurement 

uncertainty propagation in spatial data analyses, rather than to improve the description of some 

geographical phenomenon. To examine data that are anchored to the real world, Syracuse 

pediatric BLL data with selected covariates, which have been used in Griffith et al. (2007), are 
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utilized. Then the selected sources of uncertainty propagating to spatial data analysis results are 

evaluated with comparisons of the estimated regression coefficients and their standard errors for 

both the original and corrupted data. In this paper, location error refers to differences between 

true locations and recorded locations of children who had a BLL test, which often occur in a 

geocoding process (e.g., Cayo and Talbot, 2003). Attribute measurement error is the difference 

between a true BLL value and its recorded value for tested children, which occurs during 

laboratory assaying (e.g., Prentice, 1996; US FDA, 2017). 

3.2. A literature review 

Advanced technologies in the geospatial information sciences and data science support spatial 

data collection. However, any collection of large spatial datasets can deviate from its true 

information content in terms of spatial and/or aspatial information. Types of uncertainty in 

spatial data analyses are defined by the following two dimensions: the locational definition of a 

spatial entity, and the attribute of a spatial entity (Robinson et al., 1985). These two dimensions, 

attribute and locational exactness/inexactness, yield four types of uncertainty in a spatial data 

analysis: no uncertainty, an uncertain location only, uncertain attribute values only, and an 

uncertain location as well as attribute values (Robinson et al., 1985). 

Fisher et al. (2006) conceptualize the modeling of different types of spatial information 

uncertainty. They start by defining an object. If either this object or its class is well defined, 

uncertainties in a model are only by natural probabilistic error that can be statistically captured, 

whereas if both are poorly defined, two additional sources of uncertainty may arise: vagueness, 

and ambiguity (Fisher et al., 2006). Vagueness can be treated by fuzzy set theory, whereas 

ambiguity has two sub-categories, namely discord and non-specificity (Fisher et al., 2006). 
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Discord is misclassification that can be moderated by artificial intelligence methods, such as 

Dempster Schafer’s Theory of the Evidence, and non-specificity occurs because assigning an 

object to a class is open to interpretation, which can be treated by other artificial intelligence 

methods, such as endorsement theory (Fisher et al., 2006). However, even though an object is 

well defined and classified, uncertainties still may occur within any spatial database. Several 

common reasons for uncertainty in a spatial database are measurement, assignment, class and 

spatial generalization, miscoding, temporal changes, and data processing (Fisher, 1999). The 

combinations of these errors in a spatial data analysis propagate to the output of that analysis, 

causing this output to be unreliable for drawing correct conclusions (Heuvelink, 1998). Some 

studies (Heuvelink et al., 2007; Shi and Liu, 2000; Zandbergen et al., 2012) point out how 

uncertainty propagates through an analysis to its output, but the process of uncertainty 

propagation within spatial regression is still under-investigated. 

Understanding how uncertainty behaves in a spatial regression context is important 

(Arbia et al., 1998, 1999). Griffith et al. (2007) utilize pediatric BLL data for Syracuse, NY, and 

confirm the presence of noticeable positional error propagation in spatial regression analysis 

results, although statistical estimates tend to remain within the confidence intervals of their 

original estimates in the spatial regression results. Attribute measurement error is another 

common source of uncertainty in spatial regression. Reeves et al. (1998) argue that data are 

subject to measurement error and/or errors of imputation, and these errors can change estimates 

and results. In a regression context, besides spatial database error itself, model misspecification 

also can affect the quality of a final outcome. If we assume that a true model is nested within a 

model specification, model estimates converge to their true model parameters as sample size 
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increases; however, if a specification does not contain its true model, then estimates tend to 

deviate from their parameter values (Barry and Elith, 2006). 

3.3. Methods: the data and simulation experiments 

Pediatric BLL data collected with lead poisoning screening tests (capillary, via finger prick, or 

venous, via a blood draw, obtained by the Onondaga County Health Department) for children in 

Syracuse, NY during 1992-1996 are used in the simulation experiments. Recognized lead 

exposure sources in Syracuse include lead-based paint, contaminated soil, and plumbing pipes 

(Griffith et al., 1998). Measures for 16,691 children who resided in the City of Syracuse are 

examined for the study period. Figure 3.1 shows the kernel density surface based on the location 

of individual points within the administrative boundaries of the City of Syracuse. These points 

have been georeferenced based on the residential addresses of examined children (i.e., an address 

matching procedure) using the TIGER/Line data of the US Census Bureau (US FDA, 2017), and 

further enhanced with a digital cadastral parcel dataset (Griffith et al., 2007). The data had 

several corruptions uncovered during data cleaning. We eliminated a few points located outside 

of the city boundary. We then aggregated points at the same location (i.e., we calculated 

geometric means of multiple collocated values). These points are geocoded with the same 

addresses, such as an apartment complex, or a residential place in which children (e.g., siblings) 

shared the same address. After the cleaning process, the final database contains 8,422 BLL test 

results (the majority of the point reduction is caused by the aggregation of points at the same 

location). These individual point data can be aggregated into administration units, such as census 

tracts and census block groups, for ecological regression analysis purposes. 
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The simulation experiments are designed with the following factors: two regression 

model specifications, three types of error, and two geographic resolutions. The regression models 

are: a SAR model, which furnishes a description for the aggregated arithmetic mean BLL, and a 

binomial eigenvector spatial filter (ESF) model, which utilizes the percentage of points above 

5𝜇g/dL in a geographic resolution administrative unit (i.e., the denominator is the number of 

unique location screenings). This experimental design with the two model specifications allows 

an exploration of potentially different impacts on linear and non-linear models. Table 3.1 lists the 

independent variables that vary according to the coarseness of an aggregate geographic unit and 

the type of regression. This simulation experiment utilizes variables that are identified by Griffith 

et al. (2007), because this research mainly focuses on error propagation in regression 

coefficients. Data are perturbed with the following three types of error: location error, attribute 

measurement error, and both location and attribute measurement error. The two aggregation areal 

units are block groups and census tracts in Syracuse, NY from the 2000 US Census. The next 

section describes the errors and how we designed the simulation experiments for each type of 

error. Finally, each regression model and type of error is applied to census tract and census block 

group aggregates for an analysis of geographic resolution impacts. This formulation allows an 

investigation of different impacts based on the spatial unit resolution level, because a spatial data 

analysis potentially is affected by a spatial unit resolution level, which is referred to as the 

modifiable areal unit problem (Griffith et al., 2003; Wong, 2009). The city has 147 census block 

groups, and 57 census tracts in its 2000 US Census Bureau shapefile. 



 

47 

 

Figure 3.1. The kernel density estimation surface for pediatric BLL locations across the 
City of Syracuse, NY 1992-1996. 

 

 

  

Table 3.1. Independent variables for different census geographic resolutions. 
Administrative unit Independent variable 

Census block group 

logarithm of average house value 
percentage Black 
east-west coordinate (SAR model only) 
logarithm of population density 
logarithm of the number of cases 

Census tract 
logarithm of average house value 
percentage of population in the under 18 years of age 
cohort 



 

48 

3.3.1. A location error simulation experimental design 

By the process of address-matching geocoding, a feature with an address can be converted to a 

point on a map (Cromley and McLafferty, 2002). However, even though a feature is successfully 

converted to a point on a map, this conversion does not guarantee that the location of the feature 

is correct. Studies have investigated different approaches to improve the quality of geocoding 

results, such as the use of accurate street network data (Wu et al., 2005), manual correction with 

an efficient and effective tool (Goldberg et al., 2008), and a proper criterion to choose the ‘best’ 

match among multiple candidate locations (Goldberg and Cockburn, 2010). The quality of 

geocoding may vary by urban, rural, region, and geocoding process type (Cayo and Talbot, 

2003). Address-based geocoded points for urban areas tend to have little error, with errors 

becoming larger for suburban and rural areas (Cayo and Talbot, 2003). But some positional 

errors are not ignorable (Cayo and Talbot, 2003; Zandbergen, 2008). Dearwent et al. (2001) 

conclude that 89% of street address geocoded points are successfully georeferenced, with an 

average distance between true locations and their geocoded points of 246ft (approximately 75m). 

Zimmerman and Li (2010) report that, in their study of 9,298 residential addresses in Carroll 

County, Iowa, the mean geocoding location error is 127m, with a median of 57m. Jones et al. 

(2014) show that 6% of a set of Iowa points geocoded by address-matching have more than 

1,000m of positional error. Cayo and Talbot (2003) report that the average distance for 

geocoding error is 58m, and 90% of the errors are within 96m in urban areas for four counties in 

New York State (Albany, Rensselaer, Saratoga, and Schenectady). According to these studies, 

one would expect a majority of geocoding errors to be less than 100m. 
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Our simulation experiments are constructed with different magnitudes of locational error 

and numbers of corrupted points (i.e., sample size) without any extreme error cases. Location 

errors are chosen systematically up to 100m, using a 25m increment, with the minimum being 

10m (i.e., 10m, 25m, 50m, 75m, 100m), with sample sizes from 10% to 50%, using a 10% 

increment. The location simulation experimental design is: [1] randomly sample 10% of the BLL 

points, [2] assign 10m of location error with a random direction to the sampled points 

(constraining perturbed points to remain inside the city boundary), [3] aggregate the BLLs in a 

census unit for SAR model estimation, and [4] estimate a SAR specification for the dependent 

variables. This procedure is performed 1,000 times, and results are summarized. This simulation 

experiment was conducted for all pairs of location error (i.e., 10m, 25m, 50m, 75m, and 100m) 

and sample sizes (i.e., 10%, 20%, 30%, 40%, and 50%). 

The simulation experiment for a GLM specification employs binomial regression. The 

random location errors were prepared with the same procedure, but the dependent variable was 

prepared as the ratio of BLL measures above 5𝜇g/dL in a census unit, and estimation used 

MESF methodology. Binomial regression was estimated with the MESF method to account for 

spatial autocorrelation in GLMs. 

3.3.2. An attribute measurement error simulation experimental design 

Attribute measurement error is another critical corruption source that can produce unreliable 

outcomes in a spatial data analysis (Griffith et al., 2009). BLLs measured in a laboratory contain 

error attributable to, for example, instruments (the US Food and Drug Administration together 

with the Centers for Disease Control and Prevention warn of serious attribute measurement error 

for venous, but not finger or heel stick, blood samples during 2014-2017; US FDA, 2017). In 
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addition, the degree of inherent error is based on analytical chemistry methodology used, 

procedures, and skills of a laboratory team, even though our data are obtained from a finger 

stick, which minimizes contamination by lead from the skin surface (CDC, 2007). The maximum 

allowable attribute measurement error for a blood lead test by federal regulations is either ±4 

µg/dL or ±10%, whichever is greater (CDC, 2007). We design the attribute measurement error 

simulation based on this CDC guideline as follows: [1] sample a specific percentage of the BLLs 

to be corrupted with measurement error, beginning with 10% of the number of cases, [2] add 

measurement error to the sampled observations (the error conforms to a bell-shaped Beta 

distribution with a range of -5 to 5), and [3] aggregate and count the BLL points in a census unit, 

as in the location error simulation. The dependent variables with the errors embedded are 

analyzed with the same independent variables using a SAR and an ESF binomial regression. This 

procedure involves 1,000 replicates, and includes four more percentages of corruption (i.e., 20%, 

30%, 40%, and 50%). 

3.3.3. A combined location and attribute measurement error simulation experimental 

design 

The simulation experimental design for combined location and attribute measurement error 

parallels the preceding ones. Location error and attribute measurement error are embedded 

simultaneously in the same way as before, but here a BLL case that has added location error also 

has added measurement error. In other words, once a BLL point is sampled in the simulation 

experiment, that point is corrupted with location error and its BLL quantity is corrupted with 

measurement error. This design allows an investigation of error effects when both types of error 

are embedded together. 
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3.4. Results 

In describing simulation results, regression coefficients and their standard errors are the main 

focus. These statistics are compared with their corresponding coefficients and standard errors 

calculated with the original data regression estimation. Then, we count the number of simulation 

replicates out of 1,000 that have the coefficients and standard errors outside of their original 95% 

confidence intervals. If too many coefficients or standard errors are outside of their respective 

confidence intervals, then the added errors have propagated to the final outcomes in such a way 

that these outcomes are not reliable. In the location and combined error result sections, each plot 

represents an independent variable with error levels and counts. Solid lines and dashed lines 

describe coefficients and standard errors, and line colors from light yellow to dark red portray the 

location error distances from 10m to 100m. In the measurement error section, each plot 

represents coefficients and standard errors, because we do not have a location error component in 

that simulation experiment. The different colored lines in this section portray independent 

variables in a model. Furthermore, every figure in the results section has the following two sub-

figures: [a] census block group level results, and [b] census tract level results. 

3.4.1. Arithmetic mean BLL SAR model results 

To analyze arithmetic mean BLLs in the context of selected uncertainty sources, we utilized a 

SAR model specification in this study. The average total BLL is 7.73𝜇g/dL, and the median 

BLL is 6𝜇g/dL, with a maximum of 61𝜇g/dL. We then log-transformed the mean BLL in order 

to satisfy the normality assumption; the Shapiro-Wilk normality diagnostic test (Razali and Wah, 

2011) has a null hypothesis p-value = 0.602 for block group data, and 0.932 for census tract data, 

which implies a failure to reject the null hypothesis of normality. 
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3.4.1.1. Location error results 

Figure 3.2a portrays the location error simulation results for census block groups. Generally, 

when a larger displacement error (i.e., 100m) is introduced with a larger sample size (i.e., 50%), 

a greater number of coefficients and standard errors are outside of their original confidence 

intervals. According to these results, lambda, the spatial autocorrelation coefficient, and the 

centroid X-coordinate covariate regression coefficient have a greater number of simulation 

standard errors (dashed lines) outside of their respective 95% confidence intervals. About half of 

the standard errors are outside of the original standard error confidence interval when 50% of the 

observation have 100m of location error added. However, lambda and the X-coordinate covariate 

regression coefficient are not very different from their corresponding original error-free 

coefficients. Regression coefficients, but not standard errors, for log(population density) are 

dramatically impacted. When the maximum level of location error is added (i.e., 100m to 50% of 

the observations), 927 out of 1,000 simulation replicates are outside of their original confidence 

intervals, whereas only 84 standard errors are outside of their original confidence intervals. The 

numbers of deviant coefficients and standard errors for other covariates, % black and log(count), 

are relatively close to 0. 

Census tract level modeling results have less uncertainty than census block group results. 

Figure 3.2b represents four variable results as well as the intercept of the regression trend line, 

with only a few standard errors of lambda being outside of its confidence interval. lambda and 

the regression coefficients and standard errors of other covariates remain within their 

corresponding respective original confidence intervals with the full range of simulated error. 

This insensitivity is because of a coarser geographic resolution containing larger regions with  



 

53 

 

 

(a) Census block group results 

 

(b) Census tract results 

Figure 3.2. Location error SAR regression coefficient estimates and standard errors. (a) 
the census block group geographic resolution. (b) the census tract geographic 

resolutions. 
more BLL points, with these points having a smaller probability of crossing areal unit boundaries 

with the adding of location error.  

3.4.1.2. Attribute measurement error results 

Attribute measurement error simulation results show that their error source does not cause a 

significant deviation from the original SAR results. Figure 3.3 portrays the number of deviant  
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(a) Census block group results 

 

(b) Census tract results 

Figure 3.3. Measurement error SAR regression coefficient estimates and standard errors. (a) 
the census block group geographic resolution. (b) the census tract geographic resolutions. 

coefficients and standard errors in both census block group (3a), and census tract (3b) analyses. 

Standard errors from census block group estimation are impacted slightly more when more 

observations have measurement error; however, only the log(population density) variable 

regression coefficient exhibits any conspicuous deviations. In all census tract estimation cases, 

all estimates for the 1,000 simulation replicates are located inside of their respective 95% 

confidence intervals, even when 50% of the observations are contaminated with added 

measurement error. 

3.4.1.3. Combined location and attribute measurement error results 

Adding both location and attribute measurement error to the original data yields results that are 

very similar to the location error only simulation results (see Figure 3.4). The standard errors of 
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lambda and the X-coordinate covariate regression coefficient are impacted more than when 

location error alone in added, because of the addition of attribute measurement error. Regression 

coefficients for log(population density) also deviate more than in the location error only 

simulation results; however, % black, and log(count) have insignificant deviations for both their 

regression coefficients and standard errors. 

Standard errors for lambda from census tract data are inflated more than when only 

location error is added. When a larger proportion of observations is corrupted with the combined 

errors, standard errors are inflated more than in the location error only results. However, 

although a maximum level of combined error is added to the census tract data, most parameter 

estimates do not deviate from their corresponding true parameters. 

3.4.2. The BLL above 𝟓𝝁𝐠/𝐝𝐋 ratio ESF model results 

A binomial ESF model specification was utilized to analyze the ratio of BLL cases above 

5𝜇g/dL for the selected uncertainty sources. The average ratio of BLL cases above 5𝜇g/dL is 

0.517 for the block group aggregation, and 0.528 for the census tract aggregation. 

3.4.2.1. Location error results 

The results from binomial ESF regression have a trend similar to that for the SAR regression 

results, but with more coefficient and standard error deviations when a larger level of error is 

added. Figure 3.5 portrays location error ESF regression results for census block groups (5a) and 

census tracts (5b). For the former resolution, regression coefficients for log(population density) 

increasingly fall outside of their corresponding confidence intervals as the level of error 

increases; however, other variables’ regression coefficients are within their respective confidence 

intervals, even when a large amount of location error is added. Standard errors exhibit more  
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(a) Census block group results 

 

(b) Census tract results 

Figure 3.4. Combined error SAR regression coefficient estimates and standard errors. 
(a) the census block group geographic resolution. (b) the census tract geographic 

resolutions. 

deviation for all variables. Almost 1,000 of the standard errors for log(population density) are 

outside of their corresponding 95% confidence intervals with the addition of the maximum error  

 (i.e., 50% of the observations have 100m of location error). However, when 10m of location 

error is added, none of the coefficients and standard errors fall outside of their respective 

confidence intervals. 10m of location error does not cause a significant level of uncertainty to  
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(a) Census block group results 

 

(b) Census tract results 

Figure 3.5. Location error ESF regression coefficient estimates and standard errors. (a) 
the census block group geographic resolution. (b) the census tract geographic 

resolutions. 
propagate. For census tract results, a majority of the regression coefficients and their standard 

errors are within their corresponding confidence intervals. A small number of standard errors fall 

outside of their respective confidence intervals with the addition of larger levels of location error. 
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(a) Census block group results 

 

(b) Census tract results 

Figure 3.6. Attribute measurement error ESF regression coefficient estimates and 
standard errors. (a) the census block group geographic resolution. (b) the census tract 

geographic resolutions. 

3.4.2.2. Attribute measurement error results 

Unlike the SAR regression results with attribute measurement error, Figure 3.6 reveals that a 

larger amount of measurement error causes a significant deviation in binomial ESF regression 

coefficients. At the census block group level, coefficients are relatively stable, but standard 

errors are significantly inflated. Almost a quarter of the standard errors for log(house value) 

and % black are inflated. However, all variables’ regression coefficients and their standard errors 

induced by simulated measurement error deviate less than for simulated location error. 

Regression coefficients and standard errors for the census tract level simulations do not display a  
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(a) Census block group results 

 

(b) Census tract results 

Figure 3.7. Combined error ESF regression coefficient estimates and standard errors. (a) 
the census block group geographic resolution. (b) the census tract geographic 

resolutions. 
significant deviation.  

3.4.2.3. Combined location and attribute measurement error results 

 Figure 3.7 portrays the results when a combination of the two errors is inserted into the data. 

Their results have a trend similar to that for the location error ESF results, but regression 

coefficients deviate more by adding attribute measurement error. In the location error ESF 

simulation, almost all of the regression coefficients, even with a higher level of location error, 
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are within their corresponding confidence intervals; one exception is log(population density). 

However, the combined error results show that regression coefficients with a larger amount of 

error deviate more. Results for standard errors vary by variable, but they deviate more here than 

for the location error only simulation results. In the location error only simulations, all standard 

errors with 10m of location error (light yellow dashed lines) do not deviate substantially; but 

they do for the combined error simulations. Standard errors for % black and log(count) display 

slightly less, but not significant, deviation, and standard errors for log(population density) 

significantly deviate from their original regression values. Results for the census tract resolution 

simulations show almost the same trends exhibited by the location error simulation results, but 

with a slightly larger number of deviant regression coefficients and standard errors. 

  

(a) Census tract results (b) Census block group results 

Figure 3.8. The rates of points that are located less than 100m from their nearest census 
unit boundary. 
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 3.5. Discussion 

 The results for both the SAR model for mean BLLs and the GLM ESF model for the 

percentages of BLLs above 5𝜇g/dL appear to be robust in the presence of relatively severe but 

realistic levels of location error, attribute measurement error, and a combination of these two 

error types. A majority of simulation regression coefficients and standard errors are within their 

corresponding confidence intervals; however, a considerable number of regression coefficients 

and standard errors deviate from their no-error counterparts with the addition of error. In these 

situations, errors propagate to final model outcomes.  

Attribute measurement error does not tend to propagate to model outcomes; however, a 

combination of location and attribute measurement error produces the most deviant results. In the 

combined error simulations, the larger proportion of uncertainty is caused by location error, 

which is more severe for a finer geographic resolution. In the Syracuse study area, on average, 

the sizes of census tracts are about 2.6 times larger than those of its census block groups. Figure 

3.8 portrays a relationship between the rates of points that are closely located to a census unit 

boundary (i.e., less than 100m), which are children that could be assigned to a neighboring 

census unit due to location error. This graphic shows that smaller census units have more points 

that potentially can cross census unit boundaries for both census unit levels. The finer geographic 

resolution unit (i.e., census block group), which has higher rates of such points, is more 

vulnerable than the courser unit (i.e., census tract) when data contain locational displacements. 

The standard errors of regression coefficients are influenced more than the coefficients 

themselves, except for log(population density) in the mean BLL SAR model. Unlike the other 

variables, both coefficients, and their standard errors, of the log(population density) variable tend 
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to be more deviant with the addition of location error at the census block group resolution. This 

is because the log(population density) covariate has a low level of spatial autocorrelation. Its 

observed Moran’s I value is 0.13 (p-value = 0.003); others are: 0.45 (p-value = 0.000) for 

log(house value), 0.69 (p-value = 0.000) for % black, 0.94 (p-value = 0.000) for the X-

coordinate, and 0.39 (p-value = 0.000) for log(count). Once a point is relocated to a neighboring 

administrative unit with the addition of location error, its associated log(population density) 

variable tends to have a value different from its original areal unit value, whereas other variables 

potentially have similar values with such a displacement. 

3.6. Conclusions 

In public health data analyses, various sources of error are likely to corrupt observation values. 

Popular error types for spatial health data include location and attribute measurement error, 

which can be present simultaneously in data. This paper confirms, by summarizing simulation 

experiment results, that spatial modeling outcomes can be unreliable when uncertainties are 

present in public health observations. A better understanding of uncertainty propagation in public 

health modeling is essential to improve health data modeling and the reliability of analysis 

results. Simulation experiments summarized in this paper show how location and attribute 

measurement error propagate in spatial regression analyses. 

This research may be extended by adding and combining other error sources, such as 

sampling error (e.g., the American Community Survey data), and model specification error 

(Griffith et al., 2015). In most empirical data analyses, the more sources of uncertainty that are 

included and mixed, the more likely and pronounced the propagation of uncertainties to analysis 

results become. Other geographic resolutions of areal units, such as census blocks, zip code 
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areas, and parcels, also can be investigated, because location error behaves differently with a 

change in geographic resolution. A finer resolution could improve model accuracy as well as 

allow the incorporation of additional variables such as house age, which might serve as an index 

of lead-based paint existing in a house (the ban of use lead-based paint by the US Federal 

Government occurred in 1978). The quality of geocoding data can improve with various methods 

(e.g., Goldberg et al. 2008; Goldberg and Cockburn, 2010; Wu et al., 2005), but the use of an 

accurate reference point system, such as the global positioning system (GPS), can contribute to a 

reduction in location error. In addition, the development of a National Address Database (US 

Department of Transportation, 2017) would help identify accurate locations with street 

addresses. A relationship between location error in regression coefficients and variable spatial 

autocorrelation is another important future topic of investigation. In our research, the lower 

spatially autocorrelated variable (i.e., log(population density)) has greater locational uncertainty; 

but, the degree to which spatial autocorrelation mitigates locational uncertainty is unknown. 

Furthermore, a need exists to explore uncertainty issues for daily activity based, rather than 

residential based, data. 
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Abstract 
 
With advances in spatial data management technologies, accurate geographic information about 

individual patients increasingly has become available. Researchers should protect the privacy of 

patients, which includes their locational information, in public health data analyses. Protecting 

privacy involves a trade-off between information loss and disclosure risk. Estimation of a kernel 

density surface commonly has been used to mask confidential point locations. However, the 

literature lacks an extensive discussion of reverse transformations from a kernel density 

estimation surface to points, and evaluations of recovered points compared to their original point 

counterparts. This paper presents a method to recover relatively precise point locations from a 

kernel density estimation surface using geometric centers of clusters, and evaluates recovered 

points in terms of protecting locational privacy and maintaining locational accuracy. An 

application illustrates this method utilizing late-stage colorectal cancer points in the Pensacola 

metropolitan statistical area, Florida that examines various kernel density estimation surfaces 

with different bandwidths and cell sizes. 

 

4.1. Introduction 

In the past several decades, critical and accurate information from patients, including health 

status, vital statistics, disease registry contents, addresses, and other health record entries, has 

become increasingly available and analyzed in the public health domain (Lohr & Donaldson, 

1994), in part because of advances in data management technologies. Patient information 

accuracy is very important, because the quality of a public health analysis, such as disease 

surveillance, heavily relies on data accuracy (Verity & Nicoll, 2002). However, accurate 
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information from an individual patient faces a critical risk of privacy disclosure. Protecting 

privacy and data accuracy are contradictory goals (Mateo-Sanz et al., 2005), but researchers must 

protect patients from potential harm, and need to inform them in advance about any material 

risks resulting from research (Melton, 1990). Locational accuracy is also a critical component in 

spatial data analysis, because inaccurate or uncertain locational information may lead to an 

unreliable final conclusion (Griffith et al., 2007). 

Kernel density estimation (KDE) is a widely adopted method to produce a smoothed 

geographic surface using a kernel function that is defined by a cell size and a bandwidth that 

preserves point location privacy (Shi et al., 2009; Bailey and Gatrell 1995). However, an 

accurate recovery of point locations from a KDE surface (i.e., a reverse transformation) may 

reveal original point locations and negatively affect privacy protection. Although exact point 

location maps are occasionally presented in a data analysis that involves private point data, such 

as public health data (Cai et al., 2012) and crime events (Gerber, 2014), KDE maps often are 

utilized as an alternative to protect locational privacy without providing information about the 

kernel function involved (i.e., a cell size and a bandwidth). However, if a KDE surface is created 

with a high resolution (i.e., a small cell size and a small bandwidth), its degree of smoothing (i.e., 

locational privacy protection level) can decrease, possibly compromising the locational privacy 

of data. Although this recovery possibility is an important issue in private point data analyses, a 

reverse transformation from a KDE surface to points has not been investigated extensively in the 

literature. 

This paper investigates how to recover accurate original source point locations from KDE 

surfaces, and evaluates recovered points’ privacy protection and accuracy. First, this paper 
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presents a recovery method using geometric centers of clusters in KDE surfaces, and compares 

these results with recovered points based on empirical cumulated density as a reference. Then, 

recovered results are evaluated in terms of locational privacy protection preservation and the 

maintaining of locational accuracy; that is, whether or not result maps may reveal locational 

information, and hence fail to preserve privacy. This evaluation is conducted with combinations 

of various bandwidths and cell sizes for KDE surfaces. The proposed method and related privacy 

protection evaluations are illustrated with an application to late-stage colorectal cancer (LSCC) 

point mapping in the Pensacola, Florida (FL), metropolitan statistical area (MSA) in which 

individual cancer patient points must not be revealed. 

4.2. A literature review 

Preserving locational privacy in spatial data analyses is a requirement in many scientific research 

studies (e.g., Melton, 1990; Armstrong et al., 1999; Verity & Nicoll 2002; Kwan et al., 2004; 

Leitner & Curtis, 2006; Olson et al., 2006; Wieland et al., 2008; Hampton et al., 2010; Gerber, 

2014; Zandbergen, 2014; Groß et al., 2016), perhaps due to information confidentiality, and can 

be achieved through, for example, data management and/or representational techniques. 

Especially, public health data from individual patient records are extremely confidential, and are 

protected since the Era of Hippocrates (Moskop et al., 2005). An obligation to protect privacy is 

not only for physicians, but also for researchers who utilize such confidential data. 

Generally, two types of methods are available to preserve low-level individual point 

location confidentiality (Armstrong et al., 1999; Wieland et al., 2008; Zandbergen, 2014). The 

first is aggregating point events within a polygon areal unit (e.g., administrative boundaries), 

which needs a sizeable population in this aggregated unit to protect data privacy, but not 
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necessarily in order to protect point location privacy. Given a sufficient minimal number of 

cases, aggregation of all data within a geographic boundary (i.e., city, county, MSA, or state) can 

preserve location confidentiality within such aggregated units, while maintaining spatial 

variation across them. Although aggregation is simple and protects spatial privacy well with 

large population areal units, it limits methodologies for spatial data analysis (Armstrong et al., 

1999), and, moreover, decreases spatial data analysis accuracy. It may completely remove 

detailed locational information of point events, protecting privacy of locations well, but it is 

likely to fail to maintain locational accuracy. Individual point coordinates in two-dimensional 

space (i.e., x- and y-coordinates) are reduced to one-dimensional space (i.e., an areal unit 

identification) by aggregation. Although locational privacy protection and spatial data accuracy 

of individual points depend on the size of areal units, locational information is totally unavailable 

within a unit’s boundary. 

The second privacy preserving method is point masking, which includes an affine 

transformation, random perturbation, uni- or bi-modal Gaussian displacement, and donut 

masking (Zandbergen, 2014). These adjustments move an original point location elsewhere to 

avoid revealing its exact location. An affine transformation changes a point location by using 

translation, a scale change, and/or rotation. Translation moves a point by adding a displacement 

constant to its x- and y-coordinates, scale change adds a scaling constant that can alter distances 

between points, and rotation moves a point by a fixed angle (Armstrong et al., 1999). Random 

perturbation preserves locational privacy by adding a certain amount of random noise to 

locational coordinates. It adds a randomly determined distance with a random direction to a 

point, and the shape of a distance distribution is modifiable by considering characteristics of a 



 

73 

region, such as population density (Armstrong et al., 1999). Uni-modal Gaussian displacement 

uses a Gaussian distribution, whereas bi-modal Gaussian displacement utilizes a bi-modal 

Gaussian distribution, for the random distance function with a random direction to displace 

points (Zandbergen, 2014). Donut geomasking is an advanced method that, unlike applying an 

affine transformation or random perturbation, employs minimum and maximum displacement 

distances from original points, with these distances being calculated using underlying population 

densities. In other words, points in high population density areas are moved a shorter distance, 

whereas in low population density areas they are moved a longer distance (Hampton et al., 

2010). Overall, these point masking methods may protect locational privacy if the displacement 

methods are well organized and designed. However, an artificial displacement of points can lead 

to unreliable analysis outcomes (Griffith et al., 2007), and positional error caused by such 

displacements may propagate to the results of a spatial analysis (Biljecki et al., 2017). 

KDE has been adopted widely in spatial data analysis, such as finding spatial clusters 

(Cai et al., 2012; Xie and Yan 2013), predicting spatial phenomena (Gerber, 2014), and 

visualizing spatial events (Krisp et al., 2013). This method also has been used to smooth spatial 

data to protect locational privacy (Kwan et al., 2004). A KDE method is preferred, because it 

does not dislocate exact point locations, and, hence, it tends to maintain spatial accuracy better 

than aggregating point methods or point masking methods. However, KDE results largely 

depend upon a cell size and a bandwidth (Kwan et al., 2004; Leitner and Curtis, 2006; Shi et al., 

2009), whose selection has an impact on how well an estimated surface protects locational 

privacy and/or maintains the locational accuracy of data. Ideally, a reader should not be aware of 

an exact point location on a map with a successful preservation of locational privacy, but should 
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be able to recognize the true pattern of points in order to maintain locational accuracy for a data 

analysis. In order to assess how well a KDE surface protects locational privacy or maintains 

locational accuracy, studies directly compare original KDE surfaces with KDE surfaces 

generated using different bandwidths and/or cell sizes (Shi et al., 2009; Kwan et al., 2004; 

Leitner and Curtis 2006), rather than comparing original points and recovered points from 

different KDE surfaces. A direct comparison between those two sets of points would provide a 

more informative assessment for evaluating a suitable reverse KDE transformation technique. 

However, recovering point locations from a KDE surface has not been extensively investigated. 

4.3. Data and methods 

Monitoring of the data employed in the study summarized here was by both the Florida 

Department of Health and The University of Texas at Dallas Institutional Review Boards. 

Devised spatial analysis methods presented here are extensions of standard KDE techniques. 

4.3.1 Data 

The study summarized in this paper utilized LSCC points in the Pensacola, FL, MSA, which 

comprises 98 census tracts and 269 census block groups9. Initially, 587 individual cancer case 

points in a 5-year period from 2006 to 2010 were obtained from the Florida Cancer Data System 

operated by the Florida Department of Health. Because these data are highly confidential, their 

exact point locations should not be revealed to the public or appear in a form allowing point 

locations to be accurately identified. Some cancer cases were excluded from these data during 

data cleaning. Excluded cases are either [1] cases geocoded with incomplete addresses (i.e., ZIP 

                                                

9 Two census tracts and two census block groups along the MSA’s coastline have zero population recorded for the 2010 
decennial census, and thus were excluded from analyses. 
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Code only, 24 cases), [2] cases in census tracts with 0 population reported in the 2000 and 2010 

decennial censuses (5 cases), or [3] cases of the same patient at the same location (26 cases). The 

final dataset has 532 individual cancer cases. Figure 4.1 portrays the census tract and census 

block group boundaries in the MSA, and a KDE surface with a 500m cell size and a 5,000m 

bandwidth to show a geographical distribution of the LSCC points in the MSA. High-density 

regions coincide with urban areas, including the City of Pensacola and its neighboring cities at 

the center of the map, and the City of Milton in the northeast part of the Pensacola MSA. Given  

 

Figure 4.1. The Pensacola, FL, MSA with census tract and census block group 
boundaries, and a KDE surface constructed with individual LSCC point locations 

(note: the KDE surface is generated with a 500m cell size and a 5,000m bandwidth). 
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this map with a large bandwidth and a large cell size, exact individual point locations are not 

recognizable by visual inspection. However, maps with a small bandwidth and cell size can 

increase the chance of original point locations being recoverable. 

4.3.2 Methods 

To recover (i.e., reverse KDE transform) point locations from a KDE surface, a geometric center 

based recovery method was developed. This method is compared with a cumulative density 

based recovery method. Geometric center based recovery focuses on finding the geometric 

polygon centers of clusters of large KDE values, and then locating points on those centers, 

whereas cumulative density based recovery allocates points to KDE surface cells by matching 

randomly drawn numbers from a uniform distribution with an empirical cumulative density of 

the given KDE surface. Both methods assume that the number of total cancer points, n, is known 

(or given). 

The geometric center based recovery method utilizes contour lines of a KDE surface, 

polygon centerlines, and KDE surface cell values. In detail, contour lines are generated from a 

normalized kernel surface, and then are converted to polygons. Next, their geometric center 

locations are identified. A center location can be a point for which a polygon has a circle shape 

(or a shape close to a circle). This circular pattern often can occur when only a single original 

point exists in an isolated region (see Figure 4.2a). In contrast, a center location can be a polyline 

that basically is a skeleton of a polygon, which can be created using Voronoi tessellations from 

the vertices of the polygon (Ogniewicz & Ilg, 1992). The detailed steps for constructing such a 

skeleton are as follows: 
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(1) Normalize kernel density cell values (i.e., the total sum equals 1) in the entire study 

region. 

(2) Create contour lines along with 0 cell values, and then convert contour lines to 

polygons. 

(3) Calculate the total sum of cell values within all contour polygons, and then divide by 

the number of cancer points (n) in the given study area. 

- This value (called a unit sum) is an approximate value for the sum of cell values 

in a contour polygon that contains 1 cancer point (a unit polygon). 

- Furthermore, a unit sum can be used to determine how many points are located 

within each individual contour polygon (np). That is, dividing the sum of cell 

values within a contour polygon (a poly_sum) by its unit sum gives np. 

(4) Allocate points for each contour polygon. 

- If a polygon is a unit polygon, assign a point to the centroid of this polygon. 

- If a polygon is not a unit polygon (i.e., multiple points are in a polygon). 

i. Calculate np for this polygon. 

ii. Generate its skeleton polyline. 

iii. Get the vertices of this skeleton polyline (a vertex_skeleton) and the KDE 

cell values at their corresponding locations. 

iv. Find the vertex in the vertex_skeleton that has the largest cell value, and 

then create a buffered circle (its radius is ½ of the width of its unit 

polygon). 
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v. Calculate the number of points to be allocated in the buffered circle (np_buf) 

based on the poly_sum of this buffered circle. 

vi. Get the vertices from the vertex_skeleton that are in this buffered circle (a 

vertex_buf). 

vii. Locate np_buf points at the locations of the vertices with the np_buf largest 

KDE values. Then, remove the vertex_buf from the vertex_skeleton. 

viii. Repeat these steps until no vertex remains in the vertex_skeleton. 

ix. Compare the number of selected vertices and the number of points 

allocated in step i. 

§ If a larger number of points than np is located, remove points at 

vertices that are the farthest from the original points. 

§ If a smaller number of points than np is located, duplicate selected 

vertices to make the numbers the same. 

Figure 4.2 portrays unit polygon(s), and demonstrates some important steps in this 

procedure with multiple points in a polygon. Figure 4.2a shows some possible unit polygons in 

the given study area, and Figure 4.2b illustrates one unit polygon with its original point, as well 

as the centroid of the polygon, which becomes a recovered point of this unit polygon. For this 

demonstration, with multiple points in a polygon, Figure 4.2c presents a generated centerline 

(black lines), and the vertices (purple dots) of this centerline. The np for this particular polygon is  
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17, which is the same as the number of original points in this polygon. Next, this procedure 

creates a buffered circle from the vertex on the largest KDE cell value. This buffered circle and 

vertex are represented in red in Figure 4.2d. The number of original points in the buffer is 2, 

  
(a) Some possible unit polygons (b) A unit polygon 

  
(c) A complicated polygon with multiple 

points to be allocated 
(d) The first vertex with the largest KDE 

value, and its buffer 

  
(e) The second vertex with the second largest 
KDE value, its buffer, and recovered points 

(f) The final result of recovered points 
together with the original points in the 

selected polygon 
 

Figure 4.2. Unit polygon(s) and an illustration of geometric center based recovery. 
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which is identical to np_buf for this buffered circle. Once the number of vertices is selected within 

a given buffer, the other vertices in that buffer are removed from the vertex_skeleton, and 

consideration turns to the vertex with the second largest KDE cell value (see Figure 4.2e). When 

the number of vertices within a buffer is smaller than the calculated number of allocated points 

within that buffer, multiple points are located at the selected vertices’ locations. Figure 4.2f 

shows the final result of allocating 17 points for the selected polygon. 

This paper summarizes a comparison of the performance of the proposed method with a 

cumulative density based approach, which can serve as a reference. Execution of this approach 

involves the following four steps. First, it creates empirical cumulative density cell values (i.e., 

they sum to 1) by scaling the cell values with their total sum. Second, it draws a random number 

from a continuous uniform distribution over the interval [0, 1]. Third, it locates a point at the 

centroid of a cell whose empirical cumulative density value matches the uniform random number 

drawn. Finally, this method repeats this procedure until all n points are located. Because this 

recovery method involves a random component, average values are used here from 1,000 

simulation experiment replications. 

The performance of these two recovery methods is evaluated with various KDE surfaces 

generated using combinations of four different cell sizes (i.e., 50m, 100m, 300m, and 500m), and 

five different bandwidth distances (i.e., 2, 4, 6, 8, and 10 times of the cell sizes). The recovered 

point locations yielded by each recovery method are evaluated in terms of (1) protecting 

locational privacy, and (2) maintaining locational accuracy. With regard to protecting locational 

privacy, the evaluation uses calculated average nearest distances between original point locations 

and recovered point locations. Because no direct link exists to the original individual points, 
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pairing an original point and a recovered point is decided by nearest distance. In addition, the 

numbers of recovered points that coincide with original point locations within 50m (i.e., the 

smallest cell size) are reported. This measure may show how well original point locations are 

recovered given the raster structured (i.e., cell size). With regard to maintaining locational 

accuracy, this evaluation uses recovered points in conjunction with census tract boundaries and 

census block group boundaries. The percentages of census units are examined that have the same 

number of cancer points for both the original and recovered point locations. Furthermore, 

correlation coefficients of cancer rates between the two sets of point locations are examined. The 

total population of the census tracts and census block groups were used to calculate cancer rates. 

4.4. Results 

This section summarizes features of recovered points by the geometric center and the cumulative 

density based recovery methods. Only KDE maps with a coarse resolution (e.g., 500m cell size 

and 5,000m bandwidth) are provided, because of locational privacy and confidentiality concerns. 

Some detailed small scale point location maps void of any geographic reference information are 

generated for undisclosed areas of the Pensacola, FL, MSA for illustrative purposes. 

4.4.1 Point location recovery 

Figure 4.3 portrays coarse resolution KDE surfaces (500m for the cell size and 5,000m for the 

bandwidth) for both recovery methods that preserve the confidentiality of the true cancer point 

locations. The general correspondence between the KDE map constructed with the original 

points (i.e., Figure 4.1) and the KDE maps constructed with recovered points (i.e., Figures 4.3a 

and 3b) materializes as a common pattern at a coarse geographic resolution. Figures 4.3a and 

4.3b also are similar, but points recovered by the geometric center based method tend to be more 
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concentrated around the major urban areas in the Pensacola MSA than points recovered by the 

cumulative density based method. This difference is because geometric center based recovery 

provides smaller target areas than cumulative density based recovery for the allocation of 

recovered points: fewer polygon centerlines vertices are available in a KDE surface with a large 

cell size and a large bandwidth. 

  

(a) Geometric center based recovery (b) Cumulative density based recovery 
 

Figure 4.3. KDE surfaces constructed with recovered points from the two recovery 
methods. 

Figure 4.4 shows results from geometric center based recovery in a sub-area in the 

Pensacola, FL, MSA. Its specific location is not disclosed for confidentiality reasons. The green 

dots denote original cancer points, and the yellow-to-red dots denote points recovered by the 

method using small-to-large bandwidths (i.e., 2, 4, 6, 8, and 10 times a cell size). The KDE cell 

values in Figures 4.4a through 4d are generated by each cell size coupled with the largest 

bandwidth (i.e., 10 times the cell size), and are represented by the following grey scale: white 

denotes low density, whereas black denotes high density. The sub-area originally contains four 
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individual cancer points (green dots). Although the largest bandwidth (i.e., 10 times the cell size, 

or 500m) is utilized for the KDE surface, the finest resolution (i.e., a 50m cell size) result (i.e., 

Figure 4.4a) shows that recovered points are very close to original points. This outcome occurs 

because the configuration of KDE arising from a small cell size and a small bandwidth produces 

more unit polygons, allowing easy allocation of points to their centroids. The result with a 100m 

cell size (Figure 4.4b) shows that recovered points are close to original points with a smaller 

bandwidth (i.e., 2, 4, and 6 times the cell size), but not a larger bandwidth (i.e., 8 and 10 times  

  
(a) Partial results from the 50m-by-50m cell 

size KDE 
(b) Partial results from the 100m-by-100m 

cell size KDE 

  
(c) Partial results from the 300m-by-300m 

cell size KDE 
(d) Partial results from the 500m-by-500m 

cell size KDE 
 

Figure 4.4. Original and recovered points by geometric center based recovery in an 
undisclosed region of the Pensacola, FL, MSA. (Note: The base KDE surfaces in each Figure 

are based upon the largest bandwidth result.) 
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 the cell size). The number of unit polygons decreases as the bandwidth increases. In addition, a 

polygon centerline may not pass through original point locations, and the vertices of a polygon 

centerline can be located away from original point locations. Recovered points are farther from 

original points with a larger cell size and a larger bandwidth. Figures 4.4c and 4d show results 

for 300m and 500m cell sizes; even the recovered points using a small bandwidth are not close to 

original points, particularly when compared with results portrayed in Figures 4.4a and 4.4b. 

When cell sizes and bandwidths are large, contour polygons tend to be adjacent to each other, 

and merge together with neighboring contour polygons, and buffers to allocate recovered points 

in the procedure become large. Therefore, for a KDE surface with a course resolution (see Figure 

4.3a), highly accurate point location recovery is not achieved. 

Figure 4.5 shows recovered points by the cumulative density based method for the same 

undisclosed area in the Pensacola, FL, MSA used for Figures 4.4. In these figures, the green dots 

denote original cancer points, and the yellow-to-red dots denote the points recovered by the 

method using smaller-to-large bandwidths, just as in Figure 4.4. Figure 4.5a portrays results for 

the finest resolution KDE (a 50m cell size). In this simulation experiment, this method allocates 

four recovered points in the sub-area with a 100m bandwidth (yellow dots), with two points 

being allocated around the original cancer point in the top left-hand corner. No point is allocated 

close to the cancer point in the right-hand side of the figure. By increasing the bandwidth, 

recovered cancer points are either close to or far from the original cancer points. This outcome 

can happen because points are allocated by comparing KDE cell values and random numbers 

from a continuous uniform distribution without considering a cell’s location. Otherwise, multiple 

points can appear around an original cancer point. Figure 4.5d shows results for the coarsest 
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resolution KDE in the same sub-area for a 500m cell size. Recovered points are farther from the 

original points than their counterparts in Figure 4.4a. This recovery with a coarser resolution 

KDE leads to more ambiguous results, because the closest cell centroid already is away from an 

original point, and each cell covers a larger area than cells in a finer resolution KDE. Figures 

4.5b and 4.5c (i.e., intermediate resolutions) portray intermediate patterns between the extreme 

cases portrayed in Figures 4.5a and 4.5d. 

 

  
(a) Partial results from the 50m-by-50m 

cell size KDE 
(b) Partial results from the 100m-by-100m 

cell size KDE 

  
(c) Partial results from the 300m-by-300m 

cell size KDE 
(d) Partial results from the 500m-by-500m 

cell size KDE 
 

Figure 4.5. Original and recovered points from the cumulative density based recovery 
method in an undisclosed sub-area within the Pensacola, FL, MSA. (Note: The base 

KDE surfaces in each Figure are based on the largest bandwidth result.) 
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4.4.2 Locational privacy protection, and spatial accuracy evaluation 

In this section, recovered points are evaluated in terms of locational privacy protection using 

nearest distances between original points and recovered points, and the number of recovered 

points in a 50m (i.e., the smallest cell size) radius of original points. Spatial accuracy is evaluated 

by percentages of units having the same number of original and recovered points, and cancer rate 

correlations between the number of original cancer points and recovered points within 

administrative boundaries (i.e., census tracts and census block groups). 

Figure 4.6 portrays the locational privacy protection results. These results include the 

average nearest distances between original LSCC points and recovered points (i.e., Figure 4.6a), 

and the number of recovered points within 50m to ascertain if the recovered points can 

potentially compromise privacy (i.e., Figure 4.6b). Points recovered by the geometric center 

based method are located very close to original points when using a small cell size and a small 

bandwidth (the red line in Figure 4.6a). For the KDE surface with a 50m cell size and a 100m 

bandwidth, which is the finest KDE in the experimental design, the method successfully recovers 

points with an average displacement of 11.83m from original points. This cell size is smaller 

than a usual parcel size, and has a high risk of compromising privacy through location 

disclosure. When a KDE surface is generated with a large cell size and a large bandwidth, the 

number of recovered points that have a greater chance of revealing the location of original points 

dramatically decreases. The average nearest distance between recovered and original points is 

2,336.79m for the coarsest resolution KDE surface. 

Regarding the number of original points within a 50m radius, large numbers indicate that 

more recovered points are close to original points. In Figure 4.6b, almost all the recovered points 
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(529 out of 532 points) from the finest KDE surface (i.e., a 50m cell size and a 100m bandwidth) 

are located within 50m of original LSCC points. This outcome may suggest that a KDE surface 

with a fine configuration has a high location disclosure risk (i.e., a privacy violation). The 

number of recovered points that potentially reveals the exact original point locations decreases as 

cell size and bandwidth increase. For the KDE surface with a 500m cell size and a 5,000m 

bandwidth, only three points are within 50m of original points. This outcome may indicate that 

locational privacy is protected much better with a large kernel size, but potentially fails to 

maintain locational accuracy. 

However, points recovered by the cumulative density based recovery method do not 

compromise locational privacy as much as points recovered by the geometric center based 

method. The nearest distances, and the number of recovered points within 50m of an original 

point, are averages across the 1,000 simulation results. All average nearest distances are between 

2,000m and 3,000m (see the blue line in Figure 4.6a). The smallest average distance, 2,208.44m, 

is obtained with the finest KDE configuration, a 50m cell size and a 100m bandwidth. As a 

reference, the size of the Pensacola, FL, MSA is approximately 80km-by-80km. However, the 

combination of a larger cell size, and a larger bandwidth does not make a sizeable difference in 

the average nearest point pairing distance. In Figure 4.6b, the number of recovered points within 

50m of original LSCC points for this method also shows that recovered points do not 

compromise locational privacy. When a KDE surface is generated with a large cell size and a 

large bandwidth, the number of recovered points that have a greater chance of revealing the 

location of original points dramatically decreases. The number of recovered points within 50m of 

original points is 207 in the KDE surface with a 50m cell size and a 100m bandwidth. However, 



 

88 

only three occur with a 500m cell size and a 5,000m bandwidth, because a KDE surface 

constructed with a larger cell size and bandwidth has candidate cells that already are farther from 

original points, and has more cells that can be considered candidate cells. 

 

  
(a) Nearest distances between original 

points and recovered points 
(b) The number of recovered points 

within 50m of original points 
 

Figure 4.6. Locational privacy protection evaluations for recovered points. 

Figure 4.7 illustrates the accuracy of recovered points using percentages of units having 

the same number of original and recovered points within their administrative boundaries, and 

cancer rate correlations between the numbers of original cancer points and recovered points. 

Figure 4.7 portrays similar results for locational privacy protection (i.e., Figure 4.6); that is, more 

accurate results are observed with a small cell size and a small bandwidth, because privacy 

protection and locational accuracy are contradictory goals. In Figure 4.7a, the percentage of 

administration units having the same number of original and recovered points for both recovery 

methods within census tract (dashed lines) and census block group (solid lines) boundaries 
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decreases with an increase in cell size and bandwidth. Results for the census block group level 

have larger percentages than for the census tract level, because more census block groups have 

zero cancer points, and hence this procedure does not allocate points to them. However, 

percentages for the geometric center based method with a 50m cell size and a 100m bandwidth 

(85.02% for census block groups, and 75.00% for census tracts) are smaller than those for a 

200m bandwidth (86.52% for block groups, and 76.04% for census tracts). One reason for this 

outcome is that when points are located very close to an administration boundary, recovered 

points can be assigned to the opposite side of that boundary. That is, points can be allocated to a 

neighboring administrative unit even for a KDE with a fine resolution. The best accuracy rate 

from the cumulative density based method results is 19.65% for census tracts, and 37.88% for 

census block groups, which are considerably different quantities. This outcome is partially due to 

the number of units also having zero cancer points in their boundaries. The number of census 

block groups with zero cancer points is 46, and KDE surface cell values in these block groups 

are almost zero. Because this method excludes zero-value-cells from the set of selection 

candidates, these block groups still have zero counts in the simulation results. In contrast, only 

one census tract has no original cancer point. 

Figure 4.7b portrays correlations between cancer rates calculated with original cancer 

points and cancer rates calculated with recovered cancer points for specified administrative units. 

These cancer rate correlation coefficients gradually decrease as cell size and bandwidth increase. 

These correlations are close to 1 for a KDE with a small cell size and a small bandwidth, but 

become even negative with a large cell size and a large bandwidth for the census block group 

level. Results from the cumulative density based recovery method have a similar pattern. 



 

90 

Recovered points with a 50m cell size and a 100m bandwidth lead to the largest correlation, 

0.69, for both census tract and census block group results. However, recovered points generated 

by a 500m cell size and a 5,000m bandwidth produce the lowest correlation, 0.09, for census 

tract results, and 0.22 for census block groups. Correlation coefficients tend to decrease as cell 

size and bandwidth increase. 

  
(a) The same number of points (b) Cancer ratio correlation 

 
Figure 4.7. Spatial accuracy evaluations for recovered points. 

4.5. Summary and Conclusions 

This paper presents a geometric center based method to recover original point locations from a 

KDE surface, and compares its performance with results from a cumulative density based 

recovery method. The geometric center based method locates points on the centerlines (or center 

point) of contour polygons generated from a KDE surface, and accounts for geometric 

characteristics of polygons, whereas the cumulative density based recovery method uses an 

empirical cumulative density function constructed for a KDE surface. 
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The analysis results show that the geometric center based recovery method tends to 

outperform the cumulative density based recovery method in terms of recovering original point 

locations, especially when a cell size and a bandwidth are small. That is, when KDE surfaces are 

generated with a small cell size and bandwidth, more unit polygons are more likely to appear in a 

KDE surface, especially for rare point events. The centroid location of a unit polygon is very 

close to the corresponding original point location. This method also can recover points in a 

polygon containing multiple original points with a high degree of accuracy, as can be seen in 

Figures 4.2c through 4.2f. For a fine resolution KDE surface, protecting locational privacy may 

not be achievable in all situations, because exact point locations can be disclosed with the 

geometric center based recovery method. For example, the average nearest distance between 

observed and recovered points, 11.83m, for the geometric center based method, when employed 

with a KDE constructed with the finest resolution, can reveal a patient’s location with reasonable 

accuracy, because 11.83m is smaller than a usual parcel size. However, as a KDE cell size and/or 

bandwidth increases (i.e., a courser resolution), results from the geometric center based method 

get worse in terms of locational accuracy, and become consistent with ones rendered by the 

cumulative density based recovery method. 

Results reported here also confirm that a cell size and a bandwidth size are key factors in 

protecting locational privacy and simultaneously maintaining locational accuracy. In the analysis 

with LSCC points from 2006 to 2010 in the Pensacola, FL, MSA, KDE smoothing with a 300m 

cell size and a 600m bandwidth appears to be a map generalization that maintains reasonable 

locational accuracy while simultaneously protecting locational privacy well. The recovered 

points for this particular KDE surface have a 0.80 cancer rate correlation for the block group 
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level, and 0.79 for the census tract level, between original and recovered points, but only 8.08% 

(43 out of 532 points) of the recovered points are within 50m of original points. The average 

nearest distance between these point pairings is 301.13m, which is accurate enough but difficult 

to pinpoint exact LSCC case locations via the KDE surface. These results also suggest that a cell 

size and a bandwidth to smooth a point pattern should be selected carefully in order to ensure an 

appropriate level of data protection and locational accuracy for a given application and/or 

researcher, because the geometric center based recovery method successfully and reasonably 

recovers point locations. From the perspective of creating a KDE, this automated method could 

be utilized to determine an appropriate KDE to construct a surface with a necessary or prescribed 

level of locational privacy protection and accuracy. 

The study summarized here has some limitations. Results from both recovery methods 

are based on only the Pensacola, FL, MSA, as well as a rare cancer type, LSCC. Different study 

areas and point patterns may yield different results. A sparser point distribution that is a 

combination of a larger study area with a smaller number of points may allow more accurate 

recovery of point locations, because more unit polygons might occur in that situation. In contrast, 

a denser point distribution with a smaller study area and a larger number of points may result in 

the opposite situation. Similarly, a different point pattern may render different results, even when 

the study area and the number of point events are the same. The LSCC data utilized in this study 

are a rare event. Rarer events can have more unit polygons, and fewer original points in a 

polygon, which significantly alters point recovery results. These issues are fertile topics for 

future research. 
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CHAPTER 5 

CONCLUSIONS 

These three papers constituting this dissertation address modeling uncertainties in spatial data 

analysis. The first paper confirms that locational uncertainty in georeferenced data may 

propagate to the results of a spatial data analysis. Similarly, the second paper introduces another 

important source of uncertainty, namely measurement error, to spatial regression, and reveals 

that locational uncertainty dominates measurement uncertainty in pediatric blood lead level data 

analyses for Syracuse, NY. The last paper develops a reverse transformation method to uncover 

point locations from a kernel density estimation surface. This method successfully uncovers 

point locations for finer resolution density surfaces.  

This series of research projects about spatial uncertainty contributes new insights for 

spatial data analysis. Uncertainty, including location error in spatial data analysis, is often 

overlooked, or even ignored. Data always involve uncertainties, even though georeferenced data 

accuracy has been greatly improved with advances in geographic information technology. The 

first two studies show that the presence of locational uncertainty in spatial data cannot be 

ignored. These studies, which utilized different datasets (i.e., a Florida cancer dataset, and a 

Syracuse, NY, pediatric blood lead level dataset), and different methods [i.e., ANOVA, Tukey’s 

pairwise mean differences test, a simultaneous autoregressive model, and a Moran eigenvector 

spatial filtering (MESF) model], corroborate that locational uncertainty can propagate to 

outcomes, and, in turn, these outcomes are likely to be unreliable.  

However, locational uncertainty propagation behaves differently with different 

geographical units. In the first paper, the uncertainty propagations in a multiple comparison 
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analysis (i.e., Tukey’s test) for combined variables (i.e., income and urban hierarchy level), 

differing across the three urban hierarchical level metropolitan statistical areas (MSAs; e.g., 

world class, nationally prominent, and regionally dominant urban places) in Florida. The world 

class (i.e., the Miami MSA) has more severe locational uncertainty propagation. The location 

error embedded points in the Miami MSA have a greater chance to across boundaries, because of 

the small sizes of the administrative units in that MSA. Similarly, in the second paper, the 

propagation is more severe at the finer (i.e., the census block group level) than the courser (i.e., 

the census tract level) geographic resolution, because more points can be displaced to 

neighboring spatial units with a finer spatial resolution. 

The second paper shows that locational uncertainty propagation has a more severe impact 

on statistical outcomes than does measurement error propagation. Georeferenced data involve 

not only locational uncertainty, but also other types of uncertainties, such as measurement 

uncertainty. In the second paper, locational and measurement uncertainties are investigated 

separately and together. Both maximum and realistically allowable amounts of location and 

measurement error were randomly added to data during conducted simulation experiments. 

According to the results, location error in these simulated data propagates to outcomes, seriously 

compromising them, whereas measurement error fails to severely influence these outcomes. 

Spatial autocorrelation latent in georeferenced data contributes to uncertainty propagation 

in spatial data analysis. The first paper compares spatial and aspatial models, and concludes that 

employing MESF models to account for spatial autocorrelation yields results that differ from 

those obtained with aspatial models. Variables in neighborhood regions do not tend to be similar 

to each other in MESF models. A point that crosses a boundary in MESF model may change the 
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regression outcome more than it would for an aspatial model. Locational uncertainty may be 

very critical in spatial models. In the second paper, the uncertainty propagation of regression 

coefficients and their standard errors varies with their variables’ spatial autocorrelation levels. 

Especially, when a variable [i.e., log(population density)] has a low spatial autocorrelation level, 

which means values are not very similar to those in their neighborhood regions, the regression 

coefficients and their standard errors of locational uncertainty embedded models deviate more 

from their counterparts for the corresponding error-free models. 

The third paper contributes to the literature of spatial data confidentiality. Public health 

data are often prohibited from revealing patients’ information, including their locations. 

However, it is difficult to select a level of resolution for a density surface to maintain spatial 

accuracy while not violating an individual’s privacy. This paper develops a geometric center 

based recovery method to retrieve original point locations from a kernel density surface, 

providing guidelines for selecting a proper resolution for constructing a kernel density surface. 

Recovered points by this geometric center based method are highly accurate at a fine spatial 

resolution. The point location recovering procedure resembles how a human visually recovers 

point locations from a density surface. This procedure first considers the geometric shape of a 

surface. Then, the density of each location in that surface is used, together with how many points 

are going to be allocated. Finally, this procedure allocates points on centerlines of the realized 

geometric shape based on their densities. Comparing the recovered and original point locations 

may assist in selecting an appropriate level of spatial resolution for confidential data.  

Delimitations of this dissertation include a limited design for artificial locational 

uncertainty in simulation experiments, and employing limited types of models for spatial and 
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aspatial data analysis. The magnitudes of artificially generated uncertainties for location errors 

are designed within a realistic range. Location error associated with a georeferenced feature can 

be over 100m (Zimmerman and Li, 2010; Jones et al., 2014); however, the simulation 

experiments limit the error to 100m. With an advanced GPS and geocoding technology, having 

location error over 100m for a georeference feature is quite rare (Cayo and Talbot, 2003). This 

dissertation mainly utilizes MESF for spatialized data analyses to account for latent spatial 

autocorrelation in georeferenced data. MESF captures spatial autocorrelation components in a 

mean response rather than a variance term. It enables a simplicity in the presence of spatial 

autocorrelation, such as applying traditional statistics to a spatial model. Other spatial and 

aspatial models, such as the simultaneous autoregressive model, are applied for comparison 

purposes.  

These three studies have some limitations, and, hence, they suggest needed future 

research. First, the presented results rely on particular datasets. Other datasets that have different 

point patterns (i.e., points are close to/away from boundaries, or points are dense/sparse), 

different covariates for inclusion in a spatial regression, and different areal units and their 

boundaries, may render different results. Because findings reported in these three investigations 

are data driven, generalization of reported uncertainty research results needs further 

investigation. Second, artificial amounts of locational uncertainty used here are realistically 

determined based on GPS and geocoding accuracy within the United States (U.S.) street address 

system. However, other countries that do not have a U.S. like street address system (e.g., Japan) 

may need to explore other degrees of locational uncertainty. Other types of point data are useful 

to replicate methods utilized in this dissertation. Each point dataset has different point patterns, 



 

100 

different numbers of points within a study area (i.e., different point densities), and different point 

generation processes. Investigating finer or coarser resolution areal units also would be useful. 

These three dissertation studies mainly use census tracts and census block groups for their 

geographical units. Census blocks, zipcodes, counties, or other units merit investigation to 

further demonstrate and evaluate the ideas contained in this dissertation.  
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