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ABSTRACT 

REGIONAL CANCER CLUSTERS ACROSS NORTHERN EUROPE: A 

GEOGRAPHIC ANALYSIS USING SHIFT SHARE, SPATIAL 

AUTOCORRELATION, AND MULTIPLE REGRESSION 

Michael Sanchez       

George Mason University, 2016 

Thesis Director: Dr. Timothy Leslie 

 

There is perhaps no disease in the modern era as geographically ubiquitous as cancer. It 

proliferates across borders and ecosystems to every corner of the planet. Despite the 

universal proliferation of the disease, there is some geographic variability in the type of 

cancer that spreads. Liver cancer, for example, has a low rate of incidence in the United 

States, but is one of the highest incidence cancers in parts of the developing world such 

as Southeast Asia (Singh 2015). In this thesis, I examine the possibility of commonalities 

or even clusters of cancer incidence across borders using the statistical methods of 

Moran’s I and Getis Ord Gi*. At the same time, I introduce a new application of shift 

share analysis to breakdown cancer incidence. Additionally, regression analysis 

illustrates the shifting relationship of increased cancer incidence, and socio-

behavioral/healthcare variables. Regions of Denmark, Southern Sweden, and Wales were 

found to be central to several high incidence clusters including melanoma and bladder 
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cancer. Unsurprisingly, regions closer to the artic (ie: those in northern Scandinavia) 

formed clusters of low incidence for Melanoma due to lower sunlight exposure. The 

application of shift share analysis to cancer incidence yielded a variety of noteworthy 

results such as a gender disparity in the average increase of cancer between men (1.55%) 

and women (6.35%). Finally, a gender disparity was also revealed for pancreatic cancer 

in which disease and alcohol consumption was shown to be significantly correlated with 

high incidence in men but not in women.  
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INTRODUCTION 

There are few chronic diseases in the modern era that are as widespread or fear-

provoking as cancer. Despite advances in treatment, many still view a cancer diagnosis as 

a death sentence, especially with more aggressive cancers where survival rates are 

particularly low, such as pancreatic or lung cancer (Cancer Research UK 2014a). The 

World Health Organization has defined cancer as a general term for a large collection of 

diseases which can impact any portion of the body (“WHO | Cancer” 2015). The 

immense variety of cancers that exist, coupled with the unconfined and global nature of 

the disease, make the construction of patterns and relationships difficult. In 2012, there 

were over 14 million people diagnosed with cancer worldwide (International Agency for 

Research on Cancer 2013), which is a greater number than the population of 

Pennsylvania (United States Census Bureau 2013). Variations in cancer tumor types also 

makes treatment of the disease unpredictable at times, which has proven to be a catalyst 

for further research into the commonalities of malignant tumors in an effort to better 

predict treatment results (Ciriello et al. 2013). While science has considerably advanced 

our understanding of how cancer operates, studies regarding the epidemiology of cancer 

and its propagation across the globe remain in need of further research and development. 

Cancer is considered an important public health issue, as high cancer rates within a 

society impact its productivity, economy, and quality of life (C-Change 2016). This thesis 
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seeks to better understand cancer incidence across Northern Europe through spatial 

autocorrelation, decompose the incidence rate with shift-share analysis, and examine 

potential relationships with multiple regression analysis.  

The uncertainty of cancer epidemiology has prompted scientific research into 

genetic and environmental factors, as well as a public concern over the possible existence 

of clusters of cancer (Parry 2015; Bilancia and Fedespina 2009). The Centers for Disease 

Control (CDC) defines a cancer cluster as: “a greater-than-expected number of cancer 

cases that occurs within a group of people in a geographic area over a period of time.” 

Cancer clusters may exist when individuals in an area have been diagnosed with cancer 

of similar or identical forms (Health 2013). Clusters of cancer at a regional level may be 

indicative of particular cultural activities, environmental exposures, governmental 

policies, or other possible connections across areas. The descriptive techniques 

undertaken in this research will fulfill a need for better understanding of cancer incidence 

clusters.  

Cancer clusters have, at times, been intertwined with the idea of cancer-causing 

variables which have later been debunked or in need of further study (Wertheimer and 

Leeper 1979; World Health Organization 2014). This confusion is manifested because of 

the lack of a singular causal variable of cancer; thus prompting the public to create false 

correlations between cancer incidences and poorly-understood scientific factors, such as 

cell phones and power lines. It is important to note that some of the research done on the 

subject has taken place not with the intent of finding a cluster, but rather to alleviate the 

fears of the region being investigated (Stewart 2012). Public fears regarding the origins of 
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cancer and the possibility of cancer clusters are understandable, given the complexity and 

aggressiveness of the disease. While some environmental variables have been shown to 

be unrelated to cancer, some other variables have received extensive study and can be 

viewed as credible causal variables that do increase cancer risk and incidence; I refer to 

these variables as carcinogens (Mosby 2009). Examples of verified human carcinogens 

include: alcoholic beverages, plutonium, tobacco, and coal tars (American Cancer 

Society 2014b). Although carcinogens are able to account for increased cancer incidence 

rates where they are present, the question of accounting for increased incidence in areas 

without carcinogens is still an issue.  

 Cancer epidemiology, especially the kind dealing with causal factors, has been the 

subject of intense research for many years. Research has been undertaken involving 

dietary considerations (Kyro et al. 2012), environmental and ecological factors (Augustin 

and Zejda 1991), access to healthcare (Kingsley and Bandolin 2010), and a variety of 

other issues that may contribute to cancer incidence across the world. Some of the 

research done in relation to cancer origins has involved the examination of factors that 

are geographically representative, such as culture (diet), location (environment), and 

economic status (access to healthcare). The utility of medical geography is its unique 

ability to represent these themes in a visual manner in which similarities, differences, and 

anomalies can be easily seen and investigated in more detail. This thesis seeks to 

contribute to that research by employing a variety of spatial techniques and methods to 

create disease maps through which cancer incidence clusters can be identified and 

visualized. The identification of cancer clusters allows for further analysis to be 
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conducted accounting for the effects of other factors on cancer incidence, as well as being 

able to decompose the change across time. A shift-share analysis is utilized to decompose 

the change in cancer rates across time and attempts to account for a variety of 

components present. Subsequently, a regression is applied to the resulting local share 

values to determine possible considerations in unexplained cancer incidence 

growth/decline. Maps illustrating cancer incidence across the study region will delineate 

differences between the cluster groups identified by the various methods utilized.  
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REVIEW OF LITERATURE 

The epidemiology of cancer has challenged doctors and scholars for years, and 

many of the causal factors in cancer incidence remain elusive. The urgency to discover 

the causes of cancer has evoked investigation into environmental factors (Reeves et al. 

2012), potential risk factors (Parkin 2011), carcinogens (De Matteis et al. 2012), and 

genetics (Rausch et al. 2012). Much of the urgency revolves around the often-poor 

prognosis for certain cancers, such as pancreatic cancer (ST 2007), and the high 

frequency of other cancers, such as lung and breast cancer (World Cancer Research Fund 

International 2013). In all cases, the ability to accurately diagnose cancer quickly and 

early has a strong correlation with positive treatment outcome, survivability, and 

prevention (Cancer Research UK 2014a; N. Lee et al. 2014). This has resulted in an 

increase of early screening programs, self-exams, and other early detection methods. 

However, the early detection methods utilized for certain cancers can be painful or off-

putting, and some cancers, such as brain and ovarian cancer, are often not detected until 

the later stages (Harvard Health Letter 2013). Therefore, wide support exists for any 

advantages in being able to better accurately detect cancer risks or environmental features 

that could result in cancer.  
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Government Health Policies 
The creation and amendment of public health policy is one of the most effective 

tools policymakers possess to reduce cancer incidence within a society. Some examples 

of public health legislation that can impact cancer incidence include: regulating the sale 

of tobacco and alcohol, public health screenings, Medicare/national insurance coverage, 

and the banning of harmful chemicals from food/industry (Dent 2015; Cuomo 2016; FDA 

2016). The impact that public health policies can have on a society should not be 

understated and can often times have long-lasting effects when dealing with harmful 

toxins and agents. DDT (dichlorodiphenyltrichloroethane), an agricultural insecticide 

used widely across Europe and in the United States until its ban in 1972, is still being 

linked to new incidences of breast cancer 40 years after being banned (Konkel 2015; US 

EPA 2015). Despite DDT’s well established link to cancer, some sub-Saharan countries 

continue to use the chemical as an anti-malaria agent, a move criticized by other public 

health officials (Cone 2009).  

NHS England (National Health Service England) refers to the national healthcare 

system available across England for all citizens. The public health decisions made 

regarding NHS coverage of cancer screening, procedures, and preventative drugs all have 

an impact on the incidence of cancer in a population and the overall health of a 

population. As an example, in June 2010, the United Kingdom (UK) National Screening 

Committee (NSC) announced that it would not encourage men to participate in Prostate-

Specific Antigen (PSA) testing due to the potential of false positive results. This is a 

controversial move since, while false positives are an issue for PSA tests, they remain the 

most reliable method for early prostate cancer detection, with many other symptoms 
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appearing in the later stages of the disease (National Cancer Institute 2012). In recent 

news, the UK NSC has announced its plans to distribute bowel cancer home testing kits 

to all men and women aged 60 to 74 every two years (UK Department of Health 2016). 

This is an important move aimed at improving the early detection of bowel cancer, as it 

remains the second deadliest cancer in the UK. In both cases, government support and 

policy are a significant factor in cancer incidence and prevention.   

Similar institutions in other European countries have also enacted legislation 

aimed at reducing cancer incidence rates and improving early detection. Healthcare 

policy across Europe can vary substantially between countries and impacts benefits, 

coverage, pre-emptive care, and financing between the varying healthcare systems 

(Thomson, Foubister, and Mossialos 2009). The German legislature on April 9, 2013 

passed a new law for the increased development of cancer screening and state-level 

cancer registry programs. The law, titled, Krebsfrüherkennungs- und -

registergesetz (KFRG) not only provides citizens with easier access to screening, but also 

allows for easier and more in-depth data collection (Gauck 2013). In 2007, the Danish 

parliament (Folketing) passed a bill limiting smoking areas inside buildings, schools, 

public transportation, and other areas with the aim of reducing smoking in the country 

and improving the health and wellbeing of the general population (Smoke-free 

Environments Act 2007). While there exists a wide array of research regarding the health 

risks of smoking, some countries still find it difficult to enforce comprehensive anti-

smoking legislation. The Netherlands, for example, remains slow to implement warning 

label images on cigarette packs and curb tobacco advertising (Ryan 2016). The country 



8 

 

actually rolled back some of its anti-tobacco legislation between 2010 and 2013, 

reflecting the argument between public health and individual freedoms (Ryan 2016).  

Cancer Incidence Screening Procedures 
Cancer screening refers to the practice of examining an individual for cancer or 

cancer-causing issues before the onset of symptoms (National Cancer Institute 2014a). 

Cancer screening takes many forms, depending largely on the type of cancer. Breast 

cancer, for example, is most readily screened for using a mammogram, a self-exam, or an 

exam performed by a physician (Centers for Disease Control 2014a). Mammograms are 

X-rays used by physicians to detect small-sized calcifications within the breast that may 

lead to cancer. These calcifications are so microscopic that they cannot be felt (National 

Cancer Institute 2014b). Despite the proven usefulness of mammograms, there remains 

an abundance of controversy regarding their benefits versus their potential negative 

impacts (National Cancer Institute 2014b; Schonberg, Silliman, and Marcantonio 2009). 

While a mammogram may cause patients to endure only a slight amount of discomfort, 

this is not true of all cancer screenings.  

In comparison to mammograms, a Digital Rectal Exam, commonly known as a 

prostate exam, was the standard screening method for prostate cancer (Centers for 

Disease Control 2014b). This is generally considered a painful and uncomfortable 

method of cancer screening. Both the discomfort of the exam and its tendency to 

predominantly detect more advanced forms of prostate cancer encouraged medical 

professionals to adopt PSA testing as a method of screening for prostate cancer (Hoffman 

2011; O’Shaughnessy, Konety, and Warlick 2010). PSA testing is conducted using a 
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specimen of blood through which the PSA level present is measured and used as a 

determinant for further examination (i.e., a biopsy) (Hoffman 2011; National Cancer 

Institute 2012). While this screening method is certainly less invasive than the traditional 

prostate exam, its efficacy has been questioned, especially in light of its tendency to 

generate false positive results (Gramling 2003). On the grounds of the issues mentioned 

above regarding cancer screening, it is important that patients and physicians be critical 

in selecting patients for cancer screening. 

False positive results from screening tests are a major confidence issue in current 

cancer screening processes since they can often lead to patients undergoing invasive tests 

(usually a biopsy) to confirm the screening; in addition, there are negative side effects 

from the screening itself (Brawley 2012). Despite these costs, screening is still 

recommended to individuals (Volerman and Cifu 2014), but more detailed information 

about patients, such as environmental exposure, genetic background, or lifestyle, can lead 

to the prioritization of candidates for follow-up screening. As an example, a patient with 

exposure to a known carcinogen such as tobacco would be a more appropriate candidate 

for lung cancer screening. However, there are some cancers without any viable methods 

for early detection or screening; these screenings can prove very useful but at the same 

time very invasive, and candidates for these screenings must be selected after careful 

study (Poruk, Firpo, and Mulvihill 2014). Pancreatic cancer, being one of the most deadly 

cancers, is often times undiagnosed until symptoms are present, and the likelihood of 

survival is relatively low. Screening for pancreatic cancer has proven exceedingly 

difficult due to a variety of factors including location of the tumor; endoscopic 
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ultrasound, a highly invasive method, has been utilized as the best screening tool (Poruk, 

Firpo, and Mulvihill 2014).  

Cancer Cost and Accessibility of Healthcare 
Early cancer detection and incidence discovery is also impacted by economic 

status and access to healthcare. Accessibility is so important that the UK’s NHS has 

created a ‘how-to’ guide for General Practitioners (GP) to improve access and meet the 

needs of large populations by ensuring that they are able to be seen by a GP in a timely 

manner (NHS Practice Management Network 2009). Additionally, patients are less likely 

to visit GPs if their income does not allow for them to cover potentially expensive tests or 

treatments. In 2010, the average initial treatment and care cost for a male with brain 

cancer was $115,250, and $108,168 for a female; excluding continuing care costs 

(National Cancer Institute 2010). An industry of cancer-specific health insurance has 

actually formed around the idea of covering exorbitant cancer treatment costs (Colonial 

Life 2014; HumanaOne 2014). Certain cancer medications, in addition to the treatment, 

can cost upwards of $100,000. Given this information, there remains a strong fear that a 

diagnosis, or even the screening, is something that people cannot afford (Crane 2014; 

Huaman et al. 2011).  

 Despite the exorbitant costs associated with some cancer diagnoses, many 

northern European countries have constructed healthcare systems based on regular visits 

to GPs and an emphasis on preventative care and timely treatment (“Swedish Healthcare: 

All You Need to Know” 2013). Visits to a GP can dramatically reduce the likelihood of a 

later stage cancer diagnosis that can occur when individuals ignore symptoms or feel it is 
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not practical to see a doctor given accessibility issues (McAvoy 2007). The critical roles 

performed by GPs in maintaining early screening programs for cancer, especially with 

regard to vulnerable populations (Munro et al. 2014), is directly predicated upon patients 

visiting their GP and having the cancer screening tests administered. Accessibility to 

healthcare and GPs in countries such as Denmark is paramount, because it is the first step 

in being able to access more particular kinds of medical care that may be needed (Hansen 

et al. 2011; Pedersen, Andersen, and Sondergaard 2012). It is interesting to note that 

while an increase in availability to GPs can help to prevent cancer incidence through 

health monitoring within areas, it is equally true that those areas can achieve a higher 

incidence rate due to a higher detection rate of cancer. Additionally, the effectiveness of 

preventative care can largely depend on the type of cancer. Patients diagnosed with 

difficult to detect cancers, such as brain and pancreatic cancer, may not have greatly 

benefited from regular visits to a GP prior to their diagnosis as these cancers are difficult 

to diagnose until later stages, when symptoms become more pronounced (American 

Cancer Society 2016a; American Cancer Society 2016b). 

Cancer Clusters 
The idea of the existence of cancer clusters is riddled with speculation, fear, and 

uncertainty. Much of the fear regarding cancer clusters stems from the belief by 

individuals that proximity to some geographical location or variable can increase chances 

to contract the disease (ABC International: Films for the Humanities & Sciences (Firm) 

2007). This belief is usually formed by the observation of a larger than normal amount of 

cancer cases within an area. This, however, is a very vague baseline with which to 
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determine the existence of a cluster from a scientific or legal perspective. In the 1998 

court case LETH- VS-IBM, former IBM employees claimed that IBM intentionally 

withheld information about the carcinogenous nature of the chemicals they were exposed 

to when creating computer hardware components; they asserted that these chemicals led 

to the creation of a cancer cluster among the employees (Nelson 2004; Novak 2003; 

LETH -VS-IBM CORP 2004). Teams in these environments had rare cancer rates as high 

as 80% and based their case largely on a mortality report kept by IBM that, when 

examined, showed a statistical increase in the mortality rate of employees from cancer 

over time; this report, however, was not permitted as evidence in the case (Leung 2003; 

Nelson 2004). The court’s decision not to admit the mortality report, and its subsequent 

decision in favor of IBM, illustrate that the existence of cancer clusters often can require 

more than simply an above average incidence rate. By contrast, other instances of high 

cancer incidence can be considered clusters and provoke significant response. The 

Toowang headquarters of the Australian Broadcasting Company (ABC) in Brisbane, 

Australia, was closed by ABC in 2006 due to the existence of a suspected breast cancer 

cluster within the building (ABC International: Films for the Humanities & Sciences 

(Firm) 2007). An investigation of the building could not find a reason to suspect or 

explain a cancer cluster; yet the substantial incidence rate of breast cancer among female 

employees was enough to prompt the closure (Armstrong 2014). These are just two 

examples of the significant amount of debate in the public and medical communities as to 

what constitutes a true cancer cluster.  
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 While the general public finds it difficult to believe in the random chance aspect 

of multiple cases of cancer occurring, many in the scientific community favor this belief 

when no underlying cause for the incidence can be found (Siegrist, Cvetkovich, and 

Gutscher 2001). The idea of random chance in cancer clusters is largely supported by 

how commonplace cancer can be, how much variation is involved in cancer types, and 

how much the causes for these variations can diverge from one another (Benowitz 2008). 

The argument in favor of random chance is also supported by the nature of cancer 

incidence identification (Thun and Sinks 2004). Family history (genetics) and 

environmental factors play a crucial role in the identification of cancer; these factors can 

affect individuals’ chances to contract cancer long before they come into a particular area 

(Abrams et al. 2013). While family history is relatively easy to investigate, in most cases, 

exposure to environmental factors is significantly more difficult. Due to the increased 

facility of movement throughout the world, it is not uncommon for individuals to live in 

multiple locations throughout their lifetime, or to live in one location and work a notable 

distance away (Abrams et al. 2013). As a result of this increase in movement, 

environmental exposure becomes almost impossible to track. Thusly, the random chance 

that some individuals, who were exposed to completely different cancer causing 

environmental factors, could gather in one location is plausible.  

Perhaps the best criteria available to determine what makes a cluster a cluster are 

the CDC/Council of State and Territorial Epidemiologists guidelines for investigating 

cancer clusters, which are meant to provide a process for the evaluation of cancer clusters 

(Abrams et al. 2013). These guidelines are meant to provide both rigid scientific criteria 



14 

 

to evaluate cluster causes and address public concerns over local suspected cancer 

clusters, many of which have been discussed previously. The CDC first considers clusters 

after receiving a field report of a potential anomalous situation. The decision on whether 

to follow up on a report is largely left to the discretion of the investigating team, rather 

than determined using a predetermined threshold. Teams are motivated on the likelihood 

of finding an etiological cause for the cancer, along with other factors that contribute to 

their decision (Abrams et al. 2013). Once a decision to investigate has been reached, 

long-term observation (often for a period of years) is conducted. While some areas do 

indicate significantly higher incidence rates of cancer, follow-up epidemiological 

research rarely finds a relationship between the increased rate of cancer and 

environmental factors (Abrams et al. 2013). Although the guidelines proposed by the 

CDC help to provide a formal method for the identification of clusters, there is still 

considerable room for improvement.  

Environmental Risk Factors 
Risk factors that can contribute to cancer incidence are divided between 

environmental, behavioral, and genetic factors. For the purposes of this thesis, 

environmental factors that can be considered as unique to an individual are treated as 

behavioral risk factors. Environmental risk factors are perhaps the least well understood 

of these three types, primarily due to public misinformation. Environmental risk factors 

are often at the forefront of localized cancer clusters, many of these risk factors now 

classified as carcinogens, such as asbestos, vinyl chloride monomer, and diethylstilbestrol 

(Aldrich and Sinks 2002; Fraser 2012). In some instances, environmental risk factors, 
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such as power lines and asbestos, are speculated to cause cancer clusters in surrounding 

areas (Boffetta and Nyberg 2003). While some environmental factors have certainly been 

proven to have an influence on cancer incidence, how substantial that impact has been is 

under debate (Gough 2001). Some environmental carcinogens, such as air pollution and 

infected water (Boffetta and Nyberg 2003) are very well known due to their 

commonplace nature in society, while others, such as radium, are less familiar. 

Misattributions do occur in this literature, and claims of carcinogens from power lines, 

cell phones, and artificial sweeteners have proven insolvent with research over time 

(Boice and Tarone 2011; Hoover and Hartge 1982; Wertheimer and Leeper 1979).  

Behavioral Risk Factors 
In addition to the identification of environmental risk factors, there has also been 

significant investigation into behavioral risk factors. Behavioral risk factors are the most 

commonly understood risk factors for cancer because of their common application to 

everyday life. Behavioral risk factors are generally considered risk factors for cancer that 

are due to lifestyle choices. Common behavioral risk factors for cancer include diet, 

physical fitness, tobacco, and alcohol (Soloway 2005). Perhaps the most significant risk 

factor that has emerged from research is age (G. Johnson 2010; University of Colorado 

Denver 2012). Studies have concluded that elevated cancer risk is intensely correlated to 

older age. This is true for the majority of cancers, although there are certain cancers 

which do target larger numbers of younger individuals and smaller numbers of older 

individuals. The effect of behavioral risk factors on cancer clusters is established and well 

known, especially when discussing common topics, such as obesity and tobacco use. It is 
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important to note that environmental factors and behavioral factors do not form exactly 

the same relationship with cancer clusters. That is to say, while behavioral factors can be 

the cause of cancer clusters, they are viewed rather as independent contributors to cancer 

risk (Nieder et al. 2009). Behavior cancer “clusters” may form in areas with heavy 

tobacco users or a large percentage of obesity. 

Genetic Risk Factors 
  The relationship between genetics and cancer is one that is still being examined 

by the scientific community yet holds great potential for both the treatment and screening 

of cancer (Gibbon 2014). Genetics, in some cases, may hold the key to detecting 

biomarkers which cause the growth of tumors leading to cancer. One of these biomarkers 

are PSAs, which are tested to detect for prostate cancer (Couzin-Frankel 2010). The 

genetic risk factor familial pancreatic cancer (FPC) dramatically increases pancreatic 

cancer risk provided the patient meets the FPC criteria (Hart et al. 2012). In addition, the 

BRCA1 and BRCA2 genes are suspected to cause the hereditary form of breast cancer in 

some women (W. H. Lee and Boyer 2001). There is still much to be discovered about the 

role of genetics in cancer prevention and early detection and its role with regard to low 

socio-economic status families remains to be studied in great detail (Beattie et al. 2013). 

The connection between cancer clusters and genetic risk factors is not well defined. 

Interesting studies have been conducted regarding the predisposition of families towards 

cancer within a given area (Teerlink et al. 2012), but that relationship remains in need of 

further research and study. While there is evidence to support the idea of familial cancer 

clusters—cancers that occur within a family at a higher rate than is to be expected 
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(National Cancer Institute 2006)—these differ from the traditional definition of cancer 

clusters since they are unique to the family as opposed to a geographic area. The most 

evident and encompassing method for illustrating cancer clusters from a geographic 

perspective is with a disease map.   

Disease/Cancer Mapping 
  The concept of disease mapping refers to the identification and visual illustration 

of a disease, such as tuberculosis or Ebola, within an environment (Lawson and Williams 

2001). This is not to be confused with the concept of genetic mapping, which refers to the 

investigation of life processes and genetics that relate to attributes shaped by inheritance, 

including disease (Altshuler, Daly, and Lander 2008). Visualization and analysis through 

maps offers the ability to display quantitative and qualitative data, evaluate the spread 

and intensity of disease, and help to provide for more informed medical decisions and 

policies (Hay et al. 2013). The mapping of diseases like cancer can help link their 

incidence to environmental factors also present within areas, proves useful in 

epidemiological research, and informs policy (Elebead, Hamid, and Hilmi 2012). In 

addition to the visualization benefits of mapping disease, there has also been a significant 

amount of research into the utility of spatial statistics to disease epidemiology (Jackson, 

Huang, and Tiwari 2010).  

 The utility of spatial statistics is largely rooted in its ability to describe 

relationships between disease and environmental phenomena (Bhowmick et al. 2008). 

One of the most utilized and descriptive aspects of spatial statistics is spatial 

autocorrelation, which is defined simply as an evaluation of how clustered or dispersed a 
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set of variables and their numerical values are across an area (ESRI 2014). The most 

well-known and documented case of disease incidence clustering was the 1854 Broad 

Street Cholera outbreak, whose cause was discovered by the English 

physician/epidemiologist John Snow to be a bacteria-infested water pump in one of the 

poorer areas of London (S. Johnson 2007). Snow was able to discover the source of the 

outbreak after mapping the known cholera cases within the city and examining their 

relationship to other nearby variables, such as water sources (i.e., water pumps and 

sewage systems) and observing a clustering of incidences around a certain water pump 

(Snow 1855). In this way, the belief in a relationship between disease and environment 

was strengthened, and that perceived relationship has carried over to include diseases 

such as cancer. Connections between cancer and the environment have been investigated 

across the globe in multiple situations including Lymphomas in Africa and adult T-cell 

leukemia in Japan (Day 1984). Modern epidemiological research has expanded to include 

a host of other environmental factors that may contribute to disease, including pesticides, 

minerals, chemical exposure, and others that have been previously mentioned (Boffetta 

2004; Fabbrocini et al. 2010; Tanner 2010).  

 As research in modern epidemiology has evolved in order attempt to identify the 

relationship between disease and more distinctive environmental features, the techniques 

that are used to identify these relationships have also evolved. Spatial autocorrelation 

indices have been utilized for a variety of clustering studies to determine the existence of 

clusters within an area or around a particular environmental feature (Bilancia and 

Fedespina 2009; Highfield 2013; McLaughlin and Boscoe 2007; Mohebbi et al. 2008; Ori 
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Eitan et al. 2010). Spatial autocorrelation enables researchers to recognize clustering 

based on a variety of circumstances, such as distance, adjacency, or even a customized 

relationship (ESRI 2014). This is useful since clusters can exist in a variety of 

relationships, especially in irregular studies, such as international relations (Zhukov and 

Stewart 2013) or disease. Two of the most useful statistics when examining cluster 

relationships are Moran’s I and Getis Ord Gi*. 

Global Moran’s I is a measure of spatial autocorrelation that focuses on the 

overall amount of spatial autocorrelation within an area, while Local Moran’s I provides 

a more detailed level of clustering within a certain area of the study region (Anselin 

1995; Moran 1948; Musakwa and Niekerk 2014). This is done by evaluating not only the 

intensity of a feature within various areas but also establishing clear relationships 

between the areas, such as adjacency or distance, thereby defining the parameters with 

which to determine clustered relationships (Hanson and Wieczorek 2002). The Moran’s I 

statistic in disease mapping has been utilized to address: cancer clusters around air 

pollution/industrial areas (Ori Eitan et al. 2010), Identifying health care hot spots (Tsai et 

al. 2009), regional variation in cancer screening (Vogt, Siegel, and Sundmacher 2014), 

and identifying clusters of cutaneous melanoma in Sao Paulo (Amancio and Costa 

Nascimento 2014). In addition, variations of the Moran’s I statistic have been created in 

order to better address the specificity of disease modelling and account for the unique 

aspects of disease (Jackson, Huang, and Tiwari 2010; Lin and Zhang 2007).  

 The Getis Ord Gi* statistic is another measure of spatial autocorrelation that deals 

with the identification of statistically significant hot spots/clusters within an area (Getis 
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and Ord 1992). Conversely, the statistic is also able to identify clusters of cold spots with 

inordinately low values. Getis Ord Gi* is conducted by comparing the value of an area 

and its neighboring areas to the entire area as a whole, thereby identifying areas with 

considerably different values (Getis and Ord 1992). A spatial weights matrix is utilized in 

Getis Ord Gi* statistic as it is in the Moran’s I statistic. The Getis Ord Gi* statistic has 

been used in various epidemiological studies, including the control of dengue fever 

(Khormi and Kumar 2012), spatial distribution of HIV in Tijuana, Mexico (Brouwer et al. 

2012), and the modeling of Malaria treatment in Bangladesh (Haque et al. 2012). The 

ability for Getis Ord Gi* to identify clusters in various regions enables geographers to 

examine areas of particularly high incidence of cancer for commonalities. 

Research Opportunity 
The concept of cancer clusters has been heavily investigated, yet there still 

remains much debate over the methods used to evaluate the existence of clusters and of 

cancer epidemiology as a whole. There is an opportunity for research in this field from a 

geographic perspective. The most obvious and ambitious medical research opportunities 

are in the field of cancer causing genetics. This is due to the belief that cancer is the result 

of modified genes and that an identification of these genes can hold the key to early 

detection and prevention; the sheer diversity and complexity of cancers make this a 

daunting issue in the medical community (Bunz 2008). Behind the genetic attributes of 

cancers is another facet of uncertainty in cancer epidemiology, finding a cause for the 

occurrence of clusters. Despite the fact that a majority of publically reported cancer 

clusters are debunked, there still remain between 5% – 15% of instances in which areas 
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feature a higher than normal incidence rate for which no environmental/ecological cause 

can be found; these instances are typically determined to be a chance occurrence (Thun 

and Sinks 2004). While it is certainly true that chance is a plausible answer in certain 

instances (Robinson 2002), it is only when epidemiological studies are unable to found a 

reliable cause that chance is given as a possible rationale to explain the high incidence 

occurrence (Thun and Sinks 2004). The opportunity for further exploration into the 

relationship between cancer and the environment would help alleviate many of the 

ambivalent or unresolved studies of cancer clusters.   
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METHODOLOGY 

In order to further our understanding of the geography of cancer, I propose to 

answer four interrelated research questions: 

RQ1: Do any regions exhibit any significantly high occurrences of particular kinds of 

cancer? Are all cancers equally likely to create clusters regardless of the region? 

RQ2: Do the results of spatial statistics help us to create more accurate and detailed 

visual representations of potential cancer clusters? What variation in clustering is seen 

between these spatial methods? 

RQ3: How can we describe the change in cancer incidence rates over time? How much 

of the change within a region can be explained by trends? What changes cannot be 

explained by normal trends? 

RQ4: What variables may contribute to a region’s likelihood of particular cancers? Has 

the impact of these variables been consistent through all the years of the study? 

Visualization of Clusters 

Perhaps the most useful tool the geographer possesses in cancer research is the 

ability to create highly detailed maps that illustrate variance within the research area. The 

utility of mapping technology in relation to disease illustration offers several benefits. It 
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clearly depicts all populations in a medium that is specific, concise, and graphically 

pleasing, and it allows for health data to be identified and combined with geographically 

consistent areas with relative ease (Koch and Denike 2001). The mapping of disease is 

neither a nuanced concept nor a heavily explored one with regards to cancer. Disease 

mapping has occurred in the past and, with new technologies that have emerged in recent 

years, there are many new medical studies using maps and mapping techniques/analyses, 

including drug resistant tuberculosis (Manjourides et al. 2013), and disease risk clusters 

(Anderson, Lee, and Dean 2013). Yet, despite an increased interest in the health 

geography field, there remains contention debate over the reliability of mapping 

techniques on disease clustering (Assuncao 2012). 

The thesis utilizes Spatial Autocorrelation for the analysis of clusters within 

Northern Europe, particularly, Moran’s I and Getis-Ord Gi* techniques. Spatial 

autocorrelation is an evaluation of the extent to which a group of spatial features and their 

corresponding values tend to be grouped together or apart (ESRI Developer Network 

2015; Dormann et al. 2007; Griffith 2013). In keeping with Tobler’s first law of 

geography that "[e]verything is related to everything else, but near things are more 

related than distant things." (Tobler 1970), this research utilizes spatial autocorrelation to 

investigate the kind of relationships that exist between cancer incidence rates across 

various regions. In the field of health geography, Al-Ahmadi & Al-Zahrani have 

successfully used descriptive spatial statistics, such as Moran’s I to examine cancer 

incidence within Saudi Arabia and identify clusters within the study area (Al-Ahmadi and 

Al-Zahrani 2013). This is especially useful when determining disease clusters, however, 



24 

 

there are several important criteria which can alter the results of spatial correlation 

analysis significantly, such as spatial scale (Pardanani and Mather 2004). The values for 

the results of spatial autocorrelation range between -1, perfect negative correlation, and 

+1, perfect positive correlation, with each result describing a relationship between the 

data points. A perfect negative correlation would signify a dispersion relationship, a 

positive correlation would signify a clustered relationship, and a value of 0 would signify 

a randomization of data points (no relationship). The formula below expresses the Global 

Moran’s I (Al-Ahmadi and Al-Zahrani 2013) for the purpose of this thesis research.  

 

Equation 1 Global Moran's I 

𝐼 =  
𝑛 ∑ ∑ 𝑊𝑖𝑗(𝑋𝑖 − �̅�)(𝑋𝑗 −  𝑋)𝑗𝑖

∑ ∑ 𝑊𝑖𝑗 ∑ (𝑋𝑖 −  𝑋)2
𝑖𝑗𝑖

 

Where:  

 𝑋𝑖 = the incidence rate of cancer for the ith region 

 𝑋  = the mean incidence rate of cancer for all of the regions in the study area 

 𝑋𝑗  = the incidence rate of cancer for the jth region 

 𝑊𝑖𝑗  = a weight parameter for the pair of regions i and j that represent proximity 

 n  = the number of regions 
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Proper use of Moran’s I and Getis Ord Gi* largely depends upon how neighbors 

are defined through the spatial weights matrix, 𝑊𝑖𝑗. Relationships between neighbors can 

be defined through a variety of methods, including adjacency and distance, which are the 

most commonly used (Lin and Zhang 2007; Lorant et al. 2001; M Pinto Pereira et al. 

2009; Sanchez et al. 2005; Zhang and Lin 2008). The method by which neighbors are 

identified in this thesis is particularly sensitive due to the ubiquitous nature of cancer as a 

disease. Since cancer is unconstrained by borders and propagates globally, it is 

challenging to assign a fixed distance for neighbors to a cluster. In addition, the disease is 

not transmitted through direct contact and is not contagious from person to person 

(American Cancer Society 2013). It is for these reasons that a multifaceted approach must 

be used when defining neighbor relationships in regards to cancer. This thesis will apply 

the spatial weights matrices of distance, K-nearest neighbor (4- and 6-), and adjacency. 

These matrices will provide several comparative results regarding the cancer 

relationships between regions. By examining the various relationships between regions, 

under different weights, a more nuanced understanding of the relationships will be 

shown. 

In contrast to the Global Moran’s I statistic, the Local Moran’s I is used in this 

research to identify the existence of smaller/more localized levels of incidence clustering 

in the study area and how they contribute to the overall Global Moran’s I statistic. Local 

Moran’s I functions through the use of a class of Local Indicators of Spatial Association 

(LISA) which are used to describe the influence of each instance to the Global Moran’s I 

statistic (Anselin 1995). LISA statistics are found using several descriptive qualifications. 
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Firstly, the LISA statistic for each instance should provide a measure of the range of 

notable clusters surrounding that instance; secondly, the aggregation of the LISAs for all 

observation should be comparable to the Global Moran’s I (Anselin 1995). The 𝑊𝑖𝑗 

relationships between regions are also defined by adjacency, as they are in Global 

Moran’s I. The utility of this statistic in this research is its ability to discover cancer 

clusters at the local level that may not be apparent within the global Moran’s I statistic. 

The formula for the Local Moran’s I (Al-Ahmadi and Al-Zahrani 2013; Moran 1948) is 

used in this research is shown below: 

 

Equation 2 Local Moran's I 

𝐼𝑖 =  
(𝑋𝑖 −  �̅�) ∑ 𝑊𝑖𝑗(𝑋𝑗 −  �̅�)𝑗

𝑆2
 

Where: 

 Xi = the incidence rate of cancer for the ith region 

 X = the mean incidence rate of cancer for the region in the study area 

 Xj = the incidence rate for the jth region 

 Wij = a weight parameter for the pair of regions i and j that represent proximity 

and 

 S = the standard deviation of the incidence rate of cancer in the study area 
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The local Moran analysis will be conducted on European Age-Standardized Rates 

(EASR) of cancer incidence across the study area. 

 A Getis Ord Gi* analysis will be conducted alongside Moran’s I to provide an 

additional method for local cluster/hot spot detection based on spatial autocorrelation. 

The formula for Getis Ord Gi* is listed below: 

 

Equation 3 Getis Ord Gi* 

𝐺𝑖
∗ =  

∑ 𝑤𝑖,𝑗𝑥𝑗 − �̅� ∑ 𝑤𝑖,𝑗
𝑛
𝑗=1

𝑛
𝑗=1

𝑆√[𝑛 ∑ 𝑤𝑖,𝑗
2 − (∑ 𝑤𝑖,𝑗

𝑛
𝑗=1 )𝑛

𝑗=1

2
]

𝑛 − 1

 

 

Getis Ord Gi*, originally developed by Arthur Getis and J. K. Ord, is used to detect the 

presence of high or low clusters of geographic features, cancer in the case of this thesis, 

within a given area (Getis and Ord 1992). Getis Ord Gi*, while also a measure of spatial 

autocorrelation, is functionally different from Local Moran’s I. Getis Ord focuses on the 

strength of hot spots and cold spots, while Moran quantifies both negative and positive 

spatial autocorrelation. These differences may lead to some regions being identified as 

hot spots for one statistic and not for the other statistic. The utilization of both methods 

allows for additional interpretation of cancer cluster behavior and spread across areas.  

  The statistic calculates both a Z score and p-value for each unique polygon/point 
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present, with the Z-score representing the hot or cold clustering within the feature. A 

higher Z-score value suggests a more intense hot spot clustering of a given feature. 

Similarly, the lower a Z-score value, the more intense the cold spot clustering of a given 

feature. Z-scores are representative of the feature’s standard deviation from the mean 

(Ebdon 1985). Only those Z-scores which are identified as being statistically significant 

(p-value ≥ 0.05) will be included in the final results.  

Decomposing Changes in Cancer Rates 
 In addition to using Spatial Autocorrelation, this research attempts to use a 

modified version of the shift share method to examine changes in cancer across regions 

over a time period. Specifically, observing the change in incidence rates in one region 

and comparing how those rates changed over time compared to the general change trend 

among all combined regions. The primary goal of our use of the shift share method is to 

decompose the changes occurring across the study area, not as a tool of cancer growth or 

development across an area. The shift share method has largely been used in the 

economic sector relating to industry growth, employment, and a host of other topics 

related to the economy (Leslie and Christopher 2014; Mehregan, Asgary, and Rezaei 

2012). While the primary usage of the shift share analysis method has been in the 

economic realm, it has also been used in research projects outside of the economic sector, 

including topics such as fertility, population composition, and brand performance 

(Franklin 2012; Franklin and Plane 2004; Yandle 1978). The shift share method has 

traditionally been composed of three primary aspects: the national growth effect, the 

industry mix effect, and the local share effect (Leigh and Blankely 2013). This research 
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uses those very same aspects of shift share and only changes the naming convention of 

the “industry mix effect” to “cancer mix effect.” It is the goal of shift share analysis to 

demonstrate how change is accounted for on the global study level, on the individual 

cancer level, and on the particular region level. Shift share answers vital questions 

regarding cancer epidemiology within an area. The national growth effect explains how 

much change is due to general trends across the combined region. The cancer mix 

explains how much change is due to trends from that particular cancer all across the study 

area. The local share utilizes both the cancer mix and the local incidence rate to 

determine how much change is attributable to the individual region in particular. 

 The three aspects of the shift share method all describe trends of growth in 

incidence rates across the combined region. First, the national growth effect describes the 

overall change in incidence rates within a region and how those rates should have 

changed based on the trends of the combined region. A practical example would be that if 

regional incidence rates of cancer rose by 5%, then the national growth effect of 

colorectal cancer in Zeeland will show the value of colorectal cancer in Zeeland if it had 

also increased by 5%. The results of the national gross effect show regions which have 

not followed the trend of the combined region, and by how much they have deviated from 

the combined study area. The national growth effect can be described as: 

 

Equation 4 Shift Share - National Growth Effect 

𝑁𝐺𝑐
𝑡 =  𝐸𝑐

𝑡−1 𝑋 [
𝐸𝑅

𝑡

𝐸𝑅
𝑡−1 − 1] 
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 Where: 

 NG = National Growth Effect 

 𝑡 = current time period 

 𝑡 − 1 = one year ago 

 𝑐 = Specific Cancer 

 𝑅 = Combined Region 

 

Secondly, the cancer mix effect seeks to describe the impact of incidence rates 

between the national and regional level, as well as determining “specialization” within 

certain cancers within certain regions. This aspect of shift share takes into account the 

combined study area incidence rate for cancer and the combined study area incidence rate 

for a specific cancer. The cancer mix is the result of the combined cancer rate change 

minus the combined cancer rate change for a specific cancer. The result would represent 

the overall change for a specific cancer, whether positive or negative, across the entire 

study. This is useful as a point of comparison against regional level incidence rates for 

that specific cancer. As an example, if there is a combined cancer incidence rate of 3% 

and a combined stomach cancer incidence rate of 1%, then the cancer mix effect can be 

said to equal a -2%. This means that regions that experienced a positive increase in 

stomach cancer rates were against the combined regional trend. By contrast, regions that 

had a decrease in stomach cancer rates can be said to be following combined regional 

trends. The cancer mix effect can be described as: 
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Equation 5 Shift Share - Cancer Mix 

𝐶𝑀𝑐𝑟
𝑡 =  𝐸𝑐𝑟

𝑡−1 𝑋 [(
𝐸𝑐𝑅

𝑡

𝐸𝑐𝑅
𝑡−1) − (

𝐸𝑅
𝑡

𝐸𝑅
𝑡−1)] 

Where: 

 CM = Cancer Mix 

 𝑡 = current time period 

 𝑡 − 1 = one year ago 

 𝑐 = Specific Cancer 

 𝑅 = Combined Region 

 𝑟 = Specific Region 

 

 Finally, the local share aspect of shift share analysis is a direct comparison 

between the combined regions incidence rate of a specific cancer against the region 

incidence rate of that specific cancer. This is a practical and easy way to evaluate the 

incidence rates between cancers across all regions of the study. Regions that have a 

positive local share can be said to be “specialized” with regards to that cancer, meaning 

that the region presents a significantly higher number of incidences for that cancer than 

other regions do, even after accounting for combined trends and cancer mixing. The 

opposite would be true of regions that featured a negative local share. An example would 

be an increase of 5% in study-wide prostate cancer rates and a prostate cancer rate 
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decrease of 7% in a specific region. In this case, the local share would be equal to the 

prostate cancer specific region change (-7%) minus the study-wide prostate cancer 

change (5%). This would result in an expected decrease of 12% in prostate cancer 

incidence rates in the region, however the region only lost 7%. This indicates that the 

remaining 5% incidence decrease is due to “specialization” within that region. This 

“specialization” contributed to the 12% decrease in cancer rates for the region while both 

the NGE and CM effects contributed to the increase of cancer rates that lowered the 

decrease in rates to 7%. The local share can be expressed as: 

 

Equation 6 Shift Share - Local Share 

𝐿𝑆𝑐𝑟
𝑡 =  𝐸𝑐𝑟

𝑡−1 𝑋 [(
𝐸𝑐𝑟

𝑡

𝐸𝑐𝑟
𝑡−1) −  (

𝐸𝑐𝑅
𝑡

𝐸𝑐𝑅
𝑡−1)] 

Where: 

 LS = Local share 

 𝑡 = current time period 

 𝑡 − 1 = one year ago 

 𝑐 = Specific Cancer 

 𝑅 = Combined Region 

 𝑟 = Specific Region 
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Understanding Cancer Rate Anomalies 
  This research puts forth several factors that may help to better understand the 

“specialization” of incidence that results from the ASR and local share results. The local 

share of incidence change can be understood to be a change that is unexplained and is 

outside the effect of either combined area influence (national growth effect) or the overall 

change trend within that specific cancer (cancer mix). Multiple regression analysis 

(MRA) has been used extensively in both geography and medicine as a method of 

demonstrating the relationship between disparate elements (Kagawa et al. 2013; 

Matsumoto 1992; Shimada et al. 2001; Terence Epule et al. 2011). The regression 

equation can be expressed as: 

 

Equation 7 Multiple Regression 

𝑌𝑖 =  𝛽0 + 𝛽1𝑋𝑖 +  𝛽2𝑋2𝑖 + 𝜀𝑖 

 𝑌𝑖 = Dependent Variable 

 𝛽0 = y-intercept 

 𝛽1𝑋𝑖 = Independent Variable 

 𝛽2𝑋2𝑖 = Independent Variable 2, etc.. 

 𝜀𝑖 = random error 

 

MRA variables were chosen to generally to reflect economic, dietary, and 

healthcare conditions across the European regions. A number of variables were chosen as 
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measures of healthcare systems according to country due to the extensive variety of 

healthcare systems that exist across Europe and the study area. These variables were 

taken from the 2015 EuroHealth Consumer Index, conducted by the Health Consumer 

Powerhouse (HCP), which measures attributes of healthcare systems across Europe 

according to several indicators (Health Consumer Powerhouse 2015). The healthcare 

system variables used include: Patient Rights and Information Access, Pharmaceuticals, 

Healthcare Accessibility, Range and Reach of Health Services, and Prevention. Table 1 

contains the indicators used by the HCP to reach values for each of the variables. 

 

Table 1 HCP Healthcare Variable Indicators 

Healthcare Variable Indicators 

Patient Rights and 

Information Access 

Healthcare law based on patients’ rights 

Patient organization involvement 

No-fault malpractice insurance 

Right to second opinion 

Access to own medical record 

Registry of bona fide doctors 

Web or 24/7 telephone HC info 

Cross-border care seeking freely allowed 

Provider catalogue with quality ranking 

EPR penetration 

On-line booking of appointments 

e-prescriptions 

Accessibility 

Family doctor same day access 

Direct access to specialist 

Major elective surgery <90 days 

CT scan < 7 days 

A&E waiting times 

Range and Reach of 

Health Services 

Equality of healthcare systems 

Cataract operations per 100,000 age 65+ 

Kidney transplants per million pop. 

Dental care included in public healthcare? 
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Informal payments to doctors 

Long term care for the elderly 

% of dialysis done outside of clinic 

Caesarean sections 

Prevention 

Infant 8-disease vaccination 

Blood pressure 

Smoking prevention 

Alcohol 

Physical activity 

HPV vaccination 

Traffic deaths 

Pharmaceuticals 

Rx subsidy 

Layman-adapted pharmacopoeia 

Novel cancer drugs deployment rate 

Access to new drugs (time to subsidy) 

Arthritis drugs 

Metformin use 

Antibiotics/capita 

 

The Health Consumer Powerhouse provides a sub-discipline weighted score 

organized by country for each attribute that will be used in MRA. It is hoped that these 

variables will provide insight into the efficacy of country-wide healthcare systems and 

policies in confronting specific types of cancers at the local level.  

Dietary and lifestyle variables were also included in the regression to examine the 

effect of consumption of these items on incidence rates across a variety of cancers. Some 

of the included dietary variables, such as alcohol consumption and smoking, have had 

extensive studies conducted into their effect on cancer incidence (Fedirko et al. 2011; 

Lew et al. 2011; Vioque et al. 2008). In contrast, other dietary variables, such as 

consumption of fish and red meat, have received less attention, and their effect remains a 

subject of ongoing research (Larsson and Wolk 2012; Wu et al. 2012). The direct impact 
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of dietary and lifestyle choices in relation to cancer is substantial (Parkin 2011). 

Additionally, an indirect link to cancer may also exist, as many lifestyle variables can 

lead to other serious health conditions which relate to cancer themselves, such as obesity 

and Chronic Obstructive Pulmonary Disease (COPD) (Calle and Thun 2004; Raviv et al. 

2011).  

Independent variables relating to several diseases will also be included to observe 

the impact of other diseases on cancer incidence rates. Current literature has found that 

tuberculosis (TB), AIDS/HIV, and gonococcal infections incidence rates are relevant for 

the emergence of some cancers. Approximately 9 million people worldwide are infected 

by TB each year, with the majority of the incidences occurring in Southeast Asia and sub-

Saharan Africa (LoBue 2015). While the disease has been largely eradicated in the 

developed world, there exists strong evidence for a connection between tuberculosis and 

increased cancer risk, specifically lung cancer (Yu et al. 2011). The AIDS/HIV viruses 

were selected as variables due to their global propagation (World Health Organization 

2016), evidence-based link to cancer (Clifford et al. 2005; Villarroel et al. 2015), and 

their ubiquitous nature, similar to that of cancer. Current research into the susceptibility 

HIV/AIDS patients’ to cancer has contributed to other ongoing cancer debates, such as 

whether HIV/AIDS patients should be given pre-emptive PSA screening as a high-risk 

group (Quatan et al. 2005). Gonococcal infections were included in this thesis to provide 

further examination and research into the argued link between the sexually transmitted 

infection (STI) known as gonorrhea and cancer incidence (Lian et al. 2015; Alibek and 

Karatayeva 2012).  
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 Finally, a set of variables that describe income and the urban-rural composition of 

regions is included in the analysis. GDP (in euros) at current market prices is treated as a 

representative statistic of the region’s overall economic status and meant to describe the 

relationship between economically prosperous areas and areas with less economic 

activity. Population density is also examined as a measure/metric of geographically rural 

and urban regions. Regions with higher population density are more likely to be classified 

as urban areas and regions with lower population density are more likely to be classified 

as rural areas. Examination into the possible urban/rural divide between cancers may 

suggest a health disparity policy is warranted. Regions exhibiting significant economic 

prosperity (high GDP) should be expected to contain a lower cancer incidence rate due to 

the positive health benefits that superfluous income offers, including the ability to travel 

for preventative medicine and afford elective procedures. GDP is represented through the 

Purchasing Power Standard (PPS). The PPS is defined as an “artificial currency” used by 

the Eurostat and the Organization of Economic Cooperation and Development (OECD) 

primarily for statistical purposes among others. The value of the PPS is based entirely 

from Purchasing Power Parities (PPP) (OECD and Eurostat 2012). The benefits of using 

the PPP over Euros for comparison between European countries are numerous. PPPs 

control for differences in economic size between countries along with controlling for 

prices between countries (OECD and Eurostat 2012). This enables comparisons to be 

made between countries based solely on the amount of goods and assistance bought 

within each of the countries (OECD and Eurostat 2012). 
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Additional variables included in the analysis are latitude, healthcare workforce, 

percentage with-home Internet access, regions with coastal geography, and abortions per 

1,000 live births. Latitude is included in this research as a representative variable for UV 

sunlight exposure, which has been shown to cause increased risk for melanoma (Kanavy 

and Gerstenblith 2011). The healthcare workforce variable is comprised of the raw 

number of healthcare workers omitting GPs, nurses, and administrative staff in the 

healthcare field. This variable is utilized to observe the relationship, if any, of a 

specialized healthcare workforce and regional cancer incidence rates. The percentage of 

the population of a country with at-home Internet access is utilized as a metric for 

examining the ease of healthcare information distribution and its relationship to cancer 

incidence rates as has been examined with its relationship to cancer outcomes and 

treatment in other research (Eysenbach 2003; Vasconcellos-Silva et al. 2008). A nominal 

physical geography variable, region coastline, was also included to examine the role of 

geographic location on cancer incidence. Finally, a variable for abortion was included to 

further investigate the possible relationship between breast cancer and abortion (Huang et 

al. 2013). The subject of abortion is a significantly divisive one and, as a result, its 

relationship with breast cancer has been a subject of significant ongoing research 

(Brauner et al. 2013; Guo et al. 2015; Karim et al. 2015).  

Several additional tests are used to account for potential violation of regression 

assumptions. The Jarque-Bera test is used to examine the normal distribution of the 

residuals based on the kurtosis and skewness. A significant p-value for Jarque-Bera 

would suggest that the residuals are non-normal. The Breusch–Pagan test is a test for 
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potential heteroscedasticity, randomness of variance, present in models. A significant p-

value for Breusch-Pagan suggests the rejection of the null hypothesis of 

homoscedasticity, homogeneity of variance. Finally, a Moran’s I test of residuals was 

utilized to aid in choosing the correct regression model for each cancer examined. A 

spatial error model was used for cancers that displayed a significant Lagrange Multiplier 

(error) (p<0.05) and a spatial lag model was used for cancers that displayed a significant 

Lagrange Multiplier (Lag) (p<0.05). 

Additionally, due to the high number of variables included in the regression 

analysis, a Pearson’s coefficient correlation is utilized to anticipate any multicollinearity 

that may arise between variables. Multicollinearity refers to an issue that arises when two 

or more IVs feature highly correlated values which may alter results from a regression 

analysis. If multicollinearity is detected between variables, this thesis will utilize 

Principal Component’s Analysis (PCA) to combine variables, when it is proper, and 

resolve the issue. Alternatively, the variable(s) will be removed from the analysis to 

increase reliability and prevent misinterpretation of results. 
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DATA 

This thesis utilizes data from 2007–2011 from several countries across Northern 

Europe using EASR data per 100,000 people. This research time period was selected in 

order to examine change across a relatively short time period to account for the data 

available across the regions, as well as attempting to follow the time period set forth in 

other epidemiological studies who also utilized data from cancer registries (Hallas et al. 

2009; Hardell and Carlberg 2014).  

The EASR was utilized as a means of accounting for the population/age variance 

that exists between the areas included in the research. Due to the high variability in 

populations across the research area, EASR rates have been calculated per 100,000 

people. This is done to provide a standard through which the populations can be 

accurately compared against each other. EASR are calculated according to the European 

population, but can also be calculated to account for global population trends in an outer 

Europe study. The EASR are incidence rates for the regional population if it is assumed 

that the population of the region in question exhibited the same age-breakdown as the 

base European population (National Cancer Registry Ireland 2013). EASRs are beneficial 

by providing a consistent population distribution standard which all regional populations 

are compared against. This is critical when performing geographic analyses of any kind 

so that the conclusions drawn from these analyses are based on changes in incidence 
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among the general population and do not simply reflect an older population (Cancer 

Research UK 2009). EASR data is essential when examining and drawing conclusions 

regarding diseases that are highly influenced by age, such as cancer. When examining 

results of cancer incidence or spatial autocorrelation this is especially important, as 

unstandardized results may lead to regional clusters of elderly or young populations being 

mistaken as clusters of high or low cancer incidence. Table 2 provides the European and 

World Standardized populations used to calculate the EASRs in this research. 

 

Table 2 Age distributions of the standard populations used for age standardization 

(International Agency for Research on Cancer 2012) 

Age group World ASR (W) European ASR (E) 

0-4 12 000 8 000 

5-9 10 000 7 000 

10-14 9 000 7 000 

15-19 9 000 7 000 

20-24 8 000 7 000 

25-29 8 000 7 000 

30-34 6 000 7 000 

35-39 6 000 7 000 

40-44 6 000 7 000 

45-49 6 000 7 000 

50-54 5 000 7 000 

55-59 4 000 6 000 

60-64 4 000 5 000 

65-69 3 000 4 000 

70-74 2 000 3 000 

75-79 1 000 2 000 

80-84 500 1 000 

85+ 500 1 000 

Total 100 000 100 000 

 

  The incidence data used is gathered from several sources, including cancer 

registries at the national and regional level. “A cancer registry is an information system 
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designed for the collection, management, and analysis of data on persons with the 

diagnosis of a malignant or neoplastic disease (cancer).” (“The Cancer Registry and the 

Registrar - National Cancer Registrars Association” 2014). Cancer Registries can hold a 

variety of information specific to patients; however, the nature of this research focuses 

solely upon overall cancer incidence rates and features no patient-specific information. 

Cancer registries exist across the world and operate under various regulations. Cancer 

registry data is often voluntarily acquired, but in other cases, such as the Socialstyrelsen, 

it is government mandated (“Swedish Cancer Registry,” 2014). Table 3 illustrates the 

cancer registries used in this research. Quality control is especially well done with 

registries to which it is mandatory to report data. The quality is ensured through a variety 

of methods, including manual inputting, data validation programs, and highly detailed 

records around the site and situation of the cancer entry (Gjerstorff 2011). 

 

Table 3 Countries & Cancer Registries 
Country Cancer Registry/Registries Number of Regions 

Sweden Socialstyrelsen 21 

Finland NORDCAN 5 

Norway NORDCAN 4 

Netherlands Netherlands Cancer Registry(IKNL) 12 

Denmark NORDCAN 5 

Germany GEKID Atlas 15 

Belgium Belgium Cancer Registry 3 

England Office for National Statistics 9 

Scotland Information Services Division Scotland 14 
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Wales Welsh Cancer Intelligence and Surveillance Unit 7 

Ireland National Cancer Registry Ireland 4 

 

  The cancer data from these countries was further broken down into regional level 

data for each country. This was challenging due to the non-homogenous way in which 

countries partition themselves into smaller regions, districts, etc. An effort was made to 

keep cancer data at a regional level for all nations in order to analyze relatively similar 

entities across countries. Regional level data was used because of its ease of use and its 

level of detail for the purpose of this study. While spatial analysis has routinely used 

smaller study areas to engage epidemiological research relating to environmental factors, 

such as education facilities or power plants (Elliott and Savitz 2008), this research takes 

an alternate approach; because of the relatively large area of the study area, division at 

the regional level offers a sufficiently small area of study. This thesis seeks primarily to 

identify the existence of cancer niches within a region, through the use of various already 

discussed techniques, and then to provide a generous explanation for the variation being 

observed. Regional level data allowed for more manageable data amounts, as well as a 

more broad area of effect from which results can be extrapolated.   

Cancer Classification and Details 
The data that was acquired has been classified using the ICD-10 disease 

classification system. The ICD-10 system was developed by the World Health 

Organization (WHO) and is used extensively within the medical community. Due to the 
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epidemiological nature of this research, it is important to engage in medical best 

practices. 

“The International Classification of Diseases (ICD) is the standard diagnostic tool for 

epidemiology, health management and clinical purposes. This includes the analysis of the 

general health situation of population groups. It is used to monitor the incidence and 

prevalence of diseases and other health problems, proving a picture of the general health 

situation of countries and populations” (“WHO | International Classification of Diseases 

(ICD)” 2014). This ICD system provides a uniform and precise method of evaluating the 

impact of a specific disease, in this case cancer, on a specific area or situation. The utility 

of the ICD system allows for a clear grouping of cancer statistics with a minimal amount 

of overlap. The necessity for this system is primarily due to the extensive variations of 

cancers that exist. The system provides clear codes for various types and subtypes of 

cancer to fall under, thereby reducing overlap between cancer types and creating 

uniformity across countries and healthcare systems. Table 4 lists the ICD-10 codes and 

corresponding cancer types to be utilized in this research.  

 

Table 4 Cancers, Code, and Details  

(“International Statistical Classification of Diseases and Related Health Problems 10th Revision” 2014) 

Cancer ICD-10 

Code(s) 

Description Total Incidence 

Count for the 

study area 

(2007–2011) 

Breast Cancer C50 Malignant neoplasm of breast 

- Incl.: connective tissue of 

breast 

- Excl.: skin of breast (C43.5, 

C44.5) 

422,480 

Prostate Cancer C61 Malignant neoplasm of prostate 376,596 
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Lung, including 

trachea and 

bronchus Cancer 

C33-34 Malignant neoplasm of trachea 

Malignant neoplasm of bronchus and 

lung 

324,511 

Colorectal 

(bowel) Cancer 

C18-20 Malignant neoplasm of colon 

Malignant neoplasm of Rectosigmoid 

junction 

- Incl.: Colon with rectum 

              Rectosigmoid (colon) 

Malignant neoplasm of rectum 

- Incl.: Rectal ampulla 

239,910 

Malignant 

Melanoma 

C43 Malignant melanoma of skin 115,756 

Bladder Cancer C67 Malignant neoplasm of bladder 114,606 

Non-Hodgkin 

lymphoma 

Cancer 

C82-

C85+C96 

Follicular lymphoma 

Non-follicular lymphoma 

Mature T/NK-cell lymphomas 

Other and unspecified types of non-

Hodgkin lymphoma 

Other and unspecified malignant 

neoplasms of lymphoid, haematopoietic 

and related tissue 

97,777 

Pancreas Cancer C25 Malignant neoplasm of pancreas 79,040 

Kidney Cancer C64 Malignant neoplasm of kidney, except 

renal pelvis 

- Excl.: renal: calyces (C65) 

pelvis (C65) 

76,733 

Stomach Cancer C16 Malignant neoplasm of stomach 72,696 

Uterus Cancer C54-55 Malignant neoplasm of corpus uteri 

Malignant neoplasm of uterus, part 

unspecified 

67,020 

Oesophagus 

Cancer 

C15 Malignant neoplasm of oesophagus 51,634 

Ovary Cancer C56-C57.4 Malignant neoplasm of ovary 

Uterine adnexa, unspecified 

49,803 

Brain Cancer C71 Malignant neoplasm of brain 47,752 

Cervix Cancer C53 Malignant neoplasm of cervix uteri 27,586 

  

  The chart above contains information on all of the cancers included in this study 

along with the corresponding ICD-10 code used to describe the type/variation of the 
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cancer. The ICD-10 codes used to represent each of the cancers used in the study are 

referenced from the UK Cancer Atlas 2008–2010 (“Cancer E-Atlas PCT Guide” 2014). 

The importance of accurately attributed and categorized data is crucial to observing 

cancer trends across regions. Unless otherwise stated, complete codes, such as C53, 

encompass all sub-codes included within those groupings. 

 The determination of which cancers to include was done considering several 

factors: the reliability of the cancer data, the propensity of the cancer globally, and the 

availability of research on the cancer. The nature of examining statistics across countries 

leads to a variety of issues, including data consistency and over-inclusion/exclusion. As 

this issues compound, the reliability of the data decreases and the margin of error 

increases. Choosing to examine cancers that have had a considerable about of study done 

on them, i.e., lung, breast, and stomach cancer, significantly reduces the risk of 

inconsistent data, as there is a standard coding used to encompass these cancers. In 

addition, examining cancers such as these, which do have a high occurrence rate globally, 

allows for clearer trends to be shown between regions. Attempting to examine trends 

among low occurring cancers across regions would be difficult to give reliable 

information on, given their low occurrence rate; these may not occur at all in some 

regions and have very low instance rates in others, thus a “cluster” may be considered a 

low value occurrence in these cancers and a significantly higher value in more common 

cancers. In addition, infrequently occurring cancers are often collected into larger 

occurring areas, such as head and neck (Dijk et al. 2012), or research into them is so 

lacking that alternate methods of communication of knowledge about the tumors is 
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occurring (Jones 2001). The inclusion of such rarely occurring cancers would make the 

data difficult to examine and draw conclusions from, considering the methods being used. 

By contrast, the inclusion of commonly occurring cancer gives highly-reliable and 

significant data with a large amount of research conducted on the cancers. While no 

absolute comprehensive list of cancers exists, due to the extensive variation within cancer 

types, it is understood that this research is examining the most prolific and highly 

occurring cancer globally. According to the GLOBOCAN Cancer Dictionary, this 

research utilizes 53.5% of all available cancers within their database (GLOBOCAN 2012: 

Estimated Cancer Incidence, Mortality and Prevalence Worldwide in 2012 2014). 

 It was important to know the overall cancer rates, organized by cancer, of the total 

area of the study. By aggregating all cancer figures found within the study area, a list was 

formed of the most prolific cancers for the zone of study for each year. Although the 

hierarchical order of the cancers remained stagnant across 2008–2010, the raw count 

incidence numbers for each of the cancers did fluctuate significantly.  
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RESULTS 

The results section of this thesis discusses the findings of this research regarding cancer 

clustering, shift share analysis, and the explanatory power of several variables on cancer 

rates. EASR Maps are analyzed under the maps section to provide an image of how 

certain cancers are manifested in regions of the study area while controlling for age 

throughout the regions. The maps section also contains detailed results from Global 

Moran’s I, Local Moran’s I, and Getis Ord Gi* analysis. Global Moran’s I results are 

tabled according to Z-score and significance value. Results for Local Moran’s I and Getis 

Ord Gi* are presented as maps denoting areas of particular clustering, whether it be a hot 

spot or a cold spot. The results of shift share analysis are also discussed with a 

breakdown of the three components of the analysis the national share, the cancer mix, and 

the local share. Shift share results discuss cancer incidence distribution while accounting 

for other portions of cancer incidence and how this is seen across different types of 

cancer. Finally, a multiple regression analysis is used to determine contributing variables 

to changes in EASR and local share results from Shift Share analysis. A discussion of 

regression results seeks to better understand what factors might be contributing to 

clustered cancers, as well as the propensity for certain individual cancers to cluster in 

regions. 
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European Age Standardized Rates (EASR) Maps 
Maps of the EASR of cancer throughout the study area are shown in Figures 1 – 

4. Maps were created for each of the cancers examined in this thesis according to EASR 

for the years 2007–2011 for both male and female. This results section particularly 

discusses maps of the following cancers: Breast, melanoma, brain, colorectal, and lung 

cancer. These cancers were chosen for analysis because of either their representative 

nature of the cancer patterns overall, or because they have particularly prominent 

deviations from the overall cancer trends. Across cancers, intensity of cancer incidence 

does not appear to be constrained by border, environment, or other general trends. It does 

not require a medium for transmission (mosquito, tick, etc.), but instead is a mutation of 

the cells that has the possibility of infecting anyone anywhere.  

EASR of cancer are displayed according to Jenks classification. Scandinavia 

appears to feature higher rates of brain cancer. This may be due to a common ethnic 

population, similar cultural activities, immigration between countries, or other related 

attributes of the region. Colorectal cancer, by contrast, features higher areas of incidence 

with a more varied dispersal. Wales features a higher rate of virtually every cancer 

included in the study. Ireland features a lower cancer incidence, generally speaking. The 

incidence of cancer between mainland Europe, Scandinavia, and the UK/Ireland tends to 

skew towards one of the areas in certain cases, but remains widely distributed between 

countries in others. There does, however, seem to be a common focal point of cancer 

centering on Danish provinces and extending into German and Swedish/Norwegian 

provinces. Recent research into Danish cancer rates tends to support these findings across 

a variety of cancer types including prostate, melanoma, and small bowel cancer (Outzen 
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et al. 2012; Caroe et al. 2013; Collins 2011; Bojesen et al. 2016). It is interesting to note 

that the increase of prostate cancer in Denmark is partially attributable to the increased 

use of the PSA test for detection (Outzen et al. 2012) and not necessarily an actual 

increase in cancer rates.  

 

Figure 1 EASR (per 100,000) of Breast Cancer 2007–2011 

  

 

Figure 1 shows noteworthy concentrations of breast cancer among women in 

Wales, Sweden, Belgium, and Denmark. No data for male breast cancer rates in Wales 

was available at the regional level. However the latest 2014 statistics for females showed 

that the Hywel Dda region featured the highest breast cancer incidence rate in Wales and 

that incidence has increased for women in impoverished areas (Public Health Wales 

2016). “The rate in Hywel Dda was 63 per cent higher than Powys and was statistically 
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significantly higher.” (Public Health Wales 2016) This gap between affluent areas and 

breast cancer incidence represents a phenomena that is not as readily observed in other 

countries.  

There is also a lower incidence of breast cancer in Norway and Northern 

Finland/Sweden, as well as eastern Germany. Norway has made several strides towards 

breast cancer prevention and treatment that may explain its lower rate. Since 1996, 

Norway has promoted a systemic program for mammograms (Kalager et al. 2010), and 

the Norwegian Medical Association (NMA) has set a goal for a smoke-free society by 

2035 (Westcott 2016). These changes, and others like them, indicate a national trend 

towards a more preventive lifestyle which results in lower cancer rates. Differences in 

rates of cancers between East and West Germany are often attributed to the differing 

history of the two regions. Diagnostic medicine in West Germany during the Cold War 

included a higher use of X-rays and other radiation-exposing diagnostic tools in the 

detection of cancer; these tools were used to a lesser extent by East Germany (Schmitz-

Feuerhake and Pflugbeil 2011). Additionally all Belgian regions, Brussels, Flemish 

Region, and Walloon Region, display high incidence of breast cancer. The reasons for the 

rise in breast cancer in Belgium is the subject of ongoing research (Desreux et al. 2011) 

with some researchers suggesting it may relate to the decline in fertility, postponing of 

childbearing and increased use of Hormone Replacement Therapy in Belgium (Renard, 

Van Eycken, and Arbyn 2011).  
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Figure 2 EASR (per 100,000) of Melanoma 2007–2011 

  
 

Research into cancer’s impact on regions that have an Arctic or borderline Arctic 

climate, such as Northern Finland, Sweden, and Norway, has suggested that melatonin 

plays a key role in cancer incidence. Melatonin is a hormone secreted primarily from the 

pineal gland whose effectiveness against hormone-dependent cancers has been studied 

along with the environmental aspects that can reduce its presence in the human body 

(Chechile 2013). Sunlight exposure is one of the primary methods for a reduction of 

melatonin within the body; as a consequence, inhabitants of areas that receive less 

sunlight, such as those regions mentioned, tend to have a naturally higher amount of 

melatonin and possibly a lower cancer incidence rate (Erren and Piekarski 1999). 

Extensive research has been conducted describing the relationship between melatonin and 

cancer prevention, as well as tumor management across a wide variety of cancers 

(Chechile 2013; Erren and Piekarski 1999; Schernhammer and Schulmeister 2004; 
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Schernhammer and Hankinson 2003). Incidence of breast cancer among men is 

substantially lower than that of women, and centers mostly in provinces of Germany, 

Belgium, and Ireland. There exists little regional overlap between cancer ASR data for 

males and females.  

EASR of melanoma have higher incidence rates in coastal regions in southern 

Norway, southern Sweden, Denmark, and the Netherlands as shown in Figure 2. A 

contributing factor to this would be the tendency for people within these areas to have 

more outside exposure to sunlight. Coastal areas often feature beaches, waterparks, and 

other activities where a person’s skin is in more direct contact with the sun as opposed to 

more inland areas. Regions of Northern Norway and Sweden feature a lower incidence 

rate of melanoma due largely to the colder climate during the winter/fall months that 

drives the population indoors away from the direct sunlight outside. Additionally, the 

amount of sunlight available during the winter months is extremely limited, with the 

month of January consisting of 24 hours of darkness (VisitSweden 2016). Wales again 

features a higher cancer rate for melanoma, while its neighbors, and the other regions of 

Great Britain, display a lower rate of incidence of melanoma. Melanoma rates between 

genders showed overlap in the southern portions of Norway and Sweden as well as 

Denmark and Wales, but not Germany or the Netherlands. 
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Figure 3 EASR (per 100,000) of Brain Cancer 2007–2011 

  
 

Brain cancer EASR appear highest in the Scandinavian countries for both sexes. 

This may be due to the vigilance of Scandinavian reporting data, or some other unknown 

cause. Brain cancer remains one of the most ambiguous and least understood cancers 

with no absolutely definitive risk factors aside from radiation exposure (UK 2015). 

Although Danish regions displayed a substantially higher rate of brain cancer than other 

regions the reasons for this are unclear. Scientists have linked increased risk of glioma, a 

brain/spinal tumor arising from glial cells, with a number of factors including the use of 

contraceptives by women(Andersen et al. 2015).  

Unlike with breast cancer and melanoma, the rate of brain cancer shows no 

discrimination between northern and southern regions. Lower rates of brain cancer were 

observed in mainland Europe as well as Great Britain. The absence of an effective early 

screening program for brain cancer makes it difficult to detect the cancer until the later 
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stages of the disease in which symptoms are severe enough to consult a physician. This 

results in the vast majority of brain cancer incidence being detected in the middle or late 

stages of the disease, which makes it difficult to determine overall cancer incidence (“The 

Influence of an Increase in Screening on Incidence And Mortality Rates - Statistics 

Teaching Tools - New York State Department of Health” 2016).   

 

Figure 4 EASR (per 100,000) of Colorectal Cancer 2007–2011 

  
 

 

EASR of Colorectal Cancer (CRC) on Figure 4 focused on provinces of Wales, 

Netherlands, and Norway, regardless of gender. Moderate to low rates of CRC are visible 

in Germany, Scotland, England, and Ireland. CRC rates for Dutch provinces were slightly 

higher than those of neighboring Germany and Belgium (with the exception of the 

Walloon Region for Male CRC). Regions within Netherland and Denmark featured the 



56 

 

highest rates of CRC within mainland Europe. It is possible that a higher incidence rate in 

the Netherlands is the result of an increased screening and detection program for CRC. 

The Netherlands is listed as the winner of the 2014 Eurohealth Consumer Index 2014 

rankings in healthcare. The Index compares healthcare systems across Europe using a 

variety of benchmarks, including accessibility and prevention, which particularly affect 

the incidence rates of cancer. The Netherlands is one of the few countries within Europe 

which collects official data on the number of colonoscopies/endoscopies performed, as 

well as information concerning the endoscopists’ ability to address the needs of the 

population (T Van Turenhout et al., n.d.). Recently, the Dutch government announced 

plans to develop a new nationwide CRC screening program (Ministry of Health, Welfare, 

and Sport 2015).  

Welsh provinces feature the highest rates of CRC for both men and women in the 

entire study area (with the exception of a single southwestern province of Norway). 

These results are compounded by the fact that every region within Wales is shown as 

having a high incidence rate. CRC differs greatly from more complex cancers, such as 

brain cancer, in that the causes and risks associated with it are much more clearly 

understood and general screening programs available. CRC screening in Wales recently 

received a poor rating when compared to other nations within Great Britain, with 

excessive wait times between referrals and procedures being conducted (BBC News 

2014). Additionally, the Welsh government has recently put a hold on a program 

designed to expand CRC screenings to those citizens under the age of 60 (Palit 2015). 

The lack of preventative care can contribute to an increase incidence rate of CRC, since 
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Welsh citizens are either not able to be screened or are not incentivized enough to 

actually get screened.  

One of the most interesting observations regarding colorectal cancer in Norway is 

that despite its high incidence rate, the country boasts one of the lowest mortality rates of 

the disease (Bazilchuk 2015). This indicates that Norway’s ability to treat the disease is at 

a higher level than its ability to prevent it. This may be due in part to the country’s lack of 

a systemic screening program for CRC. Although the country is currently piloting a 

screening program aimed at increasing screening for the disease (Cancer Registry of 

Norway 2016). CRC screening programs not only offer the benefit of early detection but 

also can detect warning signs of CRC, such as polyps during a sigmoidoscopy (Thiss-

Evensen et al. 1999). Polyps, which are suspected of being a risk factor for colorectal 

cancer, can then be removed during a colonoscopy as a preventative measure reducing 

the risk of developing CRC (Zauber et al. 2012). 

 



58 

 

Figure 5 EASR (per 100,000) of Lung Cancer 2007–2011 

  
 

Figure 5 illustrates lung cancer incidence across the study area for both males and 

females. The distribution of lung cancer incidence show marked differences according to 

gender. This is especially interesting when compared to results from brain cancer or 

melanoma which showed relative homogeneity between genders.  Lung cancer incidence 

in males was found to be higher in regions of Belgium, Western Germany, and Southern 

Netherlands. The existence of historical parallels between smoking prevalence in 

Belgium and the Netherlands (Hemelrijck, Kabir, and Connolly 2009) may be a 

contributing factor to their current elevated rates of lung cancer. The increased incidence 

in Belgian men from lung cancer has been speculated by researchers to be related to 

socioeconomic status (Vanthomme et al. 2016) and exposure to cadmium in some regions 

(Nawrot et al. 2006).  
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By contrast, female lung cancer incidence was found to be higher throughout 

regions of Scotland and Northern England and to a lower degree in those regions which 

featured higher rates for males. Disparities in lung cancer incidence between genders are 

speculated to be the result of patterns in cigarette smoking across time (American Cancer 

Society 2012). This idea is supported by the incidence trends observed between the 

Netherlands and Belgium which have a parallel history of smoking prevalence and 

regulation, as discussed previously. Regions within Denmark and Wales were found to be 

commonalities for both genders and presented high to moderately high incidence of lung 

cancer for both genders.  

Global Moran’s I 
These analyses were conducted utilizing a variety of conceptualizations of spatial 

relationships, including contiguity, inverse distance, 4-nearest neighbors, and 6-nearest 

neighbors. Since there was no single best fit model, a multi-faceted approach was 

implemented to reduce large amounts of variability (i.e, k-nearest neighbors allows for 

incorporation of islands, whereas contiguity excludes islands entirely, as well as Ireland). 

The choice of 4 and 6 nearest neighbors was made based on the finding that the average 

number of connectivity neighbors for the regions in the study was 4. Analyzing the 

relationship with 6 neighbors was done to insure that this average was not overly 

restrictive. In order to assess the robustness of the relationships apart from the exact 

spatial neighborhood definition, I correlated the EASR Global Moran I values (Table 5) 

and Local Shift Share Global Moran’s I values (Table 6) for each cancer for each 

neighbor relationship.  



60 

 

 

Table 5 EASR Spatial Relationships Correlations of Global Moran's I 

Correlations Contiguity 

4-Nearest 

Neighbors 

6-Nearest 

Neighbors 

Distance 0.6125 0.8766 0.8328 

Contiguity - 0.8011 0.8107 

4-Nearest 

Neighbors  - 0.9878 

 

Table 6 Local Share Spatial Relationships Correlations of Global Moran's I 

Correlations Contiguity 

4-Nearest 

Neighbors 

6-Nearest 

Neighbors 

Distance 0.5443 0.8675 0.8344 

Contiguity - 0.8124 0.8358 

4-Nearest 

Neighbors  - 0.9878 

 

 

Results of the correlation tests indicated that the commonly used weight matrices 

of contiguity and distance did share some similar results. However, both of these weight 

matrices showed a strong correlation in results with the 4 and 6 nearest neighbor weight 

matrices. Additionally, the 4 and 6 nearest neighbor weights matrices are heavily 

correlated with one another. I have chosen to utilize the 4 nearest neighbor weights 

matrix for this analysis in order to keep the results parsimonious. 

 

Table 7 2007–2011 EASR Global Moran's I by 4 Nearest Neighbors 

Cancer Variable 

Females Males 

Index P-Value Index P-Value 

Breast 0.484 0.01 0.419 0.01 

Colorectal 0.551 0.01 0.759 0.01 
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Lung 0.730 0.01 0.732 0.01 

Melanoma 0.562 0.01 0.591 0.01 

Bladder 0.578 0.01 0.605 0.01 

Non-Hodgkin’s Lymphoma 0.402 0.01 0.785 0.01 

Kidney 0.433 0.01 0.657 0.01 

Pancreas 0.569 0.01 0.615 0.01 

Stomach 0.564 0.01 0.753 0.01 

Uterus 0.723 0.01 - - 

Ovary 0.794 0.01 - - 

Esophagus 0.886 0.01 0.837 0.01 

Brain 0.697 0.01 0.506 0.01 

Cervix 0.286 0.01 - - 

Prostate - - 0.654 0.01 

 

 Table 7 displays the results of the Global Moran’s I analysis conducted on EASR 

cancer values to determine the existence of spatial autocorrelation within the study area. 

The analysis was conducted using 4 nearest neighbor’s weight matrix for both genders 

with a p-value of 0.05 for significance. Esophageal cancer presented the most positive 

levels of spatial autocorrelation for both genders, 0.886 for females and 0.837 for males. 

Lung cancer also showed a stronger spatial autocorrelation for both genders. Uterine and 

ovarian cancers, which are exclusive to females, also featured a higher level of spatial 

autocorrelation. Prostate cancer, which is unique to males, featured a 0.65 level of spatial 

autocorrelation. Non-Hodgkin’s Lymphoma denoted the largest difference between 

genders for cancer spatial autocorrelation; a difference of over 0.30 was observed. No 

instances of negative spatial autocorrelation were observed.  
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Local Moran’s I & Getis Ord Gi* Analysis 
Maps of results from both EASR Local Getis Ord Gi* and Local Moran’s I 

analysis at 4 nearest neighbors are shown in figures 6 – 10. Local Moran’s I results 

provide a visual local level map of the spatial autocorrelation detected at the global level 

indicating clusters of spatial autocorrelation. Clusters can be classified as High-High 

(HH), High-Low (HL), Low-Low (LL), or Low-High (LH). Getis Ord Gi* analysis, also 

referred to as Hot spot analysis, provides an alternative algorithm than Moran’s I for 

clustering and hot spot analysis. Maps detailing clustering according to Getis are labeled 

according to the kind of clustering shown, either hot spot or cold spot, and the confidence 

interval (CI) associated with that cluster, 95% or 99%. Results between both spatial 

methods differed slightly depending upon cancer and gender lines. In certain cases, such 

as brain and bladder cancers, the results of each method are a close mirror of one another, 

with HH clusters of Moran’s I falling in line with high confidence intervals of Getis Ord 

Gi* hot spots. Similarly, Getis cold spots also corresponded to LL clusters within Local 

Moran’s I analysis for these cancers.  

 The close similarity of results of both methods lends more credence to the idea of 

cancer cluster formations within these areas. HH/Hot spots clusters focus largely around 

the southern Sweden/Norway provinces into Denmark and northern Germany, with some 

variation within this area. Northern portions of Sweden and Norway, by contrast, detailed 

a trend of cold spots/LL clusters in several cancer analyses. Differences begin to emerge 

when observing the spatial distribution of clusters between males and females. Female 

cancer incidence seems to indicate slightly more inclusion in the designation of clusters 

and hot/cold spots. This variation may be due to experimental design (some of the 
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cancers being observed may occur more frequently in women than in men), lifestyle 

choices of women over men, or any number of extraneous variables. The fact that there 

are differences in cancer incidence between men and women is clear, while the cause of 

those differences is a subject of ongoing research. (McCann 2000; Papadopoulos et al. 

2014; Henning et al. 2013).  

 

Figure 6 Local Moran’s I and Getis Ord Gi* of Brain Cancer 2007–2011 
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 A Getis Ord Gi* analysis on EASR brain cancer incidence data found a highly 

concentrated hot spot throughout much of Scandinavia for females, but a much smaller 

hot spot within Denmark and Southern Sweden/Norway for males. Results from the 

Moran’s I analysis are similar to those of Getis Ord according to gender. Gender 

differences in brain cancer incidence are the subject of ongoing research with men 

generally viewed as having a higher risk of brain cancer (Ostrom et al. 2014) but women 

having an elevated risk for specific forms of the disease (American Society of Clinical 

Oncology 2016). Several studies have noted the substantial geographic variation of brain 

cancer across the globe, including the higher risk of brain cancer found in Northern 

European regions compared to regions of Southeast Asia (Wrensch 2002; Schwartzbaum 

et al. 2006). Spatial autocorrelation results support the hypothesis that segments of 

Northern Europe do feature high clusters of brain cancer, however, more research is 

needed to determine if some environmental aspects may account for this geographic 
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distribution (Schwartzbaum et al. 2006). This is one of the few cancers that the Wales 

regions do not appear as hot spots or HH areas. Remaining regions across Europe are 

statistically insignificant. 

 

Figure 7 Local Moran’s I and Getis Ord Gi* of Bladder Cancer 2007–2011 
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Bladder cancer results from both Getis and Moran’s I analysis were largely 

similar for both genders. Hot spot/HH areas were observed in all regions of Denmark and 

spanned into central and western Germany for male results. Hot spot areas were shown 

with 95% confidence across all significant regions in Denmark and Germany. 

Additionally, the low level of completeness for tumor, node, and metastasis (TNM) 

staging of bladder cancer found in the Danish Cancer Registry (DCR) (Holland-Bill et al. 

2012) may indicate that actual incidence rates within Denmark are higher than those 

found in the registry. The TNM staging system is used to describe size and progression of 

a tumor and determine if it is cancerous (Sobin and Wittekind 2002).  Examining the 

completeness of TNM staging in cancer registries of other countries may provide 

additional information on hot/cold spot locations. It has been reported that men feature a 

higher incidence of bladder cancer than women (Horstmann et al. 2008) which may help 

to account for the spread of cancer hot spots into regions of Germany for men but not for 

women. It has been speculated that standards of living in East and West Germany may 

play a role in modern day incidence of some cancers in the country (Schmitz-Feuerhake 

and Pflugbeil 2011).  

Cold spots were observed in Scotland provinces, including Orkney, the Shetland 

Islands, and other northern regions. These results reinforce findings of a rural-urban 

divide in the propagation of bladder cancer (Michaud et al. 2001). The regions of 

northern Scotland are largely rural in composition, while the majority of Denmark is 

urban. While some bladder cancer screening techniques, such as a cystoscopy, may be 

useful in detecting early signs of bladder cancer, the lack of a unified methodology 
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reduces these benefits significantly (“Bladder and Other Urothelial Cancers Screening” 

2016; V. Moyer 2011). The lack of a standardized screening program suggests that the 

higher urban bladder cancer rates are a result of higher incidence and not more routine 

screening.  

 

Figure 8 Local Moran’s I and Getis Ord Gi* of Melanoma 2007–2011 
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Results from the spatial autocorrelation analysis on EASR Melanoma data details 

hot spots along much of southern Sweden and Denmark, along with the Netherlands 

(female only). Literature regarding Melanoma in the Netherlands suggests that the 

disease has been steadily increasing in incidence since 1989 (Hollestein et al. 2011) and 

that incidence in the southeastern portion of the country has been greater in women than 

in men (Vries et al. 2007). Results from this spatial autocorrelation analysis support this 

idea that rates within Dutch regions are higher than other neighboring regions although 

several provinces in the southeastern portion of the country were not identified HH areas 

according to Local Moran’s I. In the case of hot spots in Southern Sweden, log-linear 

poisson models in recent research showed a significantly higher relative risk of 

melanoma in the southern area of Sweden than the northern or central portions of Sweden 

(Perez-Gomez et al. 2007), which may contribute to increased hot spot clustering in 

southern Sweden and lower cold spot clustering in northern Sweden. Hot spot clusters are 

also visible in Southwestern Wales for male Getis Ord Gi* and Local Moran’s I results, 

but not for female results. 

Cold spots are observed in Eastern Germany, as well as northern Scandinavia, 

most likely because those areas receive less sunlight than other parts of Europe, coupled 

with low temperatures in northern Scandinavia. Cold spots detected in Eastern Germany 

are supported by research comparing incidence of vulvar melanoma in the regions of 

Sachsen, Brandenburg, and Mecklenburg-Vorpommern, Germany to regions in the 

United States and Sweden (Stang et al. 2005). Moran’s I results also visualize HH 
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clusters along the same regions are the Getis Ord Gi* analysis. Additionally, clusters of 

lower melanoma incidence in Germany may relate to the increased focus in Germany on 

screening programs which have been shown to increase early detection and lower 

mortality rates in regions such as Berlin, Brandenburg, Mecklenburg-Vorpommern, 

Sachsen, Sachsen-Anhalt, and Thuringen (Schubert 2012).  

 

Figure 9 Local Moran’s I and Getis Ord Gi* of Esophageal Cancer 2007–2011 
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Figure 9 illustrates results from the Getis Ord Gi* and Local Moran’s I analysis 

on EASR data for esophageal cancer. Results show a propensity of hot spots across much 

of the UK, including all of Wales, Scotland, and the western portion of England. Current 

literature regarding esophageal cancer rates in the UK supports the existence of 

inordinately high cancer clusters (Lepage et al. 2008) and speculates that the elevated 

incidence rates in Northern Europe may be due to dietary and lifestyle variables (Bosetti 

et al. 2008). Among females the Getis Ord Gi* analysis noted that, northern regions of 

Ireland also showed HH clusters with 95% confidence. The wider presence of hot spots 

in Scotland and England is not unexpected given that, “Within the small area of the UK 

and Ireland, the incidence of esophageal adenocarcinoma [EAC] is two times higher in 

Scotland than in Ireland.” (Hongo, Nagasaki, and Shoji 2009). While regions of the 

Netherlands were shown as a hot spot/HH in both statistics for men. Recent studies of 

esophageal cancer in the Netherlands have shown a significantly increased incidence rate 
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among men for sub-types of esophageal cancer, EAC and gastric cardia adenocarcinoma 

(GCA) (Steevens et al. 2011). An increased presence of these sub-types in the 

Netherlands may help to explain the gender differences seen in results. 

The cold spots depicted across much of Scandinavia are of interest. Examining 

lifestyle choices between regions in the United Kingdom compared to those in 

Scandinavia may yield more insight into the dispersion of the cancer. The geographical 

variation of esophageal cancer found in other studies is not clearly shown here between 

Nordic countries (Voutilainen 2008; Hongo, Nagasaki, and Shoji 2009). Unlike most 

cancers that include various regions of Scandinavia, esophageal cancer includes no 

regions of Denmark. Finally, results from Getis Ord Gi* analysis for females also showed 

the region of southwestern Germany as a cold spot with 95% confidence. 

 

Figure 10 Local Moran's I and Getis Ord Gi* of Lung Cancer 2007-2011 
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Lung cancer HH clusters across the study area were found to be concentrated in 

regions belonging to Wales and Scotland, female-specific HH clusters were also observed 

in the North Jutland and Central Jutland regions of Denmark. A recent study by the 

Welsh Cancer Intelligence and Surveillance Unit found a widening gap in lung cancer 

prevalence between those areas which were more affluent, featuring lower rates, and 

those areas which were less affluent and featured higher levels of lung cancer (Public 

Health Wales 2016). An examination into the specific socio-economic conditions within 

these regions may help to support these findings and denote those areas specifically 

affected by this incidence gap. The region of South West, England is of particular note as 

it was found to be a hot spot for both genders according to Getis Ord Gi* analysis. 

However, Local Moran’s analysis characterizes the area as LH, which suggests that the 

area features an inordinately low value surrounded by nearby high values. This difference 

is a demonstration of the different approaches used by the methods which can result in 
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nonhomogeneous results neither of which is incorrect. Further investigation into this 

region may provide for a better explanation of its lung cancer incidence. Additionally, 

lung cancer spatial autocorrelation results showed a general concentration of cold spots in 

the regions of Sweden, Finland, and Norway, however, regions greatly varied due to 

intensity, gender, and method.  A female specific region of lung cancer was also detected 

in the eastern regions of Germany.  

Local Moran’s I & Getis Ord Gi* Analysis on Local Share Results 
Local Share results from the shift share analysis were also analyzed using Local 

Moran’s I and Getis Ord Gi* in search of possibly identifying cancer clusters according 

to the specialization of each province for specific cancers. Results of this analysis were 

largely unremarkable and are not shown. They did feature cold spots/LL values in the 

northern Norway/Sweden region while identifying occasional other areas as hot spots. 

The vast majority of the results classified most provinces as not significant. No 

overarching themes were observed and the mapping of cancer remains a theoretically 

challenging task. 

Shift Share 
This research also utilizes a shift-share method to better understand results and 

distribution of features. Results of shift share analysis consisted of three components: a 

national growth effect, a cancer mix, and a local share. Due to the difference in cancer 

propagation between genders, results were divided into male and female results. Results 

for all sections were multiplied by 100 and rounded to the first significant decimal place 

for ease of view and comprehension. Shift share analysis decomposes observed changes 
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in cancer rates for a better understanding of changes that are occurring across the region 

through a given time period. As the analysis attributes certain changes to various factors 

(i.e., National Growth Effect, cancer mix, etc.) a clearer picture of the region specific 

specialization of cancer emerges. Shift share analysis was conducted for each of the 

regions utilized in the study area provided; there were at least two points in time of data. 

Regions such as NRW (North Rhine-Westphalia), Germany that only featured data for 

one year were not included in the analysis.  

The national growth effect (NGE) is a control for overall cancer change in the 

2007 – 2011 time period. The national effect was a 1.55% national growth rate for all 

cancers throughout the entire study area for males and a 6.35% growth rate for females. 

The national growth rate can be explained as the average rate of cancer growth for all 

provinces and all cancers for the given time period. This suggests that average cancer 

rates for men increased by 1.55% irrespective of the type of cancer. NGE for females 

were substantially higher at 6.35%. Differences between genders have been thought to 

exist for a variety of reasons, including hormonal and behavioral activities (Dorak and 

Karpuzoglu 2012). To further complicate the issue, the susceptibility to cancer by gender 

often does not persist as people age. Hodgkin’s Lymphoma, for example, is more likely 

to affect boys rather than girls; however, in the teenage years, the reverse is true (Dorak 

and Karpuzoglu 2012). Additionally, these gender difference permeate into other 

diseases, such as HIV and influenza (Klein, Hodgson, and Robinson 2011). A larger 

change in those cancers between the time periods could significantly alter the overall 

national growth trends of cancer as a whole.  
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Cancer mix (CM) is the expected growth in a specific cancer that a region would 

have, provided it grew at the average rate of that cancer across all regions. CM differs 

from the NGE in that it takes into account the changes for a specific cancer rather than 

overall cancer changes; CM makes the changes much more unambiguous. To facilitate 

analysis and understanding, this thesis presents the percentages of the change for each 

cancer, as opposed to the actual EASR of change. Table 8 lists the various percentage 

changes across the cancers of the study. 

 

Table 8 Male and Female Cancer Mix Percentage Changes 

Cancer Male Female 

Breast -3.66% 3.03% 

Prostate 0.28% - 

Colorectal -1.85% -4.59% 

Lung -8.26% -1.93% 

Melanoma 26.35% 19.38% 

Bladder -1.12% -6.63% 

Non-Hodgkin’s Lymphoma 5.74% 5.48% 

Kidney 6.19% 0.49% 

Pancreas 5.31% 2.44% 

Stomach -10.93% -14.58% 

Uterus - -4.30% 

Ovary - -14.64% 

Esophagus -0.98% 0.98% 

Brain 9.15% -8.16% 

Cervix - -1.62% 

  

These results also show a contrasting difference between cancer specific change 

rates based on gender. Lung cancer among men at the local region owes -8.26% of its 

change to the overall change of lung cancer in men nationally from 2007–2011. Female 

lung cancer rates can only attribute -1.93% of their change to national female lung cancer 
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rates during the time period. The impact of gender on specific cancers varies greatly 

depending upon the cancer, with some cancers shown to be more prominent in one 

gender versus another (Dorak and Karpuzoglu 2012; McCann 2000). Of the fifteen 

cancers examined, eight of the cancers independently showed a decrease during the time 

period for women. This is contrasted with only six of the cancers showing a decrease 

among men for the same time period, several of them with a less than 2% drop. The 

greatest relative drops in cancer among males were concerning stomach and lung cancer, 

while the greatest relative drops among women were in ovarian and stomach cancer.  

Melanoma has the highest percentage change that can be attributed to region-wide 

cancer trends for both genders. This is likely due to the growing ease in detecting this 

cancer. Melanoma screening is painless and involves a skin self-exam for irregular moles, 

skin lesions, or blemishes. Recently, mobile phone apps have even been created to 

facilitate the process further (“Skin Cancer Melanoma Detection App | Check Your 

Moles or Lesion | SkinVision” 2016). Because of the ease of detection, melanoma 

remains the highest reported cancers. Since the method of melanoma screening has not 

changed from previous years, increases of incidence of Melanoma are more likely due to 

public education/diligence rather than an improvement in detection. 

In the other direction, changes in esophageal cancer rates are the least different 

from overall cancer rate changes. Esophageal cancer screening is almost the opposite 

when compared to melanoma screening. While melanoma screening is painless, self-

administered, and highly recommended, screening for esophageal cancer is invasive and 
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infrequent, requiring a physician (“Can Cancer of the Esophagus Be Found Early?” 2016; 

“Esophageal Cancer Tests and Diagnosis - Mayo Clinic” 2016). 

Unlike the NGE and CM portions of the analysis, the local share (LS) portion is 

specific to each region and cancer. LS, in the context of this thesis, can be understood to 

be the change in a specific cancer that is not explained by either the national change in 

cancer or by the cancer specific changes that occurred across all regions. This change is 

theoretically attributable to a particular factor of the local region. Tables 9 – 13 list the 

top and bottom 25 local share percentages with region and cancer type by gender for 

2007–2011. The percentages listed represent the total change that would have occurred 

within that particular region not factoring NGE or CM. A large positive LS is indicative 

of a factor within a specific region that is possibly associated with an increase in that 

region’s cancer incidence rate. Subsequently, a large negative local share is indicative of 

a factor that possibly lowers the cancer incidence rate in a region. These factors can 

manifest in a variety of forms, from carcinogens, to implemented policies, to a lack of 

public health education.  

 

Table 9 Top 25 Male Cancer Local Share Percentages Between 2007–2011 

 Country Region Percentage Cancer 

1 Wales Powys Teaching 598.53%  Prostate 

2 Ireland HSE West 334.55%  Breast 

3 Sweden Värmlands län 328.14%  Esophagus 

4 Germany Bremen 277.11%  Breast 

5 Sweden Dalarnas län 231.74%  Breast 

6 Sweden Kronobergs län 223.73%  Esophagus 

7 Scotland Highland and Argyll 222.11%  Breast 
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8 Sweden Södermanlands län 213.02%  Breast 

9 Sweden Gotlands län 176.04%  Kidney 

10 Wales Powys Teaching 169.53%  Kidney 

11 Sweden Örebro län 162.25%  Esophagus 

12 Sweden Uppsala län 154.01%  Pancreas 

13 Ireland HSE South 144.74%  Breast 

14 Scotland Orkney 144.02%  Bladder 

15 Sweden Västerbottens län 142.91%  Esophagus 

16 Sweden Jönköpings län 137.67%  Breast 

17 Sweden Blekinge län 135.85%  Melanoma 

18 Sweden Norrbottens län 135.71%  Esophagus 

19 Sweden Örebro län 133.97%  Pancreas 

20 Sweden Värmlands län 131.57%  Melanoma 

21 Netherlands Zeeland 130.84%  Pancreas 

22 Scotland Western Isles 127.23%  Pancreas 

23 Scotland Ayrshrire and Arran 127.11%  Breast 

24 Denmark Central Jutland Region 127.11%  Breast 

25 Sweden Jämtlands län 117.39%  Non-Hodgkin’s lymphoma 

 

Table 9 lists the top 25 highest percentages for males according to region. 

Percentage changes are listed according to region as opposed to cancer; thus, some 

regions are listed more than once for different cancers (such as Powys Teaching). A 

higher percentage indicates that a region experienced an increase in cancer specific 

incidence from 2007–2011 compared to other regions, not factoring NGE or CM. Sweden 

features the most regions within the top 25 with 14 of the 25 regions listed being located 

in Sweden. Scotland contained the next highest number, with 4 regions in the top 25. 

Powys Teaching in Wales showed the highest LS increase for the time period, 598.53%, 

nearly doubling the second highest region, HSE West with 334.55%. Changes in breast 

cancer account for 9 of the top 25, esophagus for 5, and pancreas for 4. Due to the 



79 

 

extremely low incidence rate of breast cancer in men, these changes are largely due to 

fluctuations in smaller incidence rates. Certain regions in the study area featured small 

populations and thus percentage increases within these regions may be significantly 

higher than in other regions that feature a much higher population. Table 10 contains the 

population statistics of certain regions in this analysis that may exhibit large shifts in 

percentages due to smaller populations.  

 

Table 10 Population Statistics of Smaller Regions 

Country Region Total Population (Year) Source 

Wales Powys Teaching 133,000 (2015) 

(Powys Teaching 

Health Board 2016) 

Ireland HSE West 1,018,946 (2011) 

(Ireland Central 

Statistics Office 

2014) 

Sweden Värmlands län 272,773 (2011) 

(Statistics Sweden 

2016) 

Sweden Norrbottens län 248,421 (2011) 

(Statistics Sweden 

2016) 

Scotland Shetland 23,200 (2011) 

(National Records of 

Scotland 2013) 

Scotland Orkney 21,400 (2011) 

(National Records of 

Scotland 2013) 

Scotland Western Isles 27,700 (2011) 

(National Records of 

Scotland 2013) 

 

 

Table 11 Bottom 25 Male Cancer Local Share Percentages between 2007–2011 

 Country Region Percentage Cancer 

1 Scotland Dumfries and Galloway -97.89%  Breast 

2 Netherlands Flevoland -97.89%  Breast 

3 Scotland Forth Valley -97.89%  Breast 

4 Sweden Gävleborgs län -97.89%  Breast 

5 Sweden Hallands län -97.89%  Breast 

6 Sweden Jämtlands län -97.89%  Breast 

7 Sweden Kalmar län -97.89%  Breast 
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8 Scotland Orkney -97.89%  Breast 

9 Scotland Dumfries and Galloway -89.33%  Melanoma 

10 Sweden Uppsala län -78.80%  Esophagus 

11 Finland Turku -75.66%  Breast 

12 Scotland Western Isles -75.54%  Melanoma 

13 Sweden Gävleborgs län -69.36%  Pancreas 

14 Netherlands Drenthe -66.15%  Breast 

15 Scotland Orkney -64.88%  Stomach 

16 Wales Betsi Cadwaladr University -63.83%  Lung 

17 Sweden Gotlands län -63.42%  Stomach 

18 Sweden Västernorrlands län -62.76%  Brain 

19 Scotland Borders -61.75%  Non-Hodgkin’s lymphoma 

20 Scotland Orkney -60.39%  Esophagus 

21 Scotland Orkney -58.66%  Colorectal 

22 Netherlands Zeeland -57.38%  Breast 

23 Scotland Western Isles -56.99%  Bladder 

24 Scotland Borders -56.22%  Breast 

25 Sweden Västerbottens län -55.59%  Kidney 

 

A list of the bottom 25 LS percentages can be found in Table 11, contrasting with 

the earlier Table 9, which listed the top 25. Regions listed in Table 11 exhibited the 

highest decreases in cancer rates for men across all regions and cancers, excluding NGE 

and CM. The most immediate observation is that the top 8 regions all exhibit the same 

percentage decrease, -97.89%, for breast cancer. Percentages for these LS changes are 

due to regions reporting initial values of breast cancer in 2007 then reporting values of 0 

in 2011. This resulted in static percentages of 1.55% for NGE and -3.66% for CM with 

the remainder (LS) being -97.89% consistently. The uniform change in percentage is due 

to regions reporting a breast cancer incidence rate of 0 or declaring the value not 

significant in 2011. Additionally, the lower prevalence of breast cancer among men 
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makes this decrease less noteworthy than one might initially expect. Scotland features the 

most regions in the bottom 25 listing, with 11 of the 25 regions belonging to Scotland. 

Regions of Sweden are also heavily featured in the bottom 25 list with 9 regions present. 

This suggests an eclectic variation in cancer incidence by region within both Sweden and 

Scotland as it features the most regions in both the top and bottom list of percentages. 

Dumfries and Galloway, Scotland demonstrates the greatest LS decrease in incidence 

among all regions, first in breast cancer and subsequently in melanoma. The cancer area 

of greatest decreased incidence is breast cancer, shown in 9 of the bottom 25.  
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Table 12 Top 25 Female Cancer Local Share Percentages between 2007–2011 

 

Country Region Percentage Cancer 

1 Sweden Norrbottens län 653.78%  Esophagus 

2 Scotland Shetland 605.10%  Lung 

3 Scotland Orkney 547.87%  Pancreas 

4 Scotland Western Isles 262.94%  Melanoma 

5 Sweden Jämtlands län 260.24%  Kidney 

6 Sweden Östergötlands län 215.34%  Cervix 

7 Scotland Borders 179.14%  Breast 

8 Scotland Western Isles 177.85%  Breast 

9 Scotland Western Isles 174.66%  Esophagus 

10 Sweden Gotlands län 156.72%  Melanoma 

11 Denmark Central Jutland Region 153.16%  Melanoma 

12 Sweden Blekinge län 152.91%  Kidney 

13 Sweden Jämtlands län 141.35%  Melanoma 

14 Scotland Orkney 141.27%  Breast 

15 Scotland Western Isles 139.28%  Pancreas 

16 Sweden Kalmar län 138.51%  Ovary 

17 Finland Helsinki 136.37%  Melanoma 

18 Scotland Lanarkshire 130.79%  Pancreas 

19 Wales Powys Teaching 129.70%  Breast 

20 Scotland Orkney 127.80%  Esophagus 

21 Scotland Shetland 126.81%  Colorectal 

22 Scotland Shetland 123.81%  Non-Hodgkin’s Lymphoma 

23 Sweden Jönköpings län 107.14%  Pancreas 

24 Wales Powys Teaching 106.79%  Kidney 

25 Scotland Orkney 106.77%  Uterus 

 

Top percentages for female LS values were also calculated and are shown in table 

12. Top values for female percentages were substantially higher than those of men in 

table 11, which is noteworthy because of the general increased risk of cancer in men, 

which one would assume would lead to an increased growth rate (Dorak and Karpuzoglu 
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2012). The top 3 values for females were 653.78% in Norrbottens Ian, 605.10% in 

Shetland, and 547.87% in Orkney. It is also important to note that while 18 of the top 25 

LS percentages for males fall between three cancers, the composition of cancers in the 

female top 25 is more diverse. This change indicates a rise in certain cancers among men 

contrasted against a general rise in cancer among women. This could also speak to the 

efficacy of cancer screening programs for certain female specific cancers, such as breast 

cancer. Breast cancer only accounts for 4 of the top 25, falling second to melanoma 

which accounts for 5, and followed by a variety of others. Despite the differences 

between the male and female top LS percentages, there are some notable commonalities, 

such as the region locations. Sweden and Scotland, which dominated the top locations for 

males, likewise dominate in the top female list with 13 regions of Scotland present and 9 

regions of Sweden. Additionally, many of the same regions are present in both male and 

female lists, including: Powys Teaching, Western Isles, Orkney, Orebro, and Jämtlands 

län. 
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Table 13 Bottom 25 Female Cancer Local Share Percentages between 2007–2011 

 Country Region Percentage Cancer 

1 Scotland Western Isles -111.83%  Non-Hodgkin’s Lymphoma 

2 Sweden Västmanlands län -107.34%  Esophagus 

3 Scotland Western Isles -104.73%  Cervix 

4 Sweden Hallands län -100.57%  Esophagus 

5 Scotland Shetland -98.19%  Brain 

6 Sweden Kalmar län -96.14%  Esophagus 

7 Scotland Orkney -91.77%  Stomach 

8 Sweden Western Isles -89.13%  Kidney 

9 Wales Powys Teaching -88.64%  Cervix 

10 Scotland Borders -85.12%  Melanoma 

11 Scotland Dumfries and Galloway -79.61%  Melanoma 

12 Scotland Orkney -79.21%  Non-Hodgkin’s Lymphoma 

13 Scotland Shetland -77.61%  Breast 

14 Sweden Södermanlands län -75.48%  Esophagus 

15 Scotland Borders -73.27%  Kidney 

16 Sweden Jämtlands län -67.73%  Non-Hodgkin’s Lymphoma 

17 Sweden Kalmar län -67.55%  Cervix 

18 Sweden Kuopio -67.34%  Esophagus 

19 Wales Powys Teaching -67.33%  Uterus 

20 Sweden Norrbottens län -67.00%  Melanoma 

21 Scotland Highland and Argyll -66.77%  Melanoma 

22 Scotland Western Isles -65.31%  Lung 

23 Netherlands Flevoland -64.35%  Pancreas 

24 Scotland Western Isles -64.25%  Ovary 

25 Sweden Jönköpings län -62.45%  Esophagus 

 

Table 13 lists the bottom 25 female LS percentages, which displays those regions 

which had a decrease in cancer incidence between 2007–2011 according to LS only. 

Western Isles in Scotland showed the most significant decrease in incidence with  

-111.83% in non-Hodgkin’s lymphoma, and a lower decrease of 89.13% in renal cancer. 
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This is interesting due to the fact that Western Isles finds itself on both the top 25 and 

bottom 25 lists several times for different cancers. Regions such as Western Isles and 

Orkney exhibit high confidence intervals in cancer incidence than other more populated 

regions; this should be taken into account when examining their respective incidence 

rates (Bate and Baker 2015). Bottom 25 lists for both genders show many similar trends. 

Twenty of the bottom 25 regions for males are from either Scotland or Sweden; likewise, 

22 of the bottom regions for females are also from Scotland or Sweden. Table 14 lists 

average percentages for the top and bottom 10 cancer LS, showing a difference of 2% 

between the male and female bottom 10 average. Most commonly listed cancers for the 

bottom 25 for females include: 6 of the 25 for esophageal cancer, 4 for melanoma, and 3 

for non-hodgkin’s lymphoma. 

 

Table 14 Average Local Share Percentages for top/bottom 10 between 2007–2011 

Gender Position Percentage 

Males Top 10 Average 277.45% 

Males Bottom 10 Average -95.13% 

Females Top 10 Average 323.36% 

Females Bottom 10 Average -97.35% 

 

  For example, the ‘HSE West’ region of Ireland had a 19.11% decrease in 

esophageal cancer for males for 2007–2011. Since only .57% of that change is explained 

by NGE and CM, the remaining percentage (-19.68%) change for esophageal cancer is 

the local share of the cancer within the region. This large negative number describes how 

much of the change of esophageal cancer within the region itself would have decreased if 
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the region were the only influencing factor. However, both the NGE and CM also 

influence the rate of esophageal cancer locally and help to explain the actual change. The 

shift-share model is set up so that the sum of the NGE, CM, and LS percentages equal the 

overall change between the years for each particular cancer. Since the NGE and CM 

show an increase in the incidence of esophageal cancer of 0.57%, this offsets the 

decreased incidence rate of -19.68% and reduces it to -19.11% which is the actual rate of 

change for male esophageal cancer from 2007–2011 in HSE West, Ireland.  

 The greatest local percentage change for males was an increase of 598.53% for 

prostate cancer in Powys Teaching HB, Wales. The reasoning behind this large incidence 

is not clearly understood, however, a lack of public awareness is thought to be a key 

contributor, resulting in a push for prostate cancer education throughout all of Wales 

(“Prostate Cymru | The Prostate Cancer Charity For Wales” 2016; “Public Awareness 

Study” 2016).  

Multiple Regression Analysis 
In order to better understand the findings across the study area, a multiple 

regression analysis was employed on both EASR and local share results. This analysis 

included static independent variables across all cancers as well as Independent Variables 

(IV) relating to specific cancers. Variables were chosen with regard to their possible 

relationship to medical treatment in general or to their relationship with certain types of 

cancer. Regressions were conducted for each of the years involved in the study and for 

each of the cancer types. Due to the high multicollinearity that exists between some of 

these variables, a PCA analysis was used to combine similar variables. Table 15 shows 
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Pearson’s correlations between the various IVs used in this analysis, values above a 0.50/ 

below a -0.50 are shown in red. A value above 0.50 indicates a high level of correlation 

that could influence results.  
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Table 15 Pearson's Correlation between original variables 
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Table 16 Variable Abbreviations for Pearson’s correlation 

Abbreviation Variable 
A Latitude 

B GDP according to Purchasing Power Standard (PPS) 

C Population Density 

D Consumption of Fish 

E Consumption of Red Meat 

F Healthcare Workforce 

G Percentage of Population with at-home Internet Access 

H Patient Rights and Information Access 

I Pharmaceuticals 

J Coastal 

K Healthcare Accessibility 

L Range and Reach of Health Services 

M Disease Prevention 

N Tuberculosis 

O Gonococcal Infections 

P AIDS 

Q HIV 

R Percentage of Daily Smokers in the Population 

S Alcohol Consumption 

T Abortions Per 1,000 Live Births 

*Values greater than 0.5 or -0.5 are indicated in red 

 

Table 17 Variable Modifications for MRA 

Variable Modification 
Latitude None 

GDP according to Purchasing Power Standard 

(PPS) 

Combined into GDP and Population Density 

Population Density Combined into GDP and Population Density 

Consumption of Fish Dropped 

Consumption of Red Meat None 

Healthcare Workforce Dropped due to insufficient data 

Percentage of Population with at-home Internet 

Access 

Dropped 

Patient Rights and Information Access Dropped 

Pharmaceuticals Dropped 

Coastal None 

Healthcare Accessibility None 

Range and Reach of Health Services Dropped 

Disease Prevention Dropped 

Tuberculosis Combined into Drinking, and Infections 

Gonococcal Infections Dropped due to insufficient data 

AIDS Combined into Drinking and Infections 

HIV Combined into Drinking and Infections 

Percentage of Daily Smokers in the Population Dropped due to Insufficient Data 

Alcohol Consumption Combined into Drinking and Infections 
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Abortions Per 1,000 Live Births Dropped 

 

Variables that were either modified through Principal Component Analysis (PCA) 

or dropped from the analysis are shown in table 17. Variables were dropped only if they 

showed a high correlation (above 0.5) to other variables in the analysis for the sake of 

parsimony. Those variables which showed strong correlations and were categorically 

related were pooled through a PCA analysis into an archetypal group variable. Those 

variables which showed less than a 0.5 correlation to other variables were unchanged. 

Table 17 displays the final variables that were utilized in the regression analysis. A pair 

of cancer specific variables, meat consumption and latitude, are confined to specific 

cancers with which they are theoretically believed to have a relationship (Larsson and 

Wolk 2012; Bouvard et al. 2015; Zaidi et al. 2011).  

 

Table 18 Pearson Correlations of Finalized Regression Variables 

  

Disease and 

Alcohol 
Consumption 

GDP and 

Population 
Density Latitude 

Consumption 
of Meat Coastal 

GDP and Population 

Density -0.00241     

Latitude -0.49171 -0.20236    

Consumption of Meat 0.084151 0.069833 -0.29462   

Coastal 0.073791 -0.26973 0.314116 0.071858  

Healthcare Accessibility -0.03167 0.181982 -0.42454 0.348909 -0.24476 

 

PCA was utilized in this research as a method to combine predictor variables that 

were highly correlated with one another, meaning that they seemed to represent similar 

phenomena. The newly created variable is used as a representation for the variables from 
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which it stems, although the ability to determine coefficient changes is lost. PCA has 

often been associated with multiple regression to deal with issues of multicollinearity 

between variables (Rajab, Matjafri, and Lim 2013; Li et al. 2015). PCA was conducted 

on GDP and Population Density variables for every year due to the change in these 

values on a yearly basis. PCA was also conducted on TB, AIDS, HIV, and alcohol, 

combining them into a single variable: alcohol consumption and infections. A yearly rate 

for alcohol consumption and infections could not be calculated due to lack of data. Table 

19 lists the eigenvalues of the GDP and Population Density PCA, while Table 20 lists 

values for the PCA of TB, AIDS, HIV, and alcohol consumption. 

 

Table 19 PCA Eigenvalues for GDP & Population Density 

Year Component 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % 

2011 

1 1.512 75.599 75.599 1.512 75.599 75.559 

2 .488 24.401 100.000    

2010 

1 1.540 77.020 77.020 1.540 77.020 77.020 

2 .460 22.980 100.000       

2009 

1 1.583 79.167 79.167 1.583 79.167 79.167 

2 .417 20.833 100.000       

2008 

1 1.550 77.496 77.496 1.550 77.496 77.496 

2 .450 22.504 100.000       

2007 

1 1.596 79.786 79.786 1.596 79.786 79.786 

2 .404 20.214 100.000     
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Table 20 PCA Eigenvalues for TB, AIDS, HIV, and Alcohol consumption 

Year Component 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % 

2007- 

2011 

1 2.767 69.181 69.181 2.767 69.181 69.181 

2 .690 17.252 86.433       

3 .527 13.165 99.598       

4 .016 .402 100.000       

 

Tables 21 & 22 provide a summary of regression results for the study according to 

male and female EASR. The tables display results for each type of cancer for each year 

according to R2, F-statistic, Significance of F (p-value), and the Jarque-Bera and 

Breusch-Pagan statistical tests. Additionally, results were divided between the outlier 

inclusive model and the model with outliers removed. The number of outliers removed 

did not exceed 10% of the data included in the model itself. In most cases, this meant less 

than 6 outlier provinces removed from the model, but never more than 9. Observations 

that exhibited extreme or substantially different residual values were removed from the 

analysis as outliers. Outliers were determined by examining the results of all residuals of 

the regression analysis and removing those observation values that were shown to be 

substantially different from the overall range of residual values.  

Aside from 4 exceptions, statistical models remained uniform for all cancers with 

the same IVs used for each model. The 4 general IVs used were Disease and Alcohol 

Consumption, Coastal, Healthcare Accessibility, and GDP & Population Density. Two 

additional IVs, latitude and red meat consumption, were included only in specific cancer 

models due to literature suggesting their impact on incidence rates for those cancers 
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(World Health Organization 2015; Newton-Bishop et al. 2011). Latitude was utilized as a 

representative variable for sunlight/UV exposure for melanoma. Higher red meat 

consumption has been linked to increased risk of developing colorectal, pancreatic, 

stomach, and prostate cancers and was utilized in those cancer models. Regressions were 

initially conducted with a classic OLS model, utilizing a spatial lag or spatial error model 

if dictated by the model diagnostics. A common model was used for each cancer 

dependent on the most frequently prescribed model across all years for that specific 

cancer. Model specifications for all cancers were consistent across genders. 

  R2 , also called the coefficient of determination, is a statistical descriptor of the 

model that ranges from 0 to 1.0. This value indicates what percent of the variance in the 

dependent variable is explained by the independent variable(s). A value of 1.0 would 

indicate the model perfectly fits the data being examined, and a value of 0 would indicate 

no explanatory power from the model. The F and significance (p-value) values are 

measurements used to determine if it is appropriate to reject the null hypothesis that the 

model has no explanatory power for explaining cancer incidence rates. A critical F value 

and a significance of p ≤ 0.05 would reject the null hypothesis. Original models with 

outliers featured an N of 97 for 2007, an N of 98 for 2008-2010, and an N of 99 for 2011. 

 

Table 21 Female Regression Results 

 Original Model including outliers Modified Model excluding outliers 

Cancer Variables R2 F F-sig J-B B-P R2 F F-sig J-B B-P N 

Breast 

2007 0.05 2.10 0.07 0.01 0.01 0.22 6.27 0.01 0.52 0.34 91 

2008 0.07 2.63 0.02 0.01 0.01 0.10 2.31 0.06 0.39 0.01 94 

2009 0.16 4.12 0.01 0.01 0.01 0.11 2.48 0.04 0.01 0.03 93 

2010 0.05 2.06 0.07 0.01 0.01 0.16 3.72 0.01 0.12 0.85 90 

2011 0.11 3.01 0.02 0.39 0.02 - - - - -  

Colorectal 2007 0.12 3.26 0.01 0.75 0.01 0.56 7.94 0.00e 0.37 0.30 91 



94 

 

2008 0.21 3.84 0.01 0.55 0.02 0.23 2.94 0.01 0.87 0.18 92 

2009 0.24 3.04 0.01 0.11 0.01 - - - - -  

2010 0.12 3.33 0.01 0.88 0.01 0.19 4.15 0.01 0.22 0.01 92 

2011 0.19 3.41 0.01 0.01 0.01 - - - - -  

Lung 

2007 0.28 8.48 0.00e 0.01 0.01 0.50 23.09 0.00e 0.33 0.02 89 

2008 0.39 16.70 0.00e 0.27 0.21 - - - - -  

2009 0.36 14.65 0.00e 0.06 0.18 - - - - -  

2010 0.38 15.89 0.00e 0.21 0.45 - - - - -  

2011 0.35 14.27 0.00e 0.28 0.15 - - - - -  

Melanoma 

2007 0.09 0.50 0.76 0.47 0.71 - - - - -  

2008 0.18 2.39 0.04 0.02 0.39 0.21 2.84 0.01 0.30 0.80 92 

2009 0.19 3.23 0.01 0.49 0.50 - - - - -  

2010 0.17 5.11 0.01 0.69 0.01 0.36 8.35 0.00e 0.49 0.33 91 

2011 0.24 2.04 0.07 0.24 0.51 - - - - -  

Bladder 

2007 0.20 6.09 0.00e 0.01 0.94 0.29 10.00 0.00e 0.01 0.12 89 

2008 0.14 5.10 0.01 0.41 0.02 - - - - -  

2009 0.12 2.63 0.02 0.01 0.40 0.14 5.10 0.01 0.41 0.02 92 

2010 0.17 6.14 0.01 0.16 0.19 - - - - -  

2011 0.13 4.10 0.01 0.02 0.23 0.18 6.38 0.01 0.08 0.90 94 

Non-

Hodgkin’s 

Lymphoma 

2007 0.26 8.00 0.00e 0.41 0.46 - - - - -  

2008 0.13 2.81 0.02 0.01 0.01 0.30 9.45 0.00e 0.36 0.62 91 

2009 0.14 4.37 0.01 0.01 0.01 0.34 11.53 0.00e 0.71 0.53 92 

2010 0.25 7.74 0.00e 0.01 0.18 0.37 12.46 0.00e 0.65 0.71 92 

2011 0.12 3.86 0.01 0.01 0.01 0.43 16.80 0.00e 0.88 0.10 94 

Kidney 

2007 -0.02 0.50 0.77 0.01 0.01 0.09 2.12 0.08 0.35 0.47 91 

2008 0.06 2.26 0.05 0.00 0.01 0.23 6.30 0.00e 0.77 0.03 92 

2009 0.23 7.04 0.00e 0.00 0.01 0.26 7.41 0.00e 0.40 0.35 94 

2010 0.15 4.59 0.01 0.01 0.17 0.20 4.11 0.01 0.92 0.41 92 

2011 0.05 2.15 0.06 0.00 0.01 0.18 4.94 0.01 0.46 0.11 93 

Pancreas 

2007 0.02 0.32 0.85 0.50 0.33 - - - - -  

2008 0.09 2.61 0.02 0.01 0.01 0.12 3.53 0.01 0.99 0.33 90 

2009 0.01 1.13 0.34 0.00 0.00 0.02 1.43 0.21 0.02 0.68 92 

2010 0.09 2.76 0.01 0.01 0.01 0.34 10.54 0.00e 0.08 0.38 91 

2011 0.10 2.94 0.01 0.01 0.11 0.15 4.41 0.01 0.91 0.55 92 

Stomach 

2007 0.17 1.43 0.21 0.46 0.59 - - - - -  

2008 0.20 0.11 4.07 0.15 0.05 - - - - -  

2009 -0.07 0.92 0.47 0.01 0.01 0.15 2.45 0.03 0.71 0.45 91 

2010 0.06 2.14 0.05 0.50 0.01 0.18 2.01 0.08 0.40 0.91 91 

2011 0.15 1.75 0.13 0.27 0.17 - - - - -  

Uterus 

2007 0.22 6.66 0.00e 0.01 0.01 0.34 12.83 0.00e 0.01 0.01 92 

2008 0.13 4.08 0.01 0.01 0.01 0.21 7.36 0.00e 0.99 0.03 92 

2009 0.10 3.27 0.01 0.01 0.01 0.30 10.97 0.00e 0.09 0.02 92 

2010 0.10 3.30 0.01 0.01 0.01 0.12 4.25 0.01 0.98 0.20 91 

2011 0.11 3.53 0.01 0.01 0.01 0.19 6.70 0.00e 0.01 0.04 94 

Ovary 

2007 0.38 13.00 0.00e 0.01 0.12 0.52 25.89 0.00e 0.21 0.81 92 

2008 0.23 7.08 0.00e 0.01 0.01 0.31 11.80 0.00e 0.69 0.06 93 

2009 0.37 15.78 0.00e 0.10 0.06 - - - - -  

2010 -0.01 0.95 0.44 0.01 0.01 0.44 20.27 0.00e 0.01 0.01 98 

2011 0.38 13.22 0.00e 0.01 0.01 0.36 13.95 0.00e 0.01 0.01 93 

Esophagus 

2007 0.65 37.16 0.00e 0.01 0.43 0.77 77.60 0.00e 0.28 0.78 91 

2008 0.67 40.67 0.00e 0.01 0.01 - - - - -  

2009 0.70 46.67 0.00e 0.01 0.72 0.75 72.38 0.01 0.34 0.53 93 

2010 0.65 37.52 0.00e 0.01 0.01 0.65 47.10 0.01 0.01 0.01 98 

2011 0.70 47.03 0.00e 0.01 0.09 0.78 85.53 0.00e 0.14 0.99 91 

Brain 
2007 0.68 43.43 0.00e 0.01 0.01 0.69 50.70 0.00e 0.57 0.01 89 

2008 0.59 30.0 0.00e 0.01 0.01 0.59 33.87 0.00e 0.51 0.35 91 
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2009 0.67 40.87 0.00e 0.04 0.03 0.63 39.96 0.00e 0.53 0.51 92 

2010 0.75 61.83 0.00e 0.01 0.01 0.66 44.19 0.00e 0.01 0.01 90 

2011 0.65 37.73 0.00e 0.01 0.21 0.67 49.23 0.00e 0.44 0.36 92 

Cervix 

2007 0.13 0.46 0.76 0.11 0.36 - - - - -  

2008 0.05 0.85 0.49 0.30 0.19 - - - - -  

2009 0.08 1.06 0.37 0.03 0.04 - - - - -  

2010 -0.01 0.44 0.44 0.01 0.01 0.12 1.18 0.32 0.35 0.81 92 

2011 0.01 0.19 0.96 0.01 0.01 0.07 1.34 0.26 0.22 0.14 94 
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Table 22 Male Regression Results 

 Original Model including outliers Modified Model excluding outliers 

Cancer Variables 
R2 F F-sig J-B B-P R2 F 

F-

sig J-B B-P N 

Breast 

2007 -0.02 0.50 0.76 0.01 0.04 0.06 1.24 0.29 0.10 0.82 91 

2008 0.01 1.23 0.29 0.01 0.21 0.07 0.36 0.83 0.62 0.37 91 

2009 0.05 2.09 0.07 0.01 0.02 0.13 2.67 0.03 0.43 0.15 90 

2010 0.14 4.01 0.01 0.28 0.84 - - - - -  

2011 0.08 1.84 0.12 0.11 0.05 - - - - -  

Colorectal 

2007 0.43 8.96 0.00e 0.32 0.01 - - - - -  

2008 0.39 11.75 0.00e 0.01 0.01 - - - - -  

2009 0.33 9.12 0.00e 0.01 0.01 - - - - -  

2010 0.32 7.35 0.00e 0.01 0.01 - - - - -  

2011 0.31 8.58 0.00e 0.01 0.01 0.49 16.29 0.00e 0.02 0.01 90 

Lung 

2007 0.46 17.59 0.00e 0.00 0.01 0.60 36.05 0.00e 0.01 0.01 91 

2008 0.65 46.36 0.00e 0.92 0.05 - - - - -  

2009 0.54 30.30 0.00e 0.01 0.01 - - - - -  

2010 0.56 31.90 0.00e 0.49 0.01 - - - - -  

2011 0.56 33.05 0.00e 0.01 0.01 - - - - -  

Melanoma 

2007 0.07 2.56 0.03 0.00 0.10 0.15 2.73 0.02 0.00 0.04 92 

2008 0.18 4.06 0.002 0.93 0.96 - - - - -  

2009 0.25 5.94 0.00e 0.43 0.83 - - - - -  

2010 0.04 1.96 0.09 0.01 0.75 0.16 2.09 0.07 0.07 0.80 90 

2011 0.29 4.55 0.0009 0.56 0.68 - - - - -  

Bladder 

2007 0.16 4.86 0.0005 0.01 0.63 0.22 8.04 0.00e 0.01 0.01 97 

2008 0.21 6.17 0.00e 0.01 0.11 0.33 12.16 0.00e 0.01 0.01 89 

2009 0.19 5.80 0.0001 0.01 0.40 0.34 12.85 0.00e 0.01 0.13 91 

2010 0.25 7.48 0.00e 0.01 0.17 0.35 13.47 0.00e 0.01 0.40 90 

2011 0.23 7.08 0.00e 0.01 0.43 0.39 15.75 0.00e 0.17 0.41 92 

Non-

Hodgkin’s 

Lymphoma 

2007 0.02 1.49 0.20 0.01 0.01 0.30 8.44 0.00 0.35 0.99 90 

2008 0.32 10.21 0.00e 0.01 0.01 0.40 14.87 0.37 0.39 0.50 94 

2009 0.20 5.88 0.00e 0.01 0.01 0.37 13.04 0.00e 0.34 0.50 92 

2010 0.24 7.37 0.00e 0.01 0.12 0.36 11.78 0.00e 0.37 0.13 90 

2011 0.25 7.63 0.00e 0.02 0.01 0.30 9.76 0.00e 0.52 0.54 94 

Kidney 

2007 0.11 3.47 0.006 0.01 0.04 0.22 4.27 0.01 0.57 0.25 91 

2008 0.10 3.15 0.01 0.01 0.01 0.20 4.62 0.01 0.70 0.10 91 

2009 0.25 6.91 0.00e 0.01 0.01 - - - - -  

2010 0.06 2.39 0.04 0.10 0.01 0.18 2.33 0.06 0.51 0.07 92 

2011 0.18 5.46 0.0001 0.01 0.01 0.20 5.28 0.01 0.32 0.01 93 

Pancreas 

2007 -0.02 0.52 0.75 0.13 0.08 - - - - -  

2008 0.15 3.92 0.001 0.01 0.19 0.25 7.22 0.00e 0.46 0.43 92 

2009 0.22 5.69 0.00e 0.01 0.01 0.27 8.02 0.00e 0.86 0.79 93 

2010 0.12 3.87 0.01 0.01 0.08 - - - - -  

2011 0.07 2.41 0.03 0.01 0.01 0.13 2.72 0.02 0.55 0.12 95 

Stomach 

2007 0.13 3.97 0.002 0.04 0.89 0.38 2.20 0.06 0.36 0.99 91 

2008 0.12 3.83 0.003 0.01 0.01 0.43 7.20 0.00e 0.08 0.75 90 

2009 0.24 4.52 0.01 0.46 0.81 - - - - -  

2010 0.18 1.98 0.08 0.05 0.21 - - - - -  

2011 0.13 4.13 0.001 0.57 0.11 0.35 3.76 0.01 0.55 0.68 93 

Esophagus 

2007 0.76 63.81 0.00e 0.53 0.02 0.71 56.80 0.00e 0.67 0.32 90 

2008 0.76 62.56 0.00e 0.01 0.01 0.83 

113.4

7 0.00e 0.47 0.30 

92 

2009 0.70 48.27 0.00e 0.01 0.01 0.80 98.60 0.00e 0.45 0.91 93 

2010 0.68 43.59 0.00e 0.01 0.01 0.80 96.60 0.00e 0.48 0.24 91 

2011 0.67 42.18 0.00e 0.01 0.04 0.75 74.88 0.00e 0.05 0.29 95 

Brain 2007 0.50 20.21 0.00e 0.03 0.11 0.43 18.22 0.00e 0.33 0.64 91 
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2008 0.24 7.19 0.00e 0.01 0.01 0.43 18.24 0.00e 0.64 0.22 91 

2009 0.33 10.98 0.00e 0.01 0.01 0.34 13.18 0.00e 0.07 0.45 93 

2010 0.28 8.72 0.00e 0.01 0.01 0.49 23.03 0.00e 0.47 0.11 92 

2011 0.25 7.71 0.00e 0.01 0.01 0.37 15.20 0.00e 0.78 0.29 94 

Prostate 

2007 0.29 7.71 0.00e 0.01 0.01 0.52 18.01 0.01 0.94 0.59 91 

2008 0.17 4.97 0.01 0.01 0.01 0.42 11.50 0.00e 0.16 0.12 91 

2009 0.38 11.24 0.00e 0.01 0.01 0.66 29.96 0.00e 0.38 0.29 90 

2010 0.03 1.54 0.17 0.01 0.01 0.57 17.80 0.00e 0.64 0.58 90 

2011 0.33 5.50 0.01 0.01 0.01 - - - - -  

 

 Tables 21 & 22 list regression results from models with all outliers included in the 

analysis and models without outliers. Outlier observations were removed from initial 

regression models that contained a significant J-B or B-P test result. At maximum only 

10% of observations were removed to attempt to provide a more reliable regression 

model, which was sufficient in almost all instances. Observations chosen for removal 

were done so according to an examination of residual values for each observation. 

Observations found to contain inordinately high or low residual values were removed in 

sequential order not to exceed 10% of the total observations. The most commonly 

removed regions were from Wales, Scotland, and Sweden. In the case of prostate cancer 

in 2010, all regions of Wales were removed from the analysis with the exception of 

Abertawe Bro Morgannwg University. The Orkney region of Scotland was also removed 

from several models for both genders, as was the Gotlands Ian region of Sweden. In the 

case of Orkney one possible explanation for this is that Orkney is a rather isolated 

archipelago on the northern tip of Scotland and it may be geographically difficult to 

retrieve reliable data for this region.  
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Table 23 Breast Cancer Coefficients - Spatial Lag Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

W 

(Lag) 

2007 

(F) 0.22 

6.27 

(0.01) 

0.05 

(0.01) 

0.03 

(0.19) 

-0.0003 

(0.22) 

0.02 

(0.13) 

0.14 

(0.56) 

2008 

(F) 0.10 

2.31 

(0.06) 

0.04 

(0.01) 

0.04 

(0.04) 

0.0002 

(0.54) 

0.01 

(0.32) 

-0.20 

(0.51) 

2009 

(F) 0.11 

2.48 

(0.04) 

0.05 

(0.01) 

0.04 

(0.22) 

0.0001 

(0.67) 

0.01 

(0.52) 

-0.23 

(0.43) 

2010 

(F) 0.16 

3.72 

(0.01) 

0.05 

(0.01) 

-0.01 

(0.65) 

-0.0002 

(0.42) 

0.002 

(0.86) 

-0.28 

(0.35) 

2011 

(F) 0.11 

3.01 

(0.02) 

0.03 

(0.03) 

0.02 

(0.39) 

-0.0005 

(0.20) 

0.004 

(0.75) 

-0.04 

(0.88) 

2007 

(M) 0.06 

1.24 

(0.29) 

0.03 

(0.37) 

-0.15 

(0.05) 

-0.0006 

(0.34) 

0.01 

(0.61) 

-0.27 

(0.37) 

2008 

(M) 0.07 

0.36 

(0.83) 

-0.04 

(0.24) 

-0.03 

(0.63) 

-0.001 

(0.13) 

0.02 

(0.39) 

-0.72 

(0.02) 

2009 

(M) 0.13 

2.67 

(0.03) 

0.04 

(0.26) 

-0.11 

(0.19) 

-0.0006 

(0.56) 

0.07 

(0.06) 

0.39 

(0.07) 

2010 

(M) 0.14 

4.01 

(0.01) 

0.03 

(0.55) 

-0.12 

(0.26) 

0.004 

(0.55) 

0.05 

(0.25) 

-0.009 

(0.97) 

2011 

(M) 0.08 

1.84 

(0.12) 

-0.02 

(0.67) 

-0.12 

(0.25) 

0.001 

(0.19) 

0.075 

(0.14) 

-0.31 

(0.32) 

* Outliers were removed for 2007(F), 2008(F), 2009(F), 2010(F), 2007(M), 

2008(M), 2009(M) 

 

 Regression model results for breast cancer in Table 23 showed little to moderate 

explanatory power in either gender. A spatial lag model was used to account for any 

spatial autocorrelation present in the residuals. Additionally, model outliers were 

removed for many years to adjust for issues of normality and heteroscedasticity. The 4 

baseline independent variables shown in Table 23 were used as predictors across all 

years.  

R2 values for female breast cancer tended to be slightly higher than those for male 

breast cancer. This is most likely the result of the relatively low incidence rate of breast 

cancer in men, with the average regional EASR being 0.77 for 2011. Additionally, many 

countries formally report breast cancer incidence rates at effectively zero or near zero in 
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men due to its very low occurrence rate. All female models displayed significant F test 

scores except for 2008, contrasted with male breast cancer models, which only showed 

significance for 2009 and 2010. Disease and alcohol consumption female coefficients 

showed a positive significant relationship to breast cancer across all years. This suggests 

that, as disease and alcohol consumption increases, so does the incidence rate of breast 

cancer. Disease and alcohol consumption were insignificant across all years for males. 

The nominal IV, Coastal, also showed a positive relationship with breast cancer but the 

results were largely insignificant. Additional IVs, including the spatial lag IV, W, all 

featured mostly insignificant coefficients. 

 

Table 24 Colorectal Cancer Coefficients - Spatial Error Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

Red 

Meat 

Cons. 

Lambda 

(Error) 

2007 

(F) 0.56 

7.94 

(0.01) 

0.05 

(0.36) 

-0.009 

(0.76) 

-0.003 

(0.01) 

-0.02 

(0.07) 

0.004 

(0.01) 

0.89 

(0.01) 

2008 

(F) 0.23 

2.94 

(0.01) 

0.02 

(0.40) 

0.004 

(0.91) 

0.0009 

(0.14) 

-0.009 

(0.56) 

0.002 

(0.01) 

0.56 

(0.01) 

2009 

(F) 0.24 

3.04 

(0.01) 

0.06 

(0.17) 

-0.03 

(0.44) 

0.0008 

(0.34) 

-0.03 

(0.08) 

0.002 

(0.10) 

0.61 

(0.01) 

2010 

(F) 0.19 

4.15 

(0.01) 

0.0004 

(0.01) 

0.06 

(0.10) 

0.0004 

(0.27) 

0.01 

(0.46) 

0.002 

(0.01) 

-0.22 

(0.51) 

2011 

(F) 0.19 

3.41 

(0.01) 

3.63 

(0.01) 

0.20 

(0.92) 

0.02 

(0.51) 

-0.86 

(0.39) 

0.10 

(0.08) 

0.41 

(0.04) 

2007 

(M) 0.43 

8.96 

(0.01) 

0.36 

(0.91) 

-0.36 

(0.89) 

-0.15 

(0.01) 

-1.53 

(0.22) 

0.12 

(0.12) 

0.79 

(0.01) 

2008 

(M) 0.39 

11.75 

(0.01) 

9.16 

(0.01) 

-4.11 

(0.15) 

0.08 

(0.02) 

-3.01 

(0.02) 

0.10 

(0.17) 

0.09 

(0.71) 

2009 

(M) 0.33 

9.12 

(0.01) 

0.33 

(0.01) 

-3.40 

(0.27) 

0.05 

(0.21) 

-3.38 

(0.01) 

0.13 

(0.12) 

0.18 

(0.47) 

2010 

(M) 0.32 

7.35 

(0.01) 

8.81 

(0.01) 

-1.76 

(0.58) 

0.07 

(0.15) 

0.24 

(0.86) 

0.04 

(0.60) 

0.46 

(0.01) 

2011 

(M) 0.49 

16.29 

(0.01) 

0.12 

(0.01) 

-0.04 

(0.15) 

0.001 

(0.01) 

-0.01 

(0.54) 

0.001 

(0.06) 

0.18 

(0.37) 

* Outliers were removed for 2007(F), 2008(F), 2010(F), 2011(M) 
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Explanatory power R2 for colorectal cancer ranged from weak to moderate across 

various years. F tests across all years and both genders were statistically significant and 

outliers were only removed from 4 of the year models. A spatial error model was used 

across all years. The red meat consumption IV was added to all regressions in order to 

investigate its impact on colorectal cancer, as discussed in the press release from the 

World Health Organization which considered over 800 different studies of the impact of 

cancer (Bouvard et al. 2015). The red meat IV showed a positive relationship to 

colorectal cancer across the years, however it remained insignificant across two female 

years and all male years. The disease and alcohol consumption component variable, by 

contrast, showed a much clearer positive and significant relationship to colorectal cancer. 

The model suggests that as disease and alcohol consumption increases, there should be a 

corresponding positive increase in colorectal cancer incidence, which is in line with 

research elsewhere in the cancer literature (Fedirko et al. 2011) . Lambda, the spatial 

error variable, displayed a generally positive relationship to colorectal cancer, except for 

in 2010 for females. Additionally, lambda featured statistically significant coefficients for 

all female years, except for 2010 and in all years for males, except for 2008, 2009, and 

2011. A significant and positive relationship between lambda and colorectal cancer 

indicates that colorectal cancer rates in a single region are significantly correlated with 

the residuals in neighboring regions. Remaining IVs showed largely insignificant 

coefficients across the years.  
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Table 25 Lung Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 F 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

2007 

(F) 0.50 

23.09 

(0.01) 

0.24 

(0.01) 

0.006 

(0.91) 

-0.001 

(0.01) 

0.04 

(0.15) 

2008 

(F) 0.39 

16.70 

(0.01) 

9.69 

(0.01) 

3.77 

(0.18) 

-0.0009 

(0.97) 

0.06 

(0.95) 

2009 

(F) 0.36 

14.65 

(0.01) 

8.58 

(0.01) 

4.09 

(0.13) 

-0.01 

(0.57) 

1.06 

(0.40) 

2010 

(F) 0.38 

15.89 

(0.01) 

9.20 

(0.01) 

2.61 

(0.32) 

-0.009 

(0.76) 

0.78 

(0.52) 

2011 

(F) 0.35 

14.27 

(0.01) 

9.10 

(0.01) 

3.53 

(0.21) 

-0.007 

(0.83) 

0.85 

(0.51) 

2007 

(M) 0.60 

36.05 

(0.01) 

0.29 

(0.01) 

-0.07 

(0.19) 

0.003 

(0.01) 

-0.02 

(0.36) 

2008 

(M) 0.65 

46.36 

(0.01) 

0.32 

(0.01) 

0.009 

(0.87) 

0.005 

(0.01) 

-0.008 

(0.75) 

2009 

(M) 0.54 

30.30 

(0.01) 

17.14 

(0.01) 

-1.99 

(0.58) 

0.23 

(0.01) 

-0.90 

(0.58) 

2010 

(M) 0.56 

31.90 

(0.01) 

16.22 

(0.01) 

-1.19 

(0.71) 

0.21 

(0.01) 

0.41 

(0.78) 

2011 

(M) 0.56 

33.05 

(0.01) 

16.90 

(0.01) 

0.55 

(0.86) 

0.21 

(0.01) 

-0.16 

(0.91) 

* Outliers were removed for 2007(F), 2007(M) 

  

  Regressions for lung cancer contained moderate to large R2 values across all 

years. Female regressions showed slightly less explanatory power compared to male 

regressions across the same time period. R2 values for Males remained stable across the 

time period of the research, ranging from 0.54 – 0.60. Similarly, R2 values for females 

ranged from 0.35 – 0.39, with one high value of 0.50 in 2007. F-value significance was  

< 0.01 across all years and both genders. A classic model was utilized for all regressions 

as residuals did not demonstrate the need to adjust for spatial autocorrelation. There is a 

lack of uniformity among coefficients of any of the 4 IVs across years or genders. The 

disease and alcohol consumption IV displayed significant coefficients across all years 

and both genders, demonstrating a positive relationship to lung cancer incidence. A 
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positive relationship indicates that as rates of disease and alcohol consumption rise, there 

is a corresponding rise in lung cancer incidence rates. This relationship is particularly 

strong in years from 2009 onward as coefficients rise substantially for both males and 

females (including 2008 for females). Healthcare accessibility coefficients were largely 

insignificant for females but significant for males across all years. Healthcare 

accessibility showed a positive correlation to lung cancer, which suggests that lung 

cancer rates increase as there is an increase in accessibility to healthcare.  

 

Table 26 Melanoma Cancer Coefficients – Error Model 

   Independent Variables B (sig) 

Year R2 F 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density Latitude 

Lambda 

(Error) 

2007 

(F) 0.09 

0.50 

(0.76) 

0.69 

(0.56) 

1.76 

(0.18) 

0.003 

(0.78) 

-0.26 

(0.66) 

0.19 

(0.42) 

0.55 

(0.01) 

2008 

(F) 0.21 

2.84 

(0.01) 

-1.35 

(0.15) 

1.71 

(0.10) 

-0.002 

(0.88) 

-0.62 

(0.17) 

-0.59 

(0.01) 

0.54 

(0.01) 

2009 

(F) 0.19 

3.23 

(0.01) 

-2.27 

(0.06) 

3.88 

(0.01) 

-0.003 

(0.87) 

-0.13 

(0.83) 

-0.70 

(0.01) 

0.49 

(0.01) 

2010 

(F) 0.36 

8.35 

(0.00e) 

-0.12 

(0.01) 

0.22 

(0.01) 

-0.0002 

(0.75) 

0.11 

(0.01) 

-0.04 

(0.01) 

0.50 

(0.01) 

2011 

(F) 0.24 

2.04 

(0.07) 

1.07 

(0.59) 

1.50 

(0.34) 

0.01 

(0.64) 

-0.87 

(0.20) 

-0.14 

(0.70) 

0.78 

(0.00e) 

2007 

(M) 0.15 

2.73 

(0.02) 

-1.27 

(0.13) 

1.92 

(0.12) 

-0.02 

(0.01) 

-0.15 

(0.78) 

-0.37 

(0.05) 

0.31 

(0.16) 

2008 

(M) 0.18 

4.06 

(0.002) 

-3.20 

(0.01) 

1.20 

(0.31) 

-0.04 

(0.01) 

-0.10 

(0.84) 

-0.67 

(0.01) 

-0.00e 

(0.99) 

2009 

(M) 0.25 

5.94 

(0.00e) 

-4.10 

(0.00e) 

1.99 

(0.10) 

-0.05 

(0.01) 

-0.09 

(0.86) 

-0.61 

(0.01) 

-0.33 

(0.30) 

2010 

(M) 0.16 

2.09 

(0.07) 

-1.19 

(0.29) 

1.29 

(0.29) 

-0.005 

(0.78) 

0.84 

(0.10) 

-0.40 

(0.06) 

0.52 

(0.01) 

2011 

(M) 0.29 

4.55 

(0.01) 

-0.89 

(0.58) 

1.65 

(0.23) 

0.006 

(0.80) 

-0.63 

(0.29) 

-0.30 

(0.34) 

0.73 

(0.01) 

* Outliers were removed for 2008(F), 2010(F), 2007(M), and 2010(M) 
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Regressions for melanoma were conducted using a spatial error model. Spatial 

error occurs when a correlation exists across the errors of examined features. The spatial 

error model includes the Lambda variable as a method of accounting for the correlation 

from unknown variables that are related in space correlating the errors in observations. 

Table 26 features the results of the spatial error model for melanoma. The Lambda 

variable was found to be significant across all years of female observations but only two 

years of male observations. This may be indicative of an unmeasured gender disparity 

variable present in the study area.  

R2 values across years and genders remained low with the highest values reached 

in 2010 for females at 0.36, and 2011 for males at 0.29. F-values remained significant 

except for in 2007 and 2011 for females and 2010 for males. With the exception of 

latitude, the IVs used in the regression were demonstrated to be largely insignificant and 

featured little to no consistency across years or genders. The latitude IV, a representative 

variable to account for sunlight and UV exposure, was shown to be significant for males 

from 2008 to 2010, and significant for females from 2007 to 2009. A negative B value for 

the latitude IV indicates that the relationship between latitude and melanoma is that as 

latitude decreases, incidence rates for melanoma increase. This result supports 

conclusions from research on the relationship between UV radiation and melanoma 

(Kanavy and Gerstenblith 2011; Bald et al. 2014).  

 
  



104 

 

Table 27 Bladder Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

2007 

(F) 0.29 

10.00 

(0.01) 

-0.19 

(0.01) 

-0.05 

(0.50) 

-0.003 

(0.01) 

0.02 

(0.57) 

2008 

(F) 0.14 

5.10 

(0.01) 

-1.18 

(0.01) 

0.45 

(0.44) 

-0.004 

(0.48) 

-0.009 

(0.97) 

2009 

(F) 0.14 

5.10 

(0.01) 

-0.24 

(0.01) 

-0.01 

(0.86) 

-0.001 

(0.34) 

0.03 

(0.41) 

2010 

(F) 0.17 

6.14 

(0.01) 

-1.31 

(0.01) 

0.06 

(0.91) 

-0.01 

(0.09) 

0.04 

(0.87) 

2011 

(F) 0.18 

6.38 

(0.01) 

-1.06 

(0.01) 

-0.40 

(0.42) 

-0.01 

(0.01) 

0.04 

(0.85) 

2007 

(M) 0.22 

8.04 

(0.01) 

-0.23 

(0.01) 

-0.09 

(0.36) 

-0.003 

(0.01) 

0.02 

(0.66) 

2008 

(M) 0.33 

12.16 

(0.01) 

-0.20 

(0.01) 

-0.11 

(0.12) 

0.0003 

(0.65) 

0.01 

(0.63) 

2009 

(M) 0.34 

12.85 

(0.01) 

-0.19 

(0.01) 

0.03 

(0.59) 

0.0006 

(0.41) 

0.02 

(0.36) 

2010 

(M) 0.35 

13.47 

(0.01) 

-4.08 

(0.01) 

0.92 

(0.46) 

0.008 

(0.59) 

0.35 

(0.54) 

2011 

(M) 0.39 

15.75 

(0.01) 

-4.70 

(0.01) 

2.06 

(0.14) 

-0.0008 

(0.95) 

0.70 

(0.27) 

* Outliers were removed for 2007(F), 2009(F), 2011(F), 2007–2011(M) 

  

  Bladder cancer regression results differed noticeably across gender for 

explanatory power as well as variable coefficients, although there was also some 

movement across years. Female R2 values were considerably lower than male results, 

although all F tests were statistically significant across all years. 2007 is an interesting 

year of contrast between the genders, as it was the weakest model for males and the 

strongest model for females. Outliers were removed from all male models and most 

female models except for 2008 and 2010. Disease and alcohol consumption coefficients 

remained negative for all years and tended to range greatly from -4.70 to  

-0.19, but all remained statistically significant across all years and both genders. The 

model suggests that as disease and alcohol consumption increase, the incidence rate of 
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bladder cancer decreases. This is consistent across all years of the study and supports 

current literature on the relationship (Cancer Research UK 2015; Zeegers et al. 2000). 

The remaining IVs showed insignificant coefficients for most of the study years. 

 

Table 28 Non-Hodgkin's Lymphoma Coefficients - Spatial Lag Model 

   Independent Variables B (sig) 

Year R2 F 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

W 

(Lag) 

2007 

(F) 0.26 

8.00 

(0.01) 
1.84 

(0.01) 

0.15 

(0.78) 

0.002 

(0.55) 

0.06 

(0.81) 

-0.23 

(0.41) 

2008 

(F) 0.30 

9.45 

(0.01) 
0.11 

(0.01) 

0.14 

(0.01) 

0.001 

(0.01) 

0.01 

(0.35) 

-0.15 

(0.58) 

2009 

(F) 0.34 

11.53 

(0.01) 
0.13 

(0.01) 

0.10 

(0.01) 

0.001 

(0.01) 

0.01 

(0.45) 

-0.02 

(0.92) 

2010 

(F) 0.37 

12.46 

(0.01) 
0.14 

(0.01) 

0.12 

(0.01) 

0.001 

(0.01) 

-0.007 

(0.65) 

-0.27 

(0.32) 

2011 

(F) 0.43 

16.80 

(0.01) 
0.14 

(0.01) 

0.23 

(0.01) 

0.001 

(0.01) 

0.03 

(0.18) 

0.08 

(0.72) 

2007 

(M) 0.30 

8.44 

(0.01) 

0.08 

(0.01) 

0.03 

(0.41) 

0.0007 

(0.06) 

0.01 

(0.63) 

0.32 

(0.12) 

2008 

(M) 0.40 

14.87 

(0.37) 

0.11 

(0.01) 

0.13 

(0.01) 

0.003 

(0.01) 

0.01 

(0.55) 

0.01 

(0.95) 

2009 

(M) 0.37 

13.04 

(0.01) 

0.11 

(0.01) 

0.10 

(0.01) 

0.002 

(0.01) 

0.01 

(0.39) 

0.09 

(0.68) 

2010 

(M) 0.36 

11.78 

(0.01) 

1.62 

(0.01) 

2.58 

(0.01) 

0.02 

(0.01) 

0.22 

(0.45) 

0.17 

(0.45) 

2011 

(M) 0.30 

9.76 

(0.01) 

0.10 

(0.01) 

0.13 

(0.01) 

0.001 

(0.01) 

0.0001 

(0.99) 

0.13 

(0.58) 

* Outliers were removed for all years except for 2007(F) 

  

  Regressions for Non-Hodgkin’s Lymphoma (NHL) were conducted using a 

spatial lag model with outliers removed from all years except for 2007 for females. R2 

values for both genders were largely similar, and all F values were significant except for 

2008 in males. Models were able to account for roughly 30% of the variance in NHL 

across all years. Coefficients for most IVs were similar across the years with the 
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exception of W, the spatial lag IV which was also shown to be insignificant across most 

years and both genders. The disease and alcohol consumption variable was again shown 

to be significant across both genders and all years with a positive relationship. This 

suggests an increase in disease and alcohol consumption correlates with an increase in 

NHL rates. Supporting these findings is the relationship between NHL, a blood cancer, 

and AIDS/HIV, which has been researched extensively as the two are often related with 

HIV positive patients having a substantially higher risk of developing the disease than 

non-HIV patients (Dunleavy and Wilson 2012). This is the first cancer for which the 

nominal IV, coastal, is significant across a number of years and both genders. 

Coefficients of the coastal IV were the most consistent in value across gender and years, 

except for in 2010 for males when it increased pointedly and successively lowered in 

2011. As a nominal variable, a value of 1 represented a region with a coastline and a 

value of 0 indicated no coastline. Regression results indicate a positive relationship 

between coastline and NHL, suggesting that regions with a coastline featured increased 

NHL incidence. Healthcare accessibility coefficients were also shown to be significant 

across most years, although the coefficients themselves mostly hovered between 0.001 

and 0.003. The positive coefficients indicate a positive relationship to NHL, although not 

a strong one due to the relatively low coefficient values. Remaining IVs were shown to 

be insignificant across most years.  
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Table 299 Renal Cancer Coefficients - Spatial Lag Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

W 

(Lag) 

2007 

(F) 0.09 

2.12 

(0.08) 

0.02 

(0.41) 

-0.01 

(0.80) 

0.0003 

(0.42) 

-0.07 

(0.01) 

0.18 

(0.47) 

2008 

(F) 0.23 

6.30 

(0.01) 

0.25 

(0.05) 

-0.01 

(0.80) 

0.001 

(0.01) 

-0.09 

(0.01) 

0.25 

(0.26) 

2009 

(F) 0.26 

7.41 

(0.01) 

0.11 

(0.01) 

0.03 

(0.48) 

0.001 

(0.01) 

-0.08 

(0.01) 

-0.30 

(0.31) 

2010 

(F) 0.20 

4.11 

(0.01) 

0.05 

(0.09) 

-0.06 

(0.28) 

-0.0005 

(0.47) 

0.005 

(0.83) 

0.42 

(0.03) 

2011 

(F) 0.18 

4.94 

(0.01) 

0.06 

(0.03) 

-0.05 

(0.28) 

-0.0004 

(0.49) 

-0.07 

(0.01) 

0.01 

(0.96) 

2007 

(M) 0.22 

4.27 

(0.01) 

0.03 

(0.22) 

-0.05 

(0.27) 

-0.00e 

(0.85) 

-0.05 

(0.01) 

0.53 

(0.01) 

2008 

(M) 0.20 

4.62 

(0.01) 

0.03 

(0.14) 

-0.07 

(0.11) 

0.0009 

(0.09) 

-0.06 

(0.01) 

0.35 

(0.09) 

2009 

(M) 0.25 

6.91 

(0.01) 

1.31 

(0.01) 

-0.57 

(0.51) 

0.01 

(0.10) 

-1.03 

(0.01) 

0.33 

(0.11) 

2010 

(M) 0.18 

2.33 

(0.06) 

0.02 

(0.33) 

-0.004 

(0.92) 

0.0007 

(0.20) 

-0.02 

(0.32) 

0.54 

(0.01) 

2011 

(M) 0.20 

5.28 

(0.01) 

0.07 

(0.01) 

0.02 

(0.70) 

0.001 

(0.01) 

-0.04 

(0.05) 

0.16 

(0.50) 

* Outliers were removed for all years except for 2009(M) 

  

  Coefficients for renal cancer regressions were largely consistent across both 

genders and across all years. Explanatory power for the spatial lag model used across the 

years was not as powerful as those models used for other cancers, such as colorectal or 

lung cancer, but did display more consistency across years. R2 values ranged from 0.18 to 

0.26, including both genders, except for a female 2007 value of 0.09. Additionally, F 

values for these years were shown to be significant above 0.01, except for females in 

2007 and males in 2010.  

GDP and population density showed an interesting largely significant negative 

relationship to renal cancer, suggesting that relative income and population density plays 

a mitigating factor in the incidence of renal cancer. Additionally, in the only year where 
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the coefficient was positive, it was also found to be insignificant. By contrast, disease and 

alcohol consumption showed a positive relationship to renal cancer incidence, with an 

average coefficient of 0.07 excluding the male 2009 outlier of 1.31, with most 

coefficients being significant. The exact relationship between alcohol and renal cancer is 

still a matter under study, with several studies offering results sometimes dependent upon 

the quantity of alcohol consumed and gender (Lew et al. 2011; Parker et al. 2002; Cheng 

and Xie 2011). AIDS/HIV positive patients are defined as higher risk for a wide variety 

of cancers, which some have suggested should also include other malignancies, such as 

renal cancer (Gaughan et al. 2008). 

 

Table 30 Pancreatic Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

Red 

Meat 

Cons. 

2007 

(F) 0.02 

0.32 

(0.85) 

-0.18 

(0.55) 

0.40 

(0.53) 

-0.007 

(0.20) 

0.01 

(0.97) 

0.04 

(0.01) 

2008 

(F) 0.12 

3.53 

(0.01) 

0.04 

(0.11) 

0.07 

(0.22) 

0.002 

(0.01) 

-0.01 

(0.46) 

0.001 

(0.37) 

2009 

(F) 0.02 

1.43 

(0.21) 

0.04 

(0.12) 

0.04 

(0.50) 

0.0009 

(0.20) 

-0.01 

(0.49) 

0.002 

(0.15) 

2010 

(F) 0.34 

10.54 

(0.01) 

0.03 

(0.07) 

0.18 

(0.01) 

0.003 

(0.01) 

0.007 

(0.71) 

0.001 

(0.37) 

2011 

(F) 0.15 

4.41 

(0.01) 

0.07 

(0.01) 

0.13 

(0.02) 

0.002 

(0.01) 

-0.008 

(0.76) 

0.0005 

(0.71) 

2007 

(M) -0.02 

0.52 

(0.75) 

0.38 

(0.35) 

-0.46 

(0.59) 

0.001 

(0.85) 

0.11 

(0.78) 

0.02 

(0.35) 

2008 

(M) 0.25 

7.22 

(0.01) 

0.82 

(0.01) 

1.52 

(0.02) 

0.04 

(0.01) 

0.04 

(0.86) 

0.01 

(0.36) 

2009 

(M) 0.27 

8.02 

(0.01) 

0.13 

(0.01) 

0.17 

(0.01) 

0.004 

(0.01) 

0.003 

(0.92) 

0.0005 

(0.75) 

2010 

(M) 0.12 

3.87 

(0.01) 

1.39 

(0.01) 

0.56 

(0.50) 

0.03 

(0.01) 

0.04 

(0.89) 

0.01 

(0.54) 

2011 

(M) 0.13 

2.72 

(0.02) 

0.06 

(0.01) 

0.04 

(0.41) 

0.001 

(0.01) 

-0.01 

(0.46) 

0.001 

(0.21) 

* Outliers were removed for all years except for 2007(F), 2007 (M), 2010 (M) 
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  Pancreatic cancer regressions were conducted using a classic regression model 

with outliers included for females in 2007 and for males in 2007 and 2010. Models of 

pancreatic cancer were among the lowest in explanatory power and lacked consistency 

across years with values fluctuating capriciously between 0.02 and 0.34. Additionally, the 

2007 regression results for males returned a negative R2 value. This was the only model 

to feature a negative R2 value in all of the regressions run for all cancers.  

Red meat consumption was included in pancreatic regression models due to 

evidence supporting a link between it and pancreatic cancer (World Health Organization 

2015). The healthcare accessibility IV showed disparity in positive values across years 

ranging from 0.03 to 0.0009, except for a negative outlier for females in 2007. Despite 

the great variability in coefficients, healthcare accessibility was shown to be significant 

across most years for both genders. This denotes a positive relationship between 

healthcare access and pancreatic cancer that is expected given the difficulties of detecting 

pancreatic cancer that would necessitate increased access to healthcare for proper 

detection. Disease and alcohol consumption features significant coefficients for males, 

except for in 2007, and insignificant coefficients for females, except in 2011. This 

suggests an interesting positive relationship between disease and alcohol consumption in 

males and pancreatic cancer, but not with female disease and alcohol consumption. While 

males have been generally recognized as having a higher incidence rate of pancreatic 

cancer than women (Shalib, Davila, and El-Serag 2006) the reasoning behind this 

remains unclear. One rationale for the positive relationship between alcohol and 
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pancreatic cancer may be that heavy alcohol consumption has been linked to pancreatitis, 

which is an established risk factor for pancreatic cancer (Cancer Research UK 2014b). 

 

Table 31 Stomach Cancer Coefficients - Spatial Lag Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

Red 

Meat 

Cons. 

W 

(Lag) 

2007 

(F) 0.17 

1.43 

(0.21) 

-0.13 

(0.58) 

-1.05 

(0.04) 

-0.006 

(0.15) 

-0.16 

(0.52) 

-0.01 

(0.34) 

0.59 

(0.01) 

2008 

(F) 0.21 

3.38 

(0.01) 

0.28 

(0.28) 

-1.35 

(0.01) 

0.009 

(0.19) 

-0.26 

(0.31) 

-0.01 

(0.22) 

0.50 

(0.01) 

2009 

(F) 0.15 

2.45 

(0.03) 

0.03 

(0.33) 

-0.08 

(0.22) 

0.001 

(0.17) 

-0.04 

(0.16) 

-0.004 

(0.03) 

0.36 

(0.08) 

2010 

(F) 0.18 

2.01 

(0.08) 

0.005 

(0.86) 

-0.08 

(0.21) 

0.001 

(0.21) 

-0.03 

(0.23) 

-0.002 

(0.16) 

0.55 

(0.01) 

2011 

(F) 0.15 

1.75 

(0.13) 

-0.009 

(0.96) 

-0.74 

(0.12) 

0.007 

(0.25) 

-0.16 

(0.46) 

-0.01 

(0.23) 

0.54 

(0.01) 

2007 

(M) 0.38 

2.20 

(0.06) 

0.03 

(0.26) 

-0.006 

(0.91) 

6.50 

(0.90) 

0.002 

(0.94) 

-0.00e 

(0.98) 

0.60 

(0.01) 

2008 

(M) 0.43 

7.20 

(0.01) 

0.04 

(0.17) 

-0.04 

(0.52) 

0.001 

(0.07) 

-0.02 

(0.44) 

-0.0001 

(0.92) 

0.70 

(0.01) 

2009 

(M) 0.24 

4.52 

(0.01) 

0.08 

(0.05) 

-0.05 

(0.48) 

0.0007 

(0.43) 

-0.06 

(0.07) 

0.00e 

(0.97) 

0.46 

(0.01) 

2010 

(M) 0.18 

1.98 

(0.08) 

0.40 

(0.43) 

-0.97 

(0.36) 

0.006 

(0.61) 

-0.37 

(0.45) 

0.009 

(0.74) 

0.56 

(0.01) 

2011 

(M) 0.35 

3.76 

(0.01) 

0.02 

(0.49) 

-0.07 

(0.28) 

0.0004 

(0.64) 

-0.002 

(0.93) 

-0.001 

(0.45) 

0.75 

(0.01) 

* Outliers were removed for 2009 (F), 2010 (F), 2007 (M), 2008 (M), 2011 (M). 

 

  Regression results for stomach cancer denote a stronger explanatory power for 

male stomach cancer rates than females with the average R2 value for females being 0.17 

compared to 0.31 for males. Female R2 values remained between 0.15 to 0.21 across all 

years with only 2008 and 2009 showing significance above 0.05%. Male results, by 

contrast, hovered between 0.18 and 0.43 with all but two years, 2007 and 2010, 

displaying significant f-tests. This wide margin indicates that IVs offered more of an 

explanation of variance for male stomach cancer, but that the explanation varied largely 
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between years. This may have been exacerbated by the fluctuation of the removal of 

outlier regions across years.  

Stomach cancer is the second cancer observed in which disease and alcohol 

consumption is not widely significant across years and genders, the first being melanoma. 

The only significant IV found within the model was the spatial lag variable W. W 

maintained a positive relationship with stomach cancer across all years. This indicates 

that stomach cancer rates in one location were affected by rates in neighboring locations.   

 

Table 32 Uterine Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

2007 

(F) 0.34 

12.83 

(0.01) 

-0.06 

(0.01) 

-0.06 

(0.10) 

-0.002 

(0.01) 

-0.03 

(0.06) 

2008 

(F) 0.21 

7.36 

(0.01) 

-0.05 

(0.01) 

0.01 

(0.64) 

-0.001 

(0.01) 

-0.01 

(0.36) 

2009 

(F) 0.30 

10.97 

(0.01) 

-0.06 

(0.01) 

0.01 

(0.63) 

-0.002 

(0.01) 

0.003 

(0.83) 

2010 

(F) 0.12 

4.25 

(0.01) 

-0.03 

(0.09) 

-0.005 

(0.88) 

-0.001 

(0.01) 

-0.02 

(0.13) 

2011 

(F) 0.19 

6.70 

(0.01) 

-0.03 

(0.05) 

0.06 

(0.15) 

-0.002 

(0.01) 

-0.001 

(0.93) 

* Outliers were removed for all years 

  

  Uterine cancer regressions were conducted solely for females, as the cancer does 

not occur in males. R2 values ranged from 0.12 to 0.34 using the classic model across all 

years with outliers removed from all years. The F-significance value was below 0.01 for 

all years.  

Disease and alcohol consumption featured significant and consistently negative 

coefficients for all years, indicating a negative relationship to uterine cancer. These 
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results suggest an relationship between increased disease and alcohol consumption rates 

and lower uterine cancer rates that contradicts current research findings (Friberg et al. 

2010). A significantly negative relationship was also found between healthcare 

accessibility and uterine cancer showing that increased healthcare accessibility reflects a 

decrease in uterine cancer. Uterine cancer’s negative relationship with healthcare 

accessibility is demonstrative of the idea that healthcare systems can make a large 

difference in early cancer detection and prevention. Additionally, while the majority of 

GDP and population density results were shown to have a negative relationship with 

uterine cancer, these results were insignificant across all years. 

 

Table 33 Ovarian Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

2007 

(F) 0.52 

25.89 

(0.01) 

0.10 

(0.01) 

0.02 

(0.48) 

-0.001 

(0.01) 

-0.02 

(0.13) 

2008 

(F) 0.31 

11.80 

(0.01) 

0.08 

(0.01) 

-0.02 

(0.50) 

-0.001 

(0.01) 

-0.03 

(0.09) 

2009 

(F) 0.37 

15.78 

(0.01) 

0.13 

(0.01) 

0.01 

(0.80) 

-0.001 

(0.01) 

-0.03 

(0.14) 

2010 

(F) 0.44 

20.27 

(0.01) 

2.14 

(0.01) 

1.87 

(0.01) 

-0.02 

(0.01) 

0.07 

(0.81) 

2011 

(F) 0.36 

13.95 

(0.01) 

0.15 

(0.01) 

0.04 

(0.39) 

-0.001 

(0.06) 

-0.01 

(0.57) 

* Outliers were removed for all years except for 2009 (F) 

   

  Ovarian cancer models offered more explanatory power than did those models for 

the two other female specific cancers, uterine or cervical cancer. A classic regression 

model was implemented for ovarian cancer, with outliers being removed for all years 
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except 2009. R2 values ranged from 0.52 in 2007 to 0.31 in 2008, with all years showing 

significance at 0.01 or higher.  

The healthcare accessibility IV showed steadily negative coefficients across the 

years, supporting the idea that as access to healthcare increases the incidence of ovarian 

cancer decreases. Interestingly, although there are currently no recognized screening tests 

for ovarian or uterine cancer (Cedars-Sinai 2016; CDC 2014), results indicate that both 

exhibit lower incidence with increased healthcare accessibility. Additionally, ovarian 

cancer showed significant positive coefficients with disease and alcohol consumption, 

suggesting that as disease and alcohol consumption, increases the incidence of ovarian 

cancer increases. Coastal and GDP/Population density IVs displayed mostly insignificant 

results across all years. 

 

Table 34 Esophageal Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

2007 

(F) 0.77 

77.60 

(0.01) 

0.57 

(0.01) 

0.07 

(0.31) 

-0.0007 

(0.25) 

0.06 

(0.09) 

2008 

(F) 0.67 

51.39 

(0.01) 

2.32 

(0.01) 

0.42 

(0.25) 

0.003 

(0.38) 

0.01 

(0.92) 

2009 

(F) 0.75 

72.38 

(0.01) 

0.64 

(0.01) 

0.16 

(0.04) 

0.003 

(0.01) 

-0.01 

(0.67) 

2010 

(F) 0.65 

47.10 

(0.01) 

2.52 

(0.01) 

0.89 

(0.03) 

0.008 

(0.08) 

0.01 

(0.92) 

2011 

(F) 0.78 

85.53 

(0.01) 

0.72 

(0.01) 

0.27 

(0.01) 

0.004 

(0.01) 

0.04 

(0.27) 

2007 

(M) 0.71 

56.80 

(0.01) 

0.55 

(0.01) 

-0.04 

(0.59) 

0.002 

(0.01) 

-0.01 

(0.60) 

2008 

(M) 0.83 

113.47 

(0.01) 

0.56 

(0.01) 

0.09 

(0.09) 

0.006 

(0.01) 

-0.04 

(0.12) 

2009 

(M) 0.80 

98.60 

(0.01) 

0.52 

(0.01) 

0.009 

(0.86) 

0.005 

(0.01) 

-0.007 

(0.77) 

2010 

(M) 0.80 

96.60 

(0.01) 

0.52 

(0.01) 

0.005 

(0.47) 

0.005 

(0.01) 

0.01 

(0.51) 
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2011 

(M) 0.75 

74.88 

(0.01) 

4.74 

(0.01) 

-0.21 

(0.72) 

0.04 

(0.01) 

-0.36 

(0.20) 

* Outliers were removed for all years except for 2008 (F). 

  

  Esophageal cancer regressions featured the strongest explanatory power of any 

other cancer regression with the average male R2 value being 0.77 and female value 

being 0.72 significant across all years. In addition to the very high explanatory power of 

variance across genders and years, all f values were found to be significant to >0.01. 

Outliers were removed for esophageal models across all years except in the female 2008 

model. The similarity of R2 values between genders suggests that IVs used in the model 

tend to have the same relationship with cancer, regardless of gender.  

Significant coefficient values for IVs such as healthcare accessibility are largely 

similar across years and suggest that increases in healthcare accessibility have a positive 

relationship to increases in stomach cancer, which is probably due to increased detection 

as a result of increased access. Coefficients for disease and alcohol are also significant 

and indicate that increases in consumption and disease are connected with increases in 

stomach cancer. This relationship is largely supported by recent studies into the 

connection between alcohol and stomach cancer (Duell et al. 2011), but results also find a 

connection between alcohol consumption and stomach cancer for women. The GDP and 

population density IV offers an insignificant and less clear relationship, with coefficient 

values fluctuating between negative and positive. The coastal IV showed some significant 

values for females during 2009–2011 but remained insignificant for all other years and 

across all years for males. 
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Table 35 Brain Cancer Coefficients - Classic Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease and  

Alcohol Cons. Coastal Healthcare Accessibility 

GDP & 

 Population Density 

2007 

(F) 0.69 

50.70 

(0.01) 

-0.41 

(0.01) 

0.40 

(0.01) 

-0.001 

(0.01) 

-0.02 

(0.44) 

2008 

(F) 0.59 

33.87 

(0.01) 

-0.35 

(0.01) 

0.29 

(0.01) 

-0.003 

(0.01) 

-0.01 

(0.70) 

2009 

(F) 0.63 

39.96 

(0.01) 

-0.39 

(0.01) 

0.25 

(0.01) 

-0.005 

(0.01) 

0.03 

(0.33) 

2010 

(F) 0.66 

44.19 

(0.01) 

-0.45 

(0.01) 

0.14 

(0.06) 

-0.006 

(0.01) 

0.009 

(0.80) 

2011 

(F) 0.67 

49.23 

(0.01) 

-0.37 

(0.01) 

0.23 

(0.01) 

-0.005 

(0.01) 

-0.04 

(0.17) 

2007 

(M) 0.43 

18.22 

(0.01) 

-0.17 

(0.01) 

0.21 

(0.01) 

-0.001 

(0.01) 

-0.02 

(0.43) 

2008 

(M) 0.43 

18.24 

(0.01) 

-0.19 

(0.01) 

0.22 

(0.01) 

-0.002 

(0.01) 

0.01 

(0.56) 

2009 

(M) 0.34 

13.18 

(0.01) 

-0.16 

(0.01) 

0.15 

(0.01) 

-0.002 

(0.01) 

-0.02 

(0.32) 

2010 

(M) 0.49 

23.03 

(0.01) 

-0.23 

(0.01) 

0.17 

(0.01) 

-0.003 

(0.01) 

-0.01 

(0.65) 

2011 

(M) 0.37 

15.20 

(0.01) 

-0.17 

(0.01) 

0.08 

(0.01) 

-0.003 

(0.01) 

-0.03 

(0.65) 

* Outliers were removed for all years. 

  

  A classic regression model was used across all years for brain cancer regression. 

Outliers were removed from all years and genders to accommodate for model 

discrepancies such as heteroscedasticity and non-normality. Inexplicably, R2 values for 

males were substantially lower than those for females, with all year models being 

significant above 0.01. Brain cancer remains one of the most elusive and hard to detect 

cancers with a largely unclear understanding of the role gender or environment plays in 

risk or incidence (Rettner 2015). R2 values for females ranged from 0.69 to 0.59, and 

from 0.34 to 0.49 for males.  

Disease and alcohol consumption coefficients showed a consistently significant 

relationship with brain cancer, indicating that increases in disease and alcohol correspond 

with decreases in brain cancer. The relationship between disease and alcohol 
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consumption to brain cancer is of special interest, because of the components which are 

encompassed within the disease and alcohol variable, such as alcohol and tuberculosis. 

Heavy alcohol consumption has been attributed to brain damage (American Cancer 

Society 2014a), but the link between alcohol and brain cancer risk remains elusive and 

perhaps non-existent (UK 2015). Additionally, in several instances, brain tumors have 

been misdiagnosed as intracranial tuberculosis, which is a particular variation of 

tuberculosis which occurs in the brain, (Anyfantakis et al. 2013; Hwang et al. 2010; 

Algahtani et al. 2014) which can lead to a drop in brain cancer incidence rates while 

elevating incidents of TB. While CNS tuberculosis is a rare form of tuberculosis, it does 

present a diagnostic challenge for physicians and can often lead to a misdiagnosis (Rock 

et al. 2008). 

Coefficients for healthcare accessibility were also negative and significant across 

all years, suggesting that improved healthcare accessibility correlates with decreased 

brain cancer incidence. While hopeful, this finding is difficult to substantiate due to the 

difficulties involved in early detection of brain cancer. The coastal IV features mostly 

significant and positive coefficients, suggesting a relationship between coastal areas and 

increased brain cancer incidence.  

 

Table 36 Cervical Cancer Coefficients - Spatial Lag Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

W 

(Lag) 

2007 

(F) 0.13 

0.46 

(0.76) 

-0.29 

(0.33) 

0.36 

(0.56) 

-0.004 

(0.39) 

0.48 

(0.12) 

0.60 

(0.01) 
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2008 

(F) 0.05 

0.85 

(0.49) 

0.20 

(0.51) 

0.75 

(0.26) 

-0.002 

(0.74) 

0.06 

(0.84) 

0.25 

(0.28) 

2009 

(F) 0.08 

1.06 

(0.37) 

0.06 

(0.84) 

0.18 

(0.80) 

-0.01 

(0.26) 

0.22 

(0.50) 

0.40 

(0.05) 

2010 

(F) 0.12 

1.18 

(0.32) 

-0.002 

(0.93) 

0.02 

(0.73) 

-0.0006 

(0.40) 

-0.02 

(0.34) 

0.50 

(0.01) 

2011 

(F) 0.07 

1.34 

(0.26) 

0.03 

(0.30) 

0.08 

(0.27) 

0.0001 

(0.90) 

-0.01 

(0.73) 

0.31 

(0.17) 

* Outliers were removed for 2010 (F) and 2011 (F). 

 

 A spatial lag model was utilized for cervical cancer regressions. R2 values 

revealed low model explanatory values across all years, with the 2007 model showing the 

highest explanatory power with a R2 value of 0.13. Additionally, F values across all years 

were shown to be insignificant (p ≤ 0.05), as were most B values. The standard 4 IVs 

were used in all regressions along with the spatial lag variable.  

Coefficients for all 4 standard IVs varied greatly across years with fluctuations 

seeming to raise and lower with no detectable pattern, sometimes switching from positive 

to negative relationships between years. The spatial lag variable, W, showed the most 

consistency across years, only fluctuating from 0.25 to 0.60 between all years and 

showing significance in 2007, 2009, and 2010. W indicates that cervical cancer values in 

one region were significantly associated with those neighboring regions near it. Coastal 

IV showed the second most consistency, hovering between 0.02 and 0.75. Outliers were 

removed for the years 2010 and 2011 only.  

 

Table 37 Prostate Cancer Coefficients - Spatial Error Model 

   Independent Variables B (sig) 

Year R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

Red 

Meat 

Cons. 

Lambda 

(Error) 
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2007 

(M) 0.52 

18.01 

(0.01) 

-0.16 

(0.01) 

0.05 

(0.18) 

-0.002 

(0.01) 

0.007 

(0.68) 

0.001 

(0.13) 

0.30 

(0.18) 

2008 

(M) 0.42 

11.50 

(0.01) 

-0.13 

(0.01) 

0.04 

(0.29) 

-0.001 

(0.01) 

0.0004 

(0.97) 

0.001 

(0.20) 

0.39 

(0.06) 

2009 

(M) 0.66 

29.96 

(0.01) 

-0.17 

(0.01) 

-0.009 

(0.78) 

-0.002 

(0.01) 

0.001 

(0.93) 

0.001 

(0.21) 

0.46 

(0.01) 

2010 

(M) 0.57 

17.80 

(0.01) 

-0.15 

(0.01) 

0.05 

(0.17) 

-0.002 

(0.01) 

-0.01 

(0.40) 

0.0005 

(0.59) 

0.56 

(0.01) 

2011 

(M) 0.33 

5.50 

(0.01) 

-13.22 

(0.03) 

7.19 

(0.27) 

-0.17 

(0.13) 

-2.27 

(0.43) 

-0.16 

(0.35) 

0.62 

(0.01) 

* Outliers were removed for all years except for 2011 (M). 

  

  Prostate cancer regressions were conducted using a spatial error model and 

showed a moderate to strong ability to explain the variance in prostate cancer rates. The 

average R2 value across the years was 0.50, with values occurring between 0.33 and 0.66. 

F values across all years were shown to be significant, and outliers were removed from 

all years except for 2011.  

Disease and alcohol consumption showed a significant slight negative relationship 

with prostate cancer, especially in the 2011 model. This generally indicates that a positive 

increase in disease and alcohol consumption has a decrease in prostate cancer incidence. 

This result contributes to current research on the issue, which speculates that there may 

be a connection between alcohol consumption and PSA, which is the test most commonly 

used in the detection of prostate cancer (Zuccolo et al. 2012). Coefficients for healthcare 

accessibility demonstrated a mostly significant relationship suggesting that as healthcare 

increases there is a decrease in prostate cancer incidence. One possible reasoning for this 

is that an increase in accessibility would indicate increased access to screening and 

prevention programs, thereby decreasing incidence in theory. Red meat consumption 

showed only a slightly positive relationship to prostate cancer incidence, although this 
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relationship was insignificant. Lambda, the spatial error IV, was significant for 2009, 

2010, and 2011. This is indicative of some set of unmeasured variables that are spatially 

autocorrelated. 

Analysis of local share values from shift share analysis provides an explanation of 

the quantifiable amount of change that is able to be attributed to regional variables. An 

examination of the impact of IVs on local share values demonstrates how those IVs are 

able to explain the variance in regional trends. This analysis helps to determine how 

effective those IVs are explaining region specific cancer variance. Results from this shift 

share regression also provide a point of contrast with the EASR regressions above. Only 

9 of 26 local share regression models were found to explain significant variation in the 

local share variables, and only those models were examined in further detail. Non-

Hodgkin’s Lymphoma and Pancreatic cancer were the only two models to include both 

genders, with NHL having a higher explanatory power between the two. Remaining 

cancer models largely featured females with the exception of esophageal cancer for 

males. Low R2 values are seen across all significant local share models with the highest 

value being 0.23 in explanatory power for renal cancer in women. The highest 

explanatory power for males was for NHL at 0.16. Complete results for shift share 

regressions are listed in table 38, while coefficients of cancers with significant F values 

are shown in table 39.  
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Table 38 Shift Share Regressions 

 
With Outliers Without Outliers 

Cancer 

Variables Gender R2 F F-sig J-B B-P R2 F F-sig J-B B-P 

Breast 
Female 0.03 0.79 0.53 0.01 0.01 0.09 2.26 0.06 0.01 0.01 

Male -0.02 0.51 0.72 0.01 0.01 0.02 0.46 0.76 0.01 0.01 

Colorectal 

Female 0.04 0.82 0.53 0.01 0.01 0.10 1.89 0.10 0.55 0.07 

Male 0.01 0.21 0.95 0.01 0.01 0.01 0.28 0.91 0.01 0.01 

Lung 

Female 0.01 0.12 0.97 0.01 0.01 0.02 1.47 0.21 0.01 0.19 

Male -0.01 0.55 0.69 0.01 0.01 -0.01 0.93 0.44 0.00 0.16 

Melanoma 

Female 0.14 2.52 0.03 0.01 0.01 0.11 3.43 0.01 0.03 0.01 

Male 0.05 2.15 0.06 0.01 0.01 0.01 1.30 0.26 0.78 0.01 

Bladder 

Female 0.04 0.92 0.45 0.66 0.01 0.02 1.54 0.19 0.24 0.02 

Male -0.03 0.21 0.92 0.21 0.50 N/A N/A N/A N/A N/A 

Non-

Hodgkin’s 

Lymphoma 

Female -0.01 0.76 0.54 0.01 0.01 0.16 2.62 0.04 0.56 0.89 

Male 0.04 2.20 0.07 0.01 0.02 0.17 3.70 0.01 0.82 0.34 

Kidney 

Female 0.05 2.27 0.06 0.01 0.01 0.23 4.10 0.004 0.01 0.14 

Male -0.02 0.36 0.83 0.01 0.01 0.03 0.55 0.69 0.74 0.12 

Pancreas 

Female 0.04 2.00 0.08 0.01 0.05 0.09 2.79 0.02 0.80 0.64 

Male 0.006 1.11 0.35 0.18 0.04 0.09 2.88 0.01 0.13 0.53 

Stomach 

Female 0.05 0.87 0.49 0.01 0.06 0.03 0.39 0.81 0.89 0.45 

Male 0.003 1.07 0.38 0.01 0.01 0.05 0.69 0.62 0.72 0.52 

Esophagus 

Female -0.02 0.46 0.75 0.01 0.01 0.05 2.27 0.06 0.58 0.15 

Male 0.06 2.75 0.03 0.01 0.01 0.15 5.15 0.01 0.90 0.10 

Brain 

Female 0.05 2.37 0.05 0.01 0.01 0.09 3.44 0.01 0.11 0.26 

Male -0.03 0.17 0.95 0.01 0.01 -0.02 0.56 0.68 0.01 0.15 

Uterus Female 0.04 2.05 0.09 0.01 0.01 0.10 3.63 0.01 0.92 0.12 

Cervix Female 0.06 0.91 0.45 0.04 0.04 0.08 1.43 0.22 0.81 0.44 

Ovary Female 0.05 0.50 0.73 0.01 0.01 0.05 2.32 0.06 0.39 0.01 

Prostate Male -0.03 0.29 0.91 0.01 0.01 0.10 1.97 0.09 0.05 0.12 
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Table 39 Significant Local Share Regression Coefficients, p > 0.05 

   Independent Variables B (sig) 

Cancer 

Type R2 

F 

(sig) 

Disease 

and 

Alcohol 

Cons. Coastal 

Healthcare 

Accessibility 

GDP & 

Population 

Density 

Red 

Meat 

Cons. Latitude W 

Melanoma 

(Female) 0.11 

3.43 

(0.01) 

-265.95 

(0.01) 

2.31 

(0.98) 

-3.36 

(0.01) 

-21.59 

(0.72) 

-- -30.49 

(0.08) 

-- 

NHL 

(Male) 0.16 

2.62 

(0.04) 

-109.78 

(0.01) 

215.96 

(0.01) 

-0.77 

(0.17) 

50.97 

(0.10) 

-- -- -0.40 

(0.18) 

NHL 

(Female) 0.17 

3.70 

(0.01) 

-75.93 

(0.01) 

158.88 

(0.01) 

-0.84 

(0.08) 

29.48 

(0.26) 

-- -- -0.71 

(0.02) 

Kidney 

(Female) 0.23 

4.10 

(0.01) 

47.26 

(0.03) 

-48.09 

(0.28) 

-2.02 

(0.01) 

-1.13 

(0.95) 

-- -- -0.79 

(0.01) 

Pancreas 

(Male) 0.09 

2.88 

(0.01) 

25.58 

(0.35) 

-37.93 

(0.49) 

-1.37 

(0.01) 

-28.20 

(0.29) 

2.63 

(0.09) 

-- -- 

Pancreas 

(Female) 0.09 

2.79 

(0.02) 

75.07 

(0.01) 

-40.94 

(0.43) 

0.35 

(0.44) 

-6.09 

(0.80) 

-3.34 

(0.02) 

-- -- 

Esophagus 

(Male) 0.15 

5.15 

(0.01) 

-109.31 

(0.01) 

-33.47 

(0.61) 

0.84 

(0.13) 

21.42 

(0.51) 

-- -- -- 

Brain 

(Female) 0.09 

3.44 

(0.01) 

33.36 

(0.19) 

-103.90 

(0.04) 

-1.15 

(0.01) 

-2.09 

(0.93) 

-- -- -- 

Uterus 

(Female) 0.10 

3.63 

(0.01) 

67.16 

(0.07) 

239.18 

(0.01) 

0.64 

(0.34) 

61.89 

(0.10) 

-- -- -- 

 

 Regression models for Melanoma displayed significant f-values for females but 

not males, indicating that the disease is better understood by the IVs in women than in 

men. These results support the idea of a gender-based disparity in melanoma for both 

incidence and outcome for females (Sondak 2012). Disease and alcohol consumption 

showed significance with a highly negative coefficient. This is indicative of a relationship 

between disease and alcohol rates increasing as melanoma instances decrease. Current 

literature on the relationship between HIV and melanoma would seem to contradict these 

findings (Olsen, Knight, and Green 2014). However, other research has found a 

decreased risk of melanoma in patients who have had previous exposure to TB through 

vaccination, specifically with the Bacille Calmette-Guerin (BCG) vaccine (Pfahlberg et 

al. 2002; Kolmel et al. 2005). This suggests that additional research should be conducted 
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into these variables to corroborate these findings and expand upon their relationship with 

melanoma. Lastly, healthcare accessibility showed a significant negative coefficient 

which suggests that increases in healthcare access correspond with decreases in instances 

of melanoma. Due to the relative ease of detection of melanoma, this is an expected result 

as increased early detection can often lead to preventative care and a lowering of actual 

melanoma incidence. All remaining IVs were shown to be insignificant at p-value ≥ 0.05.  

 Results for NHL featured some of the highest, albeit still low, explanatory power 

of all local share models with 0.16 for males and 0.17 for females. Disease and alcohol 

consumption demonstrated significant negative coefficients for both genders suggesting a 

lowering of NHL rates alongside an increase of disease and alcohol consumption rates. 

Supporting these results is research into alcohol’s effect on NHL which has found that 

while alcohol is detrimental to the survival of the disease, its consumption actually lowers 

the risk of initial incidence (Oestreich 2010). The coastal IV featured significance above 

0.01 for both genders indicating a higher risk for NHL in areas with a coastline for 

unknown reasons. Finally, the spatial lag variable indicated that NHL local values were 

affected significantly by NHL values in surrounding regions nearby.  

 Female renal cancer demonstrated the highest explanatory power of any model 

while still exhibiting significant f values. Results showed significant values for disease 

and alcohol consumption, signifying that as the IV increased, there was also an increase 

in renal cancer rates. Healthcare access is also suggested as having an impact on 

increasing renal cancer rates as it increases. This is an interesting result, as there are no 

current preventative tests or programs for renal cancer aside from general fitness and 
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health lifestyle choices (Mount Sinai Hospital 2016). Finally, rates for female renal 

cancer were shown to have a relationship to those rates around it in nearby regions, as 

demonstrated by the significant spatial lag variable, W. 

 Pancreatic cancer is notoriously known as one of the most difficult to detect 

cancers that occurs in humans. Local share regressions provided significant R2 values for 

both genders for pancreatic cancer, with both gender models having an explanatory 

power of 0.09. Differences in B coefficients and their significance were largely based on 

gender with some showing positive for females and negative for males. Disease and 

alcohol consumption, as well as red meat consumption both exhibited significant 

coefficients for females but not males. This suggests that as disease and alcohol 

consumption increases there is also an increase in pancreatic cancer, and that as red meat 

consumption increases there is also a decrease in pancreatic cancer rates. The effect of 

red meat on pancreatic cancer is largely disputed, with some studies indicating red meat 

as a risk factor while others not (World Health Organization 2015; Larsson and Wolk 

2012). Curiously, the only significant B value for males was found to be healthcare 

accessibility, suggesting that as accessibility increases, there is also a decrease in 

pancreatic incidence. The reasoning behind this result is not well understood, as 

preventative measures for pancreatic cancer are largely unknown and the disease is 

typically diagnosed into the later stages when symptoms become more visible (M. Moyer 

2011).   

 R2 value for the male local share esophageal cancer model provided low 

explanatory power of 0.15. Additionally, disease and alcohol consumption was shown to 
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have the only significant B value among all coefficients. Results indicate that as disease 

and alcohol consumption increase, there is also a corresponding decrease in esophageal 

cancer rates. This is contradictory to literature, as alcohol has been recognized as a risk 

factor for esophageal cancer by numerous studies (Prabhu, Obi, and Rubenstein 2014; 

Vioque et al. 2008) increasing its occurrence and being detrimental to the progression of 

the disease. Remaining IVs for esophageal cancer were shown to be insignificant 

according to B values. 

 Local share results for female brain cancer, much like those for EASR brain 

cancer, were difficult to interpret due to the lack of information surrounding the 

epidemiology of brain cancer. This is true of brain cancer’s relationship to IVs as well as 

the role gender plays in brain cancer incidence. The female brain cancer model was 

shown to have a significant F value with an R2 value of 0.09. The two IVs with 

significant B values (CI > 95%) were coastal (B= -103.90) and healthcare accessibility 

(B= -1.15). Rates of brain cancer were shown to decrease in regions featuring a coastline, 

although the reason for this is unknown. Additionally, regions with increased access to 

healthcare were shown to feature lower rates of brain cancer despite the relatively late 

detection of brain malignancies and no screening test present for early detection (Lee 

Koo et al. 2006).  

 The uterine cancer local share model showed a significant f value and an R2 value 

of 0.10. Results of this model were largely unremarkable with only the coastal IV being 

significant (B= 239.18, CI = 95%) for the model. Results showed that regions with a 

coastline were shown to also have higher rates of cancer. This may be due to a poorly-
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understood relationship between fish and brain cancer, increased outdoor activity from 

coastal living and brain cancer, or some other unknown coastal phenomena. Further 

research into these factors could be useful in determining the contribution environmental 

factors can have on brain cancer malignancies and their propagation. 

Results Summary 
 Cancer cluster results obtained through EASR disease maps and spatial 

autocorrelation analysis highlighted differences between the spatial distributions of 

cancers especially among gender lines, particularly with brain cancer. Spatial 

autocorrelation analysis showed that certain cancers, such as melanoma and esophageal 

cancer, have cross-border clusters.  

Shift share analysis showed a 1.55% study-wide increase in EASR cancer rates 

for males and a 6.35% increase for females. Shift share analysis also showed that 

melanoma had the highest increase of any cancer in both males and females from 2007–

2011. Additionally, there were marked differences for specific cancers across differing 

regions. In the Värmlands län region of Sweden, for example, there was a 328.14% 

increase in the rate of esophageal cancer from 2007 to 2011, while at the same time the 

Uppsala län region in Sweden exhibited a -78.80% decrease in the rate of esophageal 

cancer.  

Multiple regression analysis generally showed that as disease and alcohol 

consumption increased there was a corresponding increase in cancer rates, with the 

notable exception of brain cancer, which showed a decrease in rates. The GDP and 

population density IV was a significant covariate the fewest number of times. The 
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healthcare accessibility IV was associated with lower rates of brain cancer, despite there 

being no diagnostic screening method for the disease. Finally, models suggested gender 

variability with regard to some cancers, such as bladder and lung cancer, but these 

differences were not as pronounced as in spatial autocorrelation results. 

 



127 

 

 

 

 

 

CONCLUSION 

The epidemiology of cancer is an immense field of study that penetrates national 

borders, cultural differences, and multiple academic disciplines. Despite the substantial 

amount of research conducted on cancer every day, there still remains many questions 

regarding the variation, epidemiology, and incidence of the disease (Peto 2001). An 

increased understanding of cancer epidemiology is a crucial aspect of detecting clusters, 

developing cancer preventative public health policies, and encouraging healthy lifestyle 

habits (Deppen et al. 2012). It has been a goal of this thesis to provide an alternative view 

of cancer epidemiology through the use of geographic methods. This view was 

accomplished through the use of several geographic methods, including disease maps, 

which visualized the intensity of EASR cancer incidence in Danish provinces. These 

findings are corroborated by current research regarding the substantially high incidence 

rate of cancer in Denmark (Meikle 2011; Carlowe 2011), and by the discovery of clusters 

of high cancer incidence in the regions of Denmark and other neighboring provinces in 

the spatial autocorrelation portion of this thesis. Shift share analysis, while not a 

geographic analysis, showed that geography plays a marked role in the decomposition of 

cancer incidence change between regions. The subsequent multiple regression analysis 

revealed that higher instances of disease and alcohol consumption were correlated with 

increases in most cancer rates except for brain cancer. The reason behind this finding is 
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not well understood as current research on the epidemiology of brain cancer is indefinite 

(UK 2015).  

 This thesis found through the identification of cancer clusters that regions of high 

cancer incidence were typically found around Danish provinces, while regions of low 

cancer incidence were typically found in Northern Scandinavian regions. A significant 

clustering of incidence and hot spots exists in the Danish regions of North and Central 

Jutland and the Capital region. South Eastern and Western regions of Norway were also 

identified as hot spots/clusters for brain cancer of both genders. In similar fashion, high 

clusters of bladder cancer were also detected within all regions of Denmark, the Skane 

region of Sweden, and the Schleswig-Holstein region of Germany which borders 

Denmark. EASR maps also showed a high incidence rate of prostate cancer in Danish 

regions, however a portion of the increase may be attributable to increased use of PSA 

detection as a screening and early detection method (Outzen et al. 2012).  

The subsequent shift share analysis found evidence of a gender disparity in the 

average growth effect for all cancers with an increase rate of 1.55% for men and 6.35% 

for women. Additional investigation of the change in cancer rates also revealed evidence 

of gender disparity among some cancers in the cancer mix portion of the analysis. 

Particular findings from the shift share analysis showed that men exhibited a higher 

increase in the rate of melanoma, renal, and brain cancer than women. These findings are 

consistent with current literature discussing the impact of gender on incidence of various 

types of cancers (Dorak and Karpuzoglu 2012). A related finding of the cancer mix 

portion of shift share analysis was that Melanoma was shown to have the highest 
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percentage change of all cancers for both genders (26.35% for males, 19.38% for 

females). The local share portion of the analysis revealed that the Powys Teaching region 

of Wales had a region specific incidence change of 598.53% in prostate cancer. The 

Powys Teaching region also exhibited a 169.53% region specific increase for renal 

cancer. This change is excluding trends in overall cancer rates and prostate specific 

cancer rates.  

Disease and alcohol consumption, the PCA composite variable whose 

components are generally considered to lead to a higher risk of incidence in several 

cancers (Olsen, Knight, and Green 2014; Zuccolo et al. 2012; Yu et al. 2011), was 

surprisingly correlated with reduced rates of brain cancer. Additionally, the effect of 

disease and alcohol consumption was shown to vary by gender for pancreatic cancer. In 

men it was found to be a significantly correlated for incidence, but was found to be 

largely insignificant for incidence in females. The country-wide healthcare system 

accessibility IV was less influential on regional cancer rates than initially anticipated 

however, it was found to be correlated with slightly lower rates of brain cancer. This is of 

particular interest as there are currently no medically recommended methods for the 

screening of brain cancer. Despite this fact, accessibility to facilities and personnel that 

would normally provide cancer screening and preventative care appears to lower the 

incidence of brain cancer.  

In conclusion, through the use of spatial autocorrelation and disease mapping this 

thesis was able to emphasize the contributions of geography to cancer research. The 

ability for geography to visually demonstrate the spatial differences and spread of a 
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disease such as cancer, which is generally considered to be unconstrained by border or 

climate, provides a new approach cancer epidemiology that is often studied at much 

smaller scales. Results from geographic analysis were able to identify areas of further 

study where geography could also be utilized to better understand the impact and spread 

of the disease.  Regions identified as cancer clusters may benefit from further spatial 

analysis at a local level that can be used to identify the location and extent of more 

specific local cancer clusters across several regions. The use of spatial analysis at a local 

level allows for the examination of cancer incidence with more local level variables such 

as regional employment and the location/number of general practitioners in a region. 

Spatial analysis revealed that Danish provinces had substantially higher incidence rates of 

cancer during this time period and that these areas often formed the backbone of high 

incidence cancer clusters that included other regions across northern Europe. Over half of 

the regressions models in this thesis benefited from a spatial model adjustment that 

improved the reliability of their coefficients by addressing spatial issues with data.  The 

application of geography in this thesis enables us to not only visualize this 

epidemiologically clandestine disease but also to examine its propagation across an area 

alongside the behavioral and social variables of that area.  
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APPENDIX 

Appendix 1: Yearly Component loadings for GDP & Population Density 
Year Variable Loadings 

2011 
GDP according to Purchasing Power Standard (PPS) 0.756 

Population Density 0.756 

2010 
GDP according to Purchasing Power Standard (PPS) 0.770 

Population Density 0.770 

2009 
GDP according to Purchasing Power Standard (PPS) 0.792 

Population Density 0.792 

2008 
GDP according to Purchasing Power Standard (PPS) 0.550 

Population Density 1.000 

2007 
GDP according to Purchasing Power Standard (PPS) 0.798 

Population Density 0.798 

 

Appendix 2: 2007 – 2011 Component loadings for TB, AIDS, HIV, and Alcohol 

consumption 
Variable Initial Extraction 

Tuberculosis 1.000 0.609 

AIDS 1.000 0.368 

HIV 1.000 0.421 

Alcohol Consumption  1.000 1.000 
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Appendix 3 Regression Models by Year and Cancer Type 
 Females Males 

Cancer Year Model Year Model Year Model Year Model 

Breast 
2007 Lag 2010 Lag 2007 Lag 2010 Lag/Error 

2008 Lag 2011 Classic 2008 Lag 2011 Error/Lag 

2009 Lag   2009 Classic   

Colorectal 
2007 Classic 2010 Lag 2007 Error 2010 Lag/Error 

2008 Error/Lag 2011 Error 2008 Lag 2011 Error 

2009 Error   2009 Error   

Lung 
2007 Lag 2010 Classic 2007 Lag 2010 Lag/Error 

2008 Classic 2011 Classic 2008 Classic 2011 Classic 

2009 Classic   2009 Classic   

Melanoma 
2007 Error 2010 Error 2007 Lag 2010 Error 

2008 Lag 2011 Error 2008 Classic 2011 Lag 

2009 Lag   2009 Classic   

Melanoma 
2007 Error 2010 Error 2007 Lag 2010 Error 

2008 Lag 2011 Error 2008 Classic 2011 Lag 

2009 Lag   2009 Classic   

Bladder 
2007 Classic 2010 Error 2007 Error 2010 Classic 

2008 Classic 2011 Lag 2008 Lag/Error 2011 Classic 

2009 Classic   2009 Classic   

Non-Hodgkin’s 

Lymphoma 

2007 Lag 2010 Lag 2007 Classic 2010 Lag 

2008 Error/Lag 2011 Classic 2008 Lag 2011 Lag 

2009 Classic   2009 Classic   

Kidney 
2007 Classic 2010 Lag 2007 Lag 2010 Lag/Error 

2008 Lag 2011 Classic/Lag 2008 Error/Lag 2011 Error 

2009 Lag   2009 Classic   

Pancreas 
2007 Lag 2010 Classic 2007 Error 2010 Classic 

2008 Error 2011 Error/Lag 2008 Error/Lag 2011 Classic 

2009 Classic   2009 Lag   

Stomach 
2007 Lag 2010 Lag 2007 Lag 2010 Lag 

2008 Error/Lag 2011 Error 2008 Lag/Error 2011 Error 

2009 Classic   2009 Classic   

Uterus 
2007 Lag 2010 Lag 2007 - 2010 - 

2008 Classic 2011 Classic 2008 - 2011 - 

2009 Error   2009 -   

Ovary 
2007 Classic 2010 Lag 2007 - 2010 - 

2008 Classic 2011 Classic 2008 - 2011 - 

2009 Classic   2009 -   

Esophagus 
2007 Classic 2010 Classic 2007 Classic 2010 Lag 

2008 Classic 2011 Error/Lag 2008 Classic 2011 Lag 

2009 Classic   2009 Classic   

Brain 
2007 Classic 2010 Classic 2007 Lag 2010 Classic 

2008 Classic 2011 Classic 2008 Classic 2011 Error 

2009 Classic   2009 Classic   

Cervix 
2007 Lag 2010 Lag 2007 - 2010 - 

2008 Lag 2011 Classic 2008 - 2011 - 

2009 Lag   2009 -   

Prostate 
2007 - 2010 - 2007 Error 2010 Error/Lag 

2008 - 2011 - 2008 Error 2011 Error 

2009 -   2009 Error   
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