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Abstract 

 

Analytic Mapping of Spatial Patterns of Prostate Cancer 

Mortality in South Korea, 2008-2011 

 

Roh, Young-hee 

Department of Geography 

The Graduate School 

Seoul National University 

 

Among the epidemiological studies have been conducted in South Korea, most studies has been 

focused on the causes of the disease occurrances and their problems. Therefore, the studies have 

not been done actively on calculating and mapping statistically reliable mortality. This research 

suggest a guideline for disease mapping by using prostate cancer death data for the expansion of 

the spatial dimension of epidemiological studies. In addition, spatial pattern of mortality and 

logistic regression modeling with individual-level variable were conducted as an application study. 

We need to consider the way to process and offer the data to maintain statistical reliability of 

data in the procedure of making maps based on the disease data. Also, we need to consider the 

dimension of user’s data interpretation to avoid distorted interpretation of mortality and ratio scale 

data. First of all, we applied age-sex standardization techniques to mortality data. Standardization 

is a statistical method to remove the effects of age and sex differences between populations for 

comparison purposes. In addition, we applied Bayesian techniques to standardized death rate. 

Mortality can be calculated with statistical reliability by reducing the variability caused by small 

populations. Occurring the distortion of mortality can be prevented through this process.  
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Spatial pattern analysis was applied as an application section. Cluster analysis is an exploratory 

method to find significant cluster areas with high or low disease risk. In this context, the study to 

detect areas with high death rate of a disease can be used to find materials to conduct other 

epidemiological studies. And the spatial pattern analysis studies can be used to give a solid 

scientific facts to epidemiological researches. In this study, both global pattern analysis and local 

cluster analysis is conducted. Global pattern analysis provides an indication of significance of 

clusters. In addition, local cluster analysis is conducted to identify additional information of the 

size and location of clusters. 

Logistic regression modeling was applied to identify the vulnerable sub-class of variables of 

the individual-level data of death by prostate cancer. The variables included for modeling were 

restricted to the individual variables that contained cause of death data. It contains information 

about age, education level, and marriage status of each person who died. We can identify the 

vulnerable characteristics of variables on the death by prostate cancer within the range of the 

individual-level variables that were provided by cause of death data. 

We hope that this research will be useful to publish the disease atlas of a variety of disease in 

South Korea. In addition, we hope that this research contributes to publish various researches of 

disease in geographical dimension, and to make a better public health environment. 

 

Keywords: Epidemiological data, Bayesian model-based smoothing, Age-sex standardized 

death rates, Standardized mortality ratio, Prostate cancer, Analytic mapping. 
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Ⅰ. Introduction 

 

1. Background 

 

The development of social policies is based on scientific data that is required for making a wide 

range of information. In addition, people will require more information to improve the quality of 

their life. As South Korea joins the OECD, policy makers and public interests increased in 

statistical information (Song et al., 2010). However, the presentation skills of statistical data have 

been limited until now. For example, most of the epidemiological data are provided in tabular or 

chart form.  

Crude death rates can be calculated by dividing the total number of deaths in a population by 

the sum of a population in a specified year. However, prevalence of gender and age structure are 

different for every disease. In the case of prostate cancer, population-at-risk is confined to males. 

Also, high incidence or mortality of prostate cancer appear in the elderly people (Crawford, 2003; 

Grönberg, 2003). Therefore, it can be misleaded if comparisons are being made across the regions. 

When comparing crude death rates between two regions, the regions may differ with respect to a 

certain underlying characteristics such as age and sex. A region with a high proportion of elderly 

people will have a higher crude death rate, because the risk of death increases as the age gets older. 

Therefore, crude death rates should not be used to make comparisons across the regions. 

Age-specific death rates are calculated as the number of deaths in a specific age group divided 

by the population in the age group. These rates allow for direct comparisons of each age group 

among the regions. The comparison of age-standardized death rates is the most comprehensive 

and reliable method of comparing rates among regions. 
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In many epidemiological studies, risk ratios were often used (Costello et al., 1974; Elsen et al., 

1992; Meliker et al., 2007). However, data processing and interpretation using ratio scale need a 

careful consideration. In most epidemiological studies, the risks for each region were often 

presented using Standardized Mortality/Morbidity Ratio (SMR). SMR is a ratio between observed 

values and expected values. Thus, if the observed values are equal to the expected values, the 

SMR would have a value of 1. If the expected value is greater, the SMR would have less than 1. 

The SMR is greater than 1, it tells expected value is smaller than the observed value. For example, 

when observed value is 10 and the expected value is 5, SMR is calculated as 2. On the other hand, 

when observed value is 10 and the expected value is 20, SMR is calculated as 0.5. If these SMR 

values put on the measure centered on 1 (observed value = expected value), the latter is placed on 

0.5 and the former is placed on 2. It does not have equal interval. In case, expected value exceeds 

the observed value, it does not have the upper limit, but when the expected value is smaller than 

observed value, the lower limit values cannot be fall below zero. Thus, the latter case, the SMR 

value has relatively compact range. To adjust the range of value, we can take the log to SMR.  

Although calculating the age-standardized mortality data, calculating the reliable relative risk 

is another matter. In a region with low population, when even 1 case occurs very high SMR values 

are calculated because of small expected value. For calculating a statistically reliable relative risk, 

Bayesian model-based techniques can be used (Clayton and Kaldor, 1987; Marshall, 1991; Mollie 

and Richardson, 1991; Richardson et al., 2004). By utilizing the information of all regions or 

neighbors, relative risks can be calibrated. 

In South Korea, it is hard to find the articles using epidemiological data with geographical point 

of view. But spatial analyses of disease have been recognized in the epidemiologic literature as 

playing an important role in the description and analysis (Richardson et al., 2004). And maps 

provide a concise summary of geographic patterns in disease. In this study, we suggest the 
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guidelines for making disease map using the prostate cancer death data. In addition, spatial pattern 

analysis and logistic regression modeling were carried out as an application of the prostate cancer 

death data. Spatial pattern analysis was used for determining the hot spots in the mortality data. 

Modeling is based on the individual-level variable of cause of death data. It can be used to explain 

the vulnerable characteristics of the people who died from prostate cancer. 

 

2. Objectives of the Study 

 

Among the epidemiological studies have been conducted in South Korea, most of the studies 

have been focused on the causes of the disease occurrances and their problems. On the other hand, 

the studies on calculating statistically reliable mortality and mapping them have not been done 

actively. For the expansion of the spatial dimension of epidemiological studies, this research 

suggests a guidelines for disease mapping, which is based on the age-standardization methods 

and Bayesian smoothing techniques for epidemiological data. In addition, spatial cluster analysis 

was applied to explore the significant hot spot regions in an application section. Also, logistic 

regression modeling of the individual-level data was applied to identify the vulnerable sub-class 

of variables on the death by prostate cancer. Research questions of the study are as follows: 

 

A. Informative Mapping of Mortality 

A.1. What is the best statistics when analyzing the spatial distribution of mortality / morbidity? 

A.2. Do we need to standardize data to adjust for population structure? 

A.3. What is the remedy for small population problem (stabilization for statistics for small 

population)? 



 

4 

 

A.4. What is the way to distinguish map legend for effective representation of the data? 

A.5. What is a caveat to represent the ratio data? 

 

B. Spatial Pattern Analysis 

B.1. Can you identify the spatial heterogeneity of strength of occurrence death by prostate 

cancer? 

B.2. Do you know the spatial location and extent of the cluster? 

B.3. Exist the statistically significant global, local clusters?  

B.4. How to summarize the distribution of deaths by prostate cancer? In the research area, 

significantly higher mortality areas exist? Or areas with significantly lower mortality 

exist? 

 

C. Modeling of Individual-level variables and deaths by prostate cancer 

C.1. With age, marital status, education level variables contained in the individual-level data, 

can you explain the characteristics about the sub-variables? 

C.2. Is there exist a statistically significant explanatory variable? Can you describe the 

strength of each variable? 

 

This paper was composed of the answers of these research questions. The results of this paper 

can be used to make disease atlas in various diseases. Regarding the application studies, it could 

be useful in research studies of the relation of mortality to spatial dimension and explanatory 

variables. 

 



 

5 

 

3. Dissertation Structure 

 

Figure 1 shows the flows used in this research. As shown in the Figure 1, this study consists of 

two major parts. The first part is the suggestion of disease mapping guidelines, and the second 

part consists of two application studies - spatial pattern analysis and logistic regression modeling. 

This paper is organized as follows: 

In the first part of the study, a series of statistical procedures are referred to suggest guidelines 

for disease mapping. Standardization techniques, and spatial and non-spatial Bayesian model-

based techniques were presented for calculating and mapping the reliable mortality. 

In the second part, spatial cluster analysis was performed to identify the distribution of relative 

risks previously computed as an application part. This process can help to understand the spatial 

distribution of relative risks, whether the significantly high or low relative risks have the spatial 

proximity or not. To solve out the questions about the location and extent of clusters, the global 

and local cluster techniques are applied. 

The third part is composed of logistic regression modeling. In the individual-level data, 

variables such as age, marital status, and education level were investigated. To answer the 

question about the existence of the relatively vulnerable sub-groups of age or education level, the 

logistic regression modeling was performed. 
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Figure 1 Flow chart of the study 
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Ⅱ. Literature Review and Methodology 

 

1. Geography of Health 

  1.1. The Geography of Health and Disease 

Medical geography is a subdiscipline of geography. It covers the full spectrum of the concept 

of place, space in geography and the concept of health, etiology in epidemiology. Harvard 

university library - open collections program defines the medical geography as below: 

“Medical geography, a subdiscipline of geography, is an interdisciplinary and holistic study of 

health, illness, and disease by specialists from a wide variety of social, physical, and biological 

sciences. Working in different cultural systems and diverse biospheres, medical geographers 

examine the distribution of health-related phenomena over time and the ways in which these 

phenomena interact and determine the status of human health in a community 

(http://ocp.hul.harvard.edu).”  

The origins of medical geography is closely related to the ideas of Hippocrates. Meade who 

contributes a lot to medical geography explained the medical geography in the early days:  

“Medical geographers like to trace the origin of their subdiscipline to the environmental 

awareness of Hippocrates (Meade, 1977).” 

“The 18th to 19th century physicians (e.g. Finke, 1792-1795) who first used the term medical 

geography, and who struggled in dozens of works to describe and organize the avalanche of new 

information about human diseases, cultures, and environments that came with world exploration, 

were continuing the holistic Hippocratic tradition (Meade and Emch, 2010).”  
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Jacques May and Meade remain in history as an important scholar of medical geography. This 

fact can be found in Meade and Emch’s writings (Meade and Emch, 2010): 

“Jacques May was the “father” of medical geography in the United States. He initiated the 

subdiscipline with Medical Geography: Its Methods and Objectives, developed the first maps of 

global distributions (May, 1950-1954), and wrote The Ecology of Human Disease (May, 1958).” 

“At its November 1974 meeting, the Council of the AAG established a Committee on Medical 

Geography and Health Care. In January 1979, Meade became the first chair of the new Medical 

Geography Specialty Group - the organizing body today, now known as the Health and Medical 

Geography Specialty Group.” 

Related to human health in geography, in terms of theories and analytic characteristics, 

geography of health were divided into two streams. One is health geography and the other is 

medical geography. From the point of view of health geographers, medical geography is too 

interested in disease etiology, accessibility, and modeling. On a view of medical geographers, 

health geography is too limited to behavioralism, ignoring interactions between human, 

environment, and culture. But, one thing that the two of school have in common is concerned 

about place and space in a variety of scales (Meade and Emch, 2010). 

Over the past 20 years, social science has affected on geography of health. From the positivist, 

the trend of thought in social theories such as social interactionist, structuralist, structurationist, 

and post-structural theory were distinguished the characteristics of the study for interpreting the 

“meaning of illness” (Meade and Emch, 2010). Some researchers have the point of view of the 

positivist approach to health geography. These researchers are explain disease occurrences using 

the variables that can be measured. Other researchers take a difference approach that is social 

interactionist. In social interactionist approach, experiences of people who have disease risk living 

in a particular place are explored and interpreted. From the structuralist standpoint, both 

approaches take no account of social and economic forces. In structurationist view, both structure 
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and human activity are all important. In recent years, like many other social scientist, some 

geographers also involved in the development of different theoretical framework, it can be called 

post-structuralist approach. A core point of view of this is how knowledge and experience are 

formed in power relations (Gatrell and Elliott, 2010). 

Recently, through the concept of environmental epidemiology, medical geography has been 

studied with the categories of epidemiology, biology etc. that health-related studies (Figure 2) 

(Glass, 2000). In the field of medical geography, by placing emphasis on the study of spatial or 

geographical dimension, analysis of the target gets plenty through dealing with the issues in 

epidemiology.  

 

 

Figure 2 The matrix of geography (Meade and Emch, 2010) 
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During medical geography accomplish the academic advancement, the core concept of the 

analysis has been placed in the ecologic perspective of health. Ecologic perspective means that 

emphasis on the interaction between human behavior and the environment. Thus, the prevalence 

and mortality of individuals or groups to analyze the spatial variability of the various studies have 

been conducted (Glass, 2000).  

According to Elliott and Wartenberg (2004), definition of spatial epidemiology is as follows.  

“Spatial epidemiology is the description and analysis of geographically indexed health data 

with respect to demographic, environmental, behavioral, socioeconomic, genetic, and infectious 

risk factors”. 

Spatial attributes of health data plays an important role to describe the variability of risk. 

Because the location, demographic factors, and socioeconomic characteristics of the region are 

affecting the people who were targeted for the environmental hazards (Beale et al, 2008). This 

way, spatial epidemiology can deal with the spatial properties. With the development of GIS, the 

research studies related to environment and epidemiology can proceed to more diverse studies. 

Not only utilizing the attribute information of the data and performing statistical analysis, but also 

visualizing data, GIS can help to be able to easily grasp the relationship between health and the 

environment. The items that can be analyzed using GIS are specifically adjustment, disease 

clustering, disease mapping, ecological analysis, smoothing, spatial autocorrelation, and spatial 

regression etc (Rezaeian et al, 2007). 
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  1.2. Map, Health, and Statistical Methods 

Important functions of the map are visualization and communication (MacEachren, 1995). 

Visualization through the map is the way of presenting the features in graphic forms such as point, 

line, and polygon shape. Visualization is used to represent the information in a way that is easy to 

digest and understand. Also, visualization is linked to the communication capabilities of the map. 

The person who created the map keeps in mind that what information do the readers get from the 

map. 

As seen from Figure 3, visualization can be assumed that it consisted of the elements of 

“cognitive and analysis”, “visual and nonvisual communication” and “formalization” (Taylor, 

1991; Taylor, 1994). GIS analysis techniques allow us to handle these three components as well 

as analysis and visualize the data. It shows the importance of cartography for GIS application. 

 

 

Figure 3 Conception of Visualization (Taylor, 1991; Taylor, 1994) 

 

 



 

12 

 

Hippocrates (Hippocrates, 460 BC) carefully considered about the fact that the relation between 

the environment and the geographical location, which contribute to the health sector. For example, 

the citizen of the north-facing cities tend to live in poor health environment because of the pleurisy 

and the tonsillitis. But the citizen of the south-facing cities tend to healthier than the citizen of the 

north-facing cities, because it is easy to spread haze or fog in circumstances of the south-facing 

cities (Lawson and Williams, 2001). 

Reading the context about the disease in geographical analysis is not a new concept. 

Researching techniques for mapping and analyzing of disease data was begun in 1800s. One of 

the earliest examples of disease mapping is the map of the addresses of cholera victims by John 

Snow in 1854 (Figure 4). This map marked the location of the people who died by cholera in the 

form of stacked bar in the Golden Square area, UK in 1854. Even at that time, they did not know 

what solution needs to prepare for the prevalence of cholera because of the lack of knowledge 

about the spread of cholera. By mapping the location of the water pump and the location of each 

victim, Snow eventually knew the fact that the cause of the spreading cholera is contaminated 

water. 

 

Figure 4 John Snow’s cholera map (1855) 
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For visualizing the disease data, making reliable data that the source material of visualization 

is important procedure. It is important to find the cause of disease and preparing the problem 

when disease occurs. But as the previous step for this, manipulation and analysis process of data 

for reliable and effective mapping is necessary. In most cases, morbidity/mortality data aggregated 

according to each region. It is expressed as the number of cases or the degree of decrease/increase 

or the number of cases per one hundred thousand people, or percent (%) and so on. This is easy 

to understand numerically. However, it is difficult to verify the regional differences and significant 

areas of the incidence/mortality rates. 

Due to the number of samples of each region, variability of relative risks of each region is also 

considered as a problem that should not be ignored. When the variability of the data is greater, 

the statistical reliability of the data is smaller. Also, age-standardization should be preceded before 

the relative risks are calculated. 

SMR is defined as the maximum likelihood estimates of relative risks under the assumption of 

the number of the disease occurance follows a Poisson distribution. However, when calculating 

SMR in a small number of samples, the relative risk for that region is likely to be represented the 

remarkable region on the map. Especially, in case of the rare event occurs in the small population 

region, the problem gets worse. In spite of the criticism by Yule in 1934, because it has the 

advantage of being easy to calculate, SMR has been widely used until these days (Fox and Collier, 

1976; Pierpoint et al., 1998; Enstrom and Breslow, 2008). 

When SMR was represented as extreme values on the map, it could be interpreted as a loss of 

confidence in the result value. Due to the small number of population, SMR could be distorted 

rather than reflecting the true risk ratio. To compensate for this, the smoothing technique should 

be applied. As Clayton and Kaldor (1987) suggested the Bayesian model-based smoothing 

techniques, a variety of Bayesian techniques have emerged including the local smoothing 
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technique (Marshall, 1991). 

The full Bayesian approach has been avoided because of the complexity of the calculation. But 

over time, with the development of Bayesian analysis, researchers were able to overcome these 

calculation problems. The Monte Carlo method has been used in sampling the joint posterior 

distribution of relative risk. It can calculate the point estimation and their confidence intervals 

using the posterior distribution. In the beginning, Besag (1989), Besag, York, and Mollié (1991) 

introduced Gibbs sampler for mapping the epidemiological data. 

 

  1.3. Prostate Cancer in South Korea 

Prostate cancer is a common cancer among men in the western world. In the United States, by 

2009, prostate cancer have the highest incidence of cancer in men (137.7 people per 100,000) and 

mortality rate (22 people per 100,000) followed by lung cancer (http://www.cdc.gov). In the case 

of the UK in 2010, prostate cancer is the highest incidence (105 people per 100,000) of cancer in 

men, second mortality (23.8 people per 100,000) has been recorded followed by lung cancer 

(http://www.cancerresearchuk.org). 

According to the Pu’s research (2004), the Asian region’s Age-standardized prostate cancer 

mortality appears to be increased gradually from 1965 to 2000. In the United States, on the other 

hand, the incidence decreased by 2% between 2000 and 2010, and the mortality decreased by 3.1% 

from 2004 to 2010 (http://seer.cancer.gov). In the UK, when compared to the mortality rates for 

two periods decreased by 11% from 1999 to 2001 and from 2008 to 2010 

(http://www.cancerresearchuk.org). Because of the morbidity and mortality rate consistently high 

in the western world, although the reduction in the incidence and mortality trends, mapping and 

analysis of the spatial characteristics of prostate cancer related studies have been conducted 

continuously (Abe et al., 2006; Altekruse et al., 2010; Jarup et al., 2002; Jemal et al., 2002; 

Johnson, 2004; Kafadar, 1997; Klassen et al., 2005; Mandal et al., 2009; Mather et al., 2006; 
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Rogerson et al., 2006; Xiao et al., 2007).  

In 2010, in the case of cancer among men, colorectal, lung, liver, prostate cancer had a high 

incidence rate and thyroid, breast, stomach, lung, and colorectal cancer had a high incidence rate 

for women. Looking at age-standardized cancer incidence trends, stomach, lung, and liver cancer 

showed a tendency to decrease, and colorectal and prostate cancer showed an increase of 6.7%, 

13.2 % respectively during 1999 and 2009 because of the westernized living environment 

(http://www.cancer.go.kr). From 1984 to 2004, the incidence of prostate cancer increased by 20 

times. According to The Korean Urological Association’s data, prostate cancer surgery increased 

by 20 times (1,933%) in the past 10 years (http://cancer.snuh.org). According to the data from the 

National Health Insurance Corporation (2007), prostate cancer patients increased by 26.1% in the 

data from the health insurance trends of cancer patients from 2000 to 2006. It showed the highest 

growth. Also part of the new cancer, prostate cancer patient was the highest growth rate of average 

annual increases of 15.4%. The financial expenses for prostate cancer is 6.5 times in 2006 

compared to the 2000 year, prostate cancer has the highest growth rate. The prevention of prostate 

cancer in South Korea in terms of financial expenses for health was emerged as an important issue 

(http://www.smc.or.kr). 

Shin et al. (2008) noted the fact that there’s a clear upward trend of colorectal cancer and 

prostate cancer in 10 years from 1993 to 2002. Age-standardized incidence rate of colorectal 

cancer is 25.7 people per one hundred thousand people in 1993, to 40.7 people per one hundred 

thousand people in 2002 so 58.4% increased. In contrast, prostate cancer from 8.1 people per one 

hundred thousand people in 1993 and 14.7 people per one hundred thousand people in 2002, so 

increased by 81.5%. Thus, age-standardized prostate cancer incidence and mortality rates in South 

Korea is lower than Western countries in over time, but has been steadily increasing. Especially 

in the case of Seoul, over the years from 1996 to 1998 and 1999 to 2001, the incidence has been 

increased by 28.2% (Park et al., 2006). Prostate cancer was ranked ninth in men's cancer in 2000 

in South Korea, but until 1995, it had no part of the top 10 in cancer in men. 
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From 2002 to 2009, the trends of medical treatment result of cancer, prostate cancer were the 

highest rank by 26.2 percent growth in annual average, colon cancer were the next (14.0%). 

During the 7 years, a 5.11-fold increase in prostate cancer and 2.5-fold increase in colorectal 

cancer (National Health Insurance Corporation, 2011). According to the Pu’s (2004) research, 

when it compared to 1985, the standardized death rates of prostate cacner in 2000 was increased 

by about five times. In the OECD countries, the three most common cancers in man is prostate 

cancer, colon cancer, and lung cancer. In case of women, breast cancer, colon cancer, lung cancer 

has been reported. As lifestyles have been westernized, incidence and mortality of prostate cancer 

and breast cancer are expected to continue to increase. But until now, prostate cancer is not 

included in South Korea's national cancer screening target (stomach cancer, breast cancer, cervical 

cancer, colorectal cancer, liver cancer) so it cannot gauge the exact incidence. For this reason, in 

this study, prostate cancer mortality data were used for comparison of relative risks of each region. 
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2. Bayesian Model-based Disease Mapping 

 

  2.1. The Appearance of Bayesian Disease Mapping 

John Snow mapped cholera deaths in London in the 1854. It is one of the most famous and 

earliest cases of geography and maps being utilized to understand the spread of a disease. As the 

case of Snow’s map, mapping the epidemiological data can describe the spatial variability of the 

disease. Also, it can be used to identify the unusually high-risk areas.  

Because of the privacy, the aggregated epidemiological data of each region have been offered. 

Thus, the frequency of disease or death will be analyzed for each region. There's a lot of studies 

using SMR (standardized morbidity/mortality ratio) for mapping the morbidity/mortality 

(Costello et al., 1974; Elsen et al., 1992; Meliker et al., 2007). However, SMR is cannot adjust 

variability that caused by the size of the population-at-risk. In other words, within a small 

population region, SMR have a lot of variability. Since these methodological limitations were 

awared by Clayton and Kaldor (1987), Bayesian-model based smoothing technique was applied 

to the mapping of epidemiological data on the map. After then, various papers linked to calculate 

relative risks have been published (Clayton and Kaldor, 1987; Marshall, 1991; Mollie and 

Richardson, 1991; Richardson et al., 2004). Marshall was mapping the child mortality under the 

age of 5 using the local Bayesian model-based techniques only using the information from 

neighbor regions. Therefore, regional variability of the results could be presented. 

 

  2.2. The Recent Trends in Bayesian Disease Mapping 

In South Korea, data manipulation and mapping techniques for epidemiological data are being 

done in limited scope. Looking at trends in South Korea, hierarchical Bayesian analysis was 
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applied in disease mapping (Kim and Kang, 1999). In this study, as an example, New York 

leukemia data commonly used in this field was used in hierarchical Bayesian analysis. Also the 

paper using HGLM and empirical Bayes analysis was presented (Kim and Jo, 2004). Focusing 

the Gyeongsang-do and Jeolla-do region, calculating lung cancer mortality and creating the map 

for over the 45-year-old person. And the statistical reliability of the estimation methods was 

compared. To represent the distribution of the United States colorectal cancer, Metropolis-

Hastings algorithm was applied in the Kim’s study (Kim, 2006). Yet, analysis in spatial context 

and represent them using epidemiological data are not actively being made. The fact that the 

difficulty of acquiring individual units of epidemiological data may be the one reason. So, analysis 

using the data from the overseas or some limitary areas in South Korea has been made. 

In South Korea, disease mapping-related research has not been conducted until these days. As 

you can see above, a relatively small number of studies have been conducted and the technique 

used in these researches for analyzing the spatial distribution characteristics is limited. There are 

many studies for finding causes and problems of disease, but it is difficult to find some examples 

of mapping the disease data. In contrast, the research studied in overseas on mapping of 

epidemiological data has been made in various ways. Mapping the SMR which is widely used for 

epidemiological data mapping was carried out with a number of case studies (Fox and Collier, 

1976; Pierpoint et al., 1998; Enstron and Breslow, 2008). In the Jarup’s research (2002), for 

comparing SMR and smoothed SMR maps, Bayesian smoothing techniques was applied for 

mapping the prostate cancer incidence data in the Great Britain. Bernardinelli et al. (1995) made 

SMR and smoothed SMR map using the insulin dependent diabetes mellitus (IDDM) data in 

Sardinia. SIR (standardized incidence ratio) of the prostate cancer data in NY was calculated and 

represented using Bayesian model (Johnson, 2004).  

In the Manton’s research (1989), empirical Bayesian (EB) method was utilized for six cancer 

data in the United States. In the research studied by Mollie and Richardson’s (1991), EB technique 

was applied to calculate the mortality of various cancers occurred in France. In the Cressie’s 
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research (1992), by applying the EB technique, the sudden infant death (SID) rate occurred in 

North Carolina was represented in the map. Meza (2003) applied the EB modeling using the 

prostate cancer incidence rate data in the Nebraska. Marshall (1991) applied EB technique to 

maintain regional variability using the data of infant under 5 years old in the Auckland, New 

Zealand. The study of comparison between EB and FB methods is conducted by Bernardinelli 

and Montomoli (1992). Full Bayesian technique and Empirical Bayesian technique were applied 

for calculating and mapping the disease mortality from breast cancer and Hodgkin's occurred in 

Sardinia. A comparative study between SMR, EB, and FB has been conducted using the mortality 

data in the Netherlands (Heisterkamp et al., 1993). 

 

  2.3. Global Standardization Techniques 

Through a series of processes, the morbidity/mortality rate in each region can be represented 

geographically. The easiest way to create a map when disease or death occurs is presenting the 

absolute value of the frequency for each region. However, if the map presents only the 

disease/death count in each region, that is less effective because it is impossible to distinguish the 

large population regions and small population regions. Thus, the number of cases in each region 

divided by the area's population may be presented such as crude death rate.  

The occurrence of the disease or death is dependent on the age variable. So, mapping mortality 

should be carried out right after the age-adjusted process to remove the effect of age structure in 

each region. When mapping the crude rate in each region, it is difficult to distinguish the changes 

in the mortality whether the change due to the difference of the population structure or actual 

mortality changes. For instance, the crude death rate will be high in populations with a large 

proportion of elderly people and vice versa. The purpose of mapping the mortality is not just 

distinguishing the regions with high percentage of elderly people, so age structure should be 

standardized to be removed (Stoto, 1992).  
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The emergence of standardized rate starts from the mid-19th century U.K. Beginning around 

1840, the recognition of problem that the crude rate does not take into account the age structure 

arises, a variety of methods for measurement morbidity / mortality have been proposed. In the 

Neison's research (1844), for the first time, standardized rate (direct and indirect) was presented. 

Farr’s study in 1853, for the first time indirect standardization method was applied. According to 

Benjamin and Pollard (1980), at Registrar General's report in 1883, direct standardization method 

was used for the first time. In the early 20th century, the United States began to use standardized 

mortality ratio (Mortality 1911, US Bureau of the Census, 1913), and similar age-standardized 

techniques were used between 1921 and 1924. DAR, IAR, and SMR for each region j can be 

calculated by the following formula (Pickle and White, 1995).  

 

DAR 	
∑
∑

 

	
	

	 	
∑
∑

 

	 .
	 .

∑
∑

 

Where,  

Cij is the age-i-specific rate for state j 

Pij is the population at risk in age group i, state j 

Csi is the age-i-specific rate in the standard population s 

Psi is the population at risk in age group i in the standard population s 

Xij is the no. of deaths in age group i, state j 

Xsi is the no. of deaths in age group i in the standard population s. 
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Direct Age-standardization Rate (DAR) calculates a standardized or age-adjusted death rate, 

which is a weighted average of the age-specific death rates on each of the age-specific populations. 

So rather than interpretation itself, it should be interpreted as the hypothetical death rate. One of 

the disadvantages of calculation DAR is the fact that the calculated mortality have a lot of 

variability in the region with a small number of population. The age-adjusted rate is hypothetical, 

and is useful only for comparing populations, either over time, by geographic area, by sex (Curtin 

and Klein, 2005). 

Speaking of indirect age-standardization rate (IAR), a standard set of age-specific death rates 

are assumed to apply to the observed population in each region. It is technically appropriate to 

compare indirectly standardized rates only with the rate in the standard population, not with each 

other. The direct method can present the problems when population size is small, so in this case, 

indirect methods can be applied. 

SMR is a kind of IAR and SMR is the maximum likelihood estimates of the relative risk under 

a Poisson model for the observed number of disease occurrences. The SMR estimates have high 

variances when the population of local areas are small. Areas with low population, in which both 

observed and expected counts are low, tend to present extreme relative risk estimates. As 

mentioned above, SMR is a kind of IAR, so without the assumption that the population structure 

is the same in all over the regions, regional comparison is impossible. SMR is the most widely 

used for standardization of the risk ratios in medical geography, because of its simple computation 

procedure (Fox and Collier, 1976; Pierpoint et al., 1998; Enstrom and Breslow, 2008).  

SMR, the commonly used in the disease mapping process, can be calculated from the ratio of 

observed (Yi) and expected values (Ei). If the disease is rare, Ei is calculated not large enough, the 

Yi is assumed to following Poisson model (Clayton and Kaldor, 1987). 
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η ~  

 

Where, η  means the relative risk parameter constant value in region i. MLE (maximum 

likelihood estimate) of η  under Poisson assumptions on Yi is the SMR, calculated as below.  

 

̂ ≡ 	 /   

 

In the low population area, expected counts are also small. So it tends to present extreme 

relative risk estimates that dominate the map (Bernardinelli and Montomoli, 1992). When the 

SMR values represented as extreme values on the map, it should be interpreted as a loss of 

reliability of the result due to the small population rather than reflecting the true risk ratio. To 

compensate for this, the smoothing technique should be applied. As Clayton and Kaldor (1987) 

suggested the Bayesian model-based smoothing techniques, a variety of Bayesian techniques have 

emerged including the local smoothing technique (Marshall, 1991). 

 

  2.4. Model-Based Bayesian Smoothing Techniques 

A result of the empirical Bayes technique is calculated based on the penalized log-likelihood 

maximization. The full Bayesian method is consisted of simulating the joint posterior distribution. 

One of the strengths of the full Bayes approach is that it allows for precise assessment of their 

uncertainty. The empirical Bayes information comes from a model of a reference population. But 

in full Bayesian approaches, instead of a point estimate of the expected mean and its variance, a 

distribution of likely values is generated. Through the use of a prior distribution instead of a point 

estimate, the variance can be calculated more accurately (Persaud et al, 2010). 
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Consider the following basic framework for a Bayesian analysis (Marshall, 1991). Suppose that 

, ⋯ , , and incidence rates or measures of risk to be estimated at N areas. And 

, ⋯ ,  are the numbers of diseases in populations of size n1, ..., nN. Bayesian inference is 

based on the posterior distribution for a likelihood |  and prior	 . 

 

f θ|y ∝ l y|θ f θ  

 

In the Bayesian approach, inference about  are based on the posterior distribution | 	of 

, obtained by combining the likelihood with the prior via Bayes’ rule (Carriquiry and Pawlovich, 

2004). Being a product of the likelihood and the prior distributions, the posterior distribution, 

describes the behavior of the parameters after the data are observed and prior assumptions are 

made. The posterior distribution is defined as 

 

P θ|y
L y|θ g θ

C
	

where	C |θ θ dθ 

 

Where g( ) is the joint distribution of the vector	 . This distribution g( ) can be specified as a 

proportionality, p(θ|y) ∝ L(y|θ)g(θ).  

In addition, several smoothing models have been proposed including log-normal model and 

Marshall’s local model. Log-normal model is based on the assumption that the logarithm of the 

relative risks follows a multivariate normal distribution. And local model that requires only local 

information to be computed for smoothing. This produces a local shrinkage for each area, instead 

of the global shrinkage provided by the previous estimators. 

Application of the full Bayes approach has been hindered by computational problems, but 

recent developments in Bayesian analysis provide a means of overcoming these difficulties. Such 



 

24 

 

developments revolve around a Monte Carlo technique (Gibbs sampler). Application of the Gibbs 

sampler in disease mapping was first proposed by Clayton (1989) and by Besag et al. (1991). The 

idea is one of the sampling joint posterior distributions of the relative risks. On the basis of 

information contained in the simulated sample, it is possible to investigate the full posterior 

distribution of the relative risks. Access to this posterior distribution enables straightforward 

computation of point and interval estimates, and therefore to access uncertainty in the map surface. 

Some studies have compared empirical Bayes estimator with full Bayes estimator 

(Bernardinelli and Montomoli, 1992). They concluded that the full Bayesian approach may have 

advantages over the empirical Bayes estimator, owing to the ability of the Bayes methods to 

quantify the uncertainty in the parameters involved in the model.  

After the study of EB techniques for smoothing the relative risks of the lip cancer in Scotland 

carried out (Clayton and Kaldor, 1987), many studies have been made. The study on infant 

mortality in Auckland, New Zealand (Marshall, 1991), and the study of the distribution of suicide, 

Wales, UK (Saunderson and Langford, 1996), and the study on mapping prostate cancer in 

Nebraska, US (Meza, 2003) used empirical Bayes methods to smooth SMR. Besag et al (1991), 

Maiti (1998), Johnson (2004) and others used full Bayes methods to smooth SMR. In addition, 

Bernardinelli and Montomoli (1992), Heisterkamp (1993), and Ugarte (2009) compared the EB 

and FB. 

 

2.4.1 Global smoothing techniques 

2.4.1.1 Poisson-Gamma model 

One of the characteristics of the Poisson distribution is that the mean and variance of Yi is the 

same, but for rare diseases, the observed disease count may exhibit extra Poisson variability. 

Hence the variance of the estimates of disease risk, the SMRs, may be highly unstable (Choo and 

Walker, 2008). Clayton and Kaldor considered a gamma distribution of the relative risks described 
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by a scale parameter  and a shape parameter  (Clayton and Kaldor, 1987). 

 

|θ , ~  

~ ,  

 

We assume that the relative risks {θ } are iid (independent identically distributed), following a 

gamma distribution with mean /  and variance	 / . The distribution of θ  is also of the 

gamma form with scale parameter ( ) and shape parameter ( ). Thus, the posterior 

expectation of θ  conditional on  is 

 

E | , /   

 

Where, if  is small, the SMRi have large variation on even a small change in	 . Estimates 

based on large numbers of observed values are close to the corresponding SMR, while those based 

on small numbers are close to the overall mean relative risk. 

 

2.4.1.2 Log-Normal model 

Log-normal model requires some approximations, but it has the advantage of being able to 

consider the effect of various covariates and unobserved random effects (Clayton and Kaldor, 

1987). Assume the β is a vector of log relative risk, then it follows the multivariate normal 

distribution, mean μ, dispersion matrix ∑. If  is 0, it cannot defined as ratio, so add 1/2 to	 . 
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2.4.1.3 Full Bayesian methods 

Bayesian techniques commonly used in modern statistical techniques. Since the late 1980s, it 

has become available with the development of fast computing algorithms. MCMC (Markov chain 

Monte Carlo) has enabled to access the Bayesian approaches with sampling the posterior 

distribution. Also it used widely in the field of epidemiology and public health. Using MCMC 

was increased with referring from Gilks et al. (1993), about the advantages of the technique. As 

the development of BUGS and WinBUGS, MCMC became spread easily. 

The basic idea of Bayesian modeling starts from a likelihood paradigm for distributions on the 

parameters in the likelihood model. This distribution is called the prior distributions. Therefore, 

these parameters will have a stochastic nature. The parameters of prior distribution also have 

stochastic characteristics, so natural hierarchy of the parameters is formed. In the Bayesian 

approach for disease mapping, the inference on the relative risks is based on the posterior 

distribution of the risks given the data. Through a combination of Likelihood parameters for the 

model and proper prior distribution, the posterior distribution is calculated. 

EB mathematical techniques could be developed relatively quickly because, unlike FB, EB 

does not require integration process. The FB approach allows the uncertainty about 

hyperparameter, which describes the amount of variation of the true RRs in the map to be carried 

over into the estimated RRs, but EB is flawed since the final estimation of the map fails to account 

for the uncertainty (Bernardinelli and Montomoli, 1992). Clayton, Besag and York proposed to 

use a Gibbs sampler for mapping of epidemiological data for the first time. Bernardinelli and 
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Montomoli (1992) compared to EB and FB in their study. Of the two, they concluded that the FB 

has many more advantages. Because of the uncertainty of the model parameters can be quantified. 

 

2.4.2 Local smoothing technique 

As described above, if the variability of the sample data is large, take the weighted values of 

the global mean for smoothing. Marshall (1991) proposed the local smoothing techniques. Instead 

of reflecting the information of the entire region, only the information from neighboring regions 

is used to smooth. Define for each region’s neighboring region, the value of the local mean, 

variance, and shrinkage factor is calculated.  

 

θ  

 

 

Where, , and m is estimated by the pooled mean 	 ,

	Σ . ,  . 
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3. Spatial Pattern Analysis 

 

  3.1. Background 

In medical geography studies and epidemiological researches, it is important to understand the 

spatial pattern (clustering) of disease or death cases across the study regions. There are three main 

situations in which the statistical analysis of disease clustering is important (Lawson et al., 1999). 

(1) In epidemiological research when trying to study the aetiology of a disease 

(2) In public health as part of geographical disease surveillance 

(3) In response to disease cluster alarms to evaluate whether thorough epidemiological 

investigations are warranted. 

 

Cluster analysis is an exploratory method to find significant cluster areas with high or low 

disease risk. In this context, the study to detect areas with high death rate of a disease can be used 

to find materials to conduct other epidemiological studies. And the spatial pattern analysis studies 

can be used to give a solid scientific base to epidemiological researches. By doing so, it can be 

informed the environmental or social hazards can be reduced in their effect on the people by 

appropriate public health policy.  

Many statistical methods for cluster analysis are developed and have been examined by many 

case studies. Some leading researches in the field of cluster analysis are as follows. The research 

done by Knox (1964) to detect seasonal variation and risk areas of leukemia in children under 15 

in Northumberland, Durham, and Tees-side in 10 years from 1951 to 1960. Openshaw (1987) 

introduced a geographical analysis machine (GAM) to detect the presence of spatial clusters. 

However, this technique has been criticized due to the multiple testing problem. Whittemore and 
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others (1987) studied on the distance-based global cluster technique. Cuzick and Edwards (1990) 

proposed the global cluster analysis based on distance between case and control. Kulldorff and 

Nagarwalla (1995) proposed the spatial scan statistics that is one of the local cluster analyses. The 

test contained significance test for clusters based on likelihood ratio. After this, Kulldorff, Tango, 

and Park (2003) conducted a comparative study of cluster analysis.  

The cluster analysis researches based on the prostate cancer data have been conducted. Recently, 

one of the cluster analysis research studies related to prostate cancer was conducted (Abe et al., 

2006). In this research, geocoded data for prostate cancer cases diagnosed in New Jersey residents 

from 1995 to 1999 were applied to spatial scan statistic for identifying clusters of census tracts 

with elevated proportions of cases of distant stage prostate cancer, using a case - control Bernoulli 

probability model. Altekruse et al. (2010) studied to utilize prostate cancer incidence data to 

identify the stage of diagnosis and race specific spatial clustering of prostate cancer incidence in 

the four southeastern states of Georgia, Florida, Alabama, and Tennessee in 2000. Jemal et al. 

(2002) utilized the spatial scan statistic to identify geographic clusters of the elevated rates for 

prostate cancer using county-based mortality data from 1970 through 1989. 

Klassen et al. (2005) combines cluster detection analysis techniques with multilevel modeling 

of area level influences on disease patterns using the data from the Maryland Cancer Registry on 

incident cases of prostate cancer occurring in Maryland from 1992 to 1997. Mandal et al. (2009) 

assessed the cancer data from the continental United States for spatial clustering using the Getis-

Ord Gi
* ArcGIS (v 9.3). In this way, spatial scan statistics using the prostate cancer data have been 

commonly used in the cluster analysis studies. The Moran's statistics have been used to 

complement for this.  

 

  3.2. Modeling Issues 

In the above section, the methods were explored for spatial pattern analysis, trends in prostate 
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cancer-related articles and necessity of spatial clustering analysis. In this section, the spatial 

clustering techniques used in this study are described. Many statistical methods for detecting 

spatial autocorrelation and spatial clustering were developed and can be classified into two groups 

- methods for global clustering (spatial autocorrelation) exploration and for local cluster detection. 

In this section that follows these methods are presented in detail.  

Among methods for global clustering test, we selected Moran’s I, global G statistic, and Geary’s 

C. Although they provide an indication of significance of clusters, these methods do not provide 

additional information on the size and location of clusters. So, in addition, local cluster analysis 

is conducted. For local clustering test, we selected LISA (Local Indicators of Spatial Association) 

- local Moran’s I and local Gi statistic - and Kulldorff’s test because these methods have been 

used widely in these area. 

 

3.2.1 Global statistics 

3.2.1.1 Moran’s I 

Moran's I (1948) has been widely used for assessing global clustering patterns. This statistic 

can be calculated by the following formula. 

 

I
∑ ∑

∑ ∑ ∑
 

 

Where, n is the number of regions,  is the observed values in i region.  is mean of 

observation values,  is proximity for region i and j. Moran’s I value is located between -1 and 

1. Positive values of I are associated with strong geographic patterns of spatial clustering, negative 
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values of I indicate a negative spatial correlation, and a value close to zero represents complete 

spatial randomness (CSR). 

Assunção and Reis (1999) proposed the empirical Bayes index (EBI) that is modified Moran’s 

I to consider the size of the population. When , …  is assumed to unknown relative risk for 

each region,  follows	E | 	 . Approximation value  have mean	E | 	 , 

and variance	var / . 	have a priori expectation and variance equal to β and	α, 

respectively. Marshall (1991) proposed moment estimates for the parameters α and β given by 

a , / , respectively. The marginal expectation and variance of 	are estimated 

by b and / . The EBI is defined as follows: 

 

 

EBI 	
∑

∑
∑ ̅

 

 

3.2.1.2 Geary’s C 

Geary’s C statistics (1954), sometimes called Geary’s contiguity ratio, is a measurement 

method for spatial autocorrelation. It has been widely used with Moran’s I until now. This statistic 

can be calculated as follows:  

C
1 ∑ 1∑ 1

2 ∑ 1∑ ∑ 1

 

 

The above values have a range of 0 to 2. C is calculated almost 0 when the presence of positive 
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spatial autocorrelation that similar values are located close to each other is identified. The other 

hand, C is calculated close to 2 if it has a negative spatial autocorrelation. Its expectation is 1 in 

the absence of autocorrelation. 

 

3.2.1.3. Getis-Ord General G statistic 

The general G statistic is based on all pairs of values (xi, xj) such that i and j are within distance 

d of each other. The statistic is as following (Getis and Ord, 1992).  

 

G d
∑ ∑

∑ ∑
, 	 	 	 	  

 

The G(d) statistic measures overall concentration or lack of concentration of all pairs of (xi, xj) 

such that i and j are within d of each other. A binary weighting scheme of distance is recommended 

for this statistic and the range for General G will be between 0 and 1.  

In this statistic, the null hypothesis states random distribution. The z-score value is a measure 

of statistical significance which tells us whether or not to reject the null hypothesis. The higher or 

lower the z-score, the stronger the clustering intensity. A positive z-score indicates clustering of 

high values and a negative z-scores indicates clustering of low values. A z-score near zero means 

that there’s no cluster. 

 

3.2.2 Local statistics 

3.2.2.1 Local Moran’s I 

Local Moran’s I is a local spatial autocorrelation statistic based on the Moran’s I statistic 

(Anselin, 1995). The sum of local Moran’s I for all observations is proportional to a global 

indicator of spatial association. Local Moran’s I statistic is calculated as the following equation. 
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∑

 

 

When the global spatial autocorrelation is present, it is inappropriate to calculate the expected 

value and the variance of I. Because it is calculated under the assumption that all the region have 

the same likelihood. Thus, through the course of the conditional randomization simulation, 

regardless of the presence of global spatial autocorrelation, a significance level of I can be 

calculated. 

Moran scatter plot have been widely used because it can represents the characteristics of cluster 

or outlier effectively (Table 1). The upper-right panel (HH) of the plot include the regions with a 

high value surrounded by the regions which also have high values. The bottom-left panel (LL) 

contain the regions that are associated with low values surrounded by regions that also have low 

values. The upper-left panel (LH) include the regions with low values surrounded by the regions 

with high values. Finally, the bottom-right panel (HL) contain the regions that high values 

surrounded by the regions with low values.  

 

Table 1 Interpretation of the Local Moran’s scatter plot 

(Resource: http://www.biomedware.com) 

 

Category Scatter plot quadrant autocorrelation interpretation 

HH Upper right Positive (Cluster) I’m high and my neighbors are high. 

HL Lower right Negative (Outlier) I’m a high outlier among low neighbors. 

LH Upper left Negative (Outlier) I’m a low outlier among high neighbors 

LL Lower left Positive (Cluster) I’m a low and my neighbors are low 
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3.2.2.2 Getis-Ord Local Gi statistic 

Ord and Getis (1995) suggested the metric for determining local hot (cold) spots. It can be used 

to detect pockets of spatial association that may not be evident when using global statistics. The 

statistic as follows. 

 

∑ ̅

1
2

	 ,  

∑ ,  

 

 

The Gi statistic uses a binary weights matrix . Vector [wij(d)] is a symmetric one/zero 

spatial weight matrix with ones for all links defined as being within distance d of a given i. s2 

denote the usual sample variation. 

 

3.2.2.3 Kulldorff’s spatial scan statistic 

The spatial scan statistic is a method for the detection of spatial disease clusters and their 

evaluation is based on the likelihood ratio test. The base of the spatial scan statistics is the concept 

of moving window and calculate the differences between the inside and outside of the window. 

The purpose of scan statistics is to find the cases does not meet the null hypothesis. Likewise the 

study of Openshaw et al. (1988) and Rushton and Lolonis (1996), Kulldorff considered the 

window that has the radius of the distance between the two cases up to half of the study area. This 

window located in the center of each grid location, or placed on the case-control observations. 
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Based on the research of Loader (1991) and Nagarwalla (1996), Kulldorff designed the base 

structure of the study. It is one-dimensional scan statistics allowed to change the size of the 

window. The window is centered on each of grid points. For each grid point, the radius of the 

window varies continuously. For each location and size of the moving window, the alternative 

hypothesis is that there is an elevated risk within the window as compared to outside (Kulldorff, 

2010). 

 

As mentioned above, the results of spatial pattern analysis can provide the information about 

the relatively high mortality regions of specific disease. Also, it can provide the subject matter for 

another epidemiological studies. We need to pay attention to the procedures of spatial exploration 

because of the results can be calculated differently according to the data used.  

We can get different results from spatial pattern exploration according to the choice of data 

type - the number of death count or standardized death rate. When using the count data in South 

Korea, it should be the obvious facts that the hot spot regions are detected in urban area because 

of their large population. Therefore, we should use the standardized death rate or standardized 

expectation of count data for cluster analysis. In this paper, we used the mortality data include 

crude death rate, standardized death rate, and smoothed risk ratio data for spatial pattern analysis 

of prostate cancer death. 
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4. Modeling Individual-level Mortality Rates 

 

  4.1. Odds Ratio 

When analyzing morbidity or mortality data, we often deal with binary variable as the 

dependent variable such as the presence or absence of disease, death and survival, and etc. Thus, 

logistic regression is more appropriate than general linear regression model to analyze these 

binary variable. When the dependent variable has a value between 0 and 1, the upper limit of the 

odds can be extended to infinity by transforming the ratio of the probability to odds. In addition, 

by taking the log (it is called as logit), lower limits can be extended to minus infinity. 

In the cancer research, odds ratios are most often used in case-control studies to find out if 

being exposed to a certain substance or other factor increases the risk of cancer (NCI Dictionary 

of Cancer Terms). In recent years, odds ratios have become widely used in medical reports. 

Because, they provide an estimate of the relationship between two binary variables and they 

enable us to examine the effects of other variables on that relationship (Bland and Altman, 2000). 

Odds refers to the ratio of the probability that the event will happen to the probability that the 

event will not happen. For example, there is 1/5 odds to have a spot of number 6 when we throw 

a dice 6 times in a row. The odds of success in the case D is P (D) / P (not D). If the probability 

of success is higher than the failure, the odds are calculated more than 1. Because odds are a ratio 

of the two probabilities, it has a range from 0 to infinity. The ratio between two odds is called as 

odds ratio. When the odds ratio is greater than 1, it means that the odds of the numerator has 

greater chance of success. When the odds ratio is lesser than 1, the odds of denominator has the 

greatest likelihood of success. Farther from the odds ratio of 1, it can be interpreted as the two 

odds are strongly correlated. Changing the row or column of data does not change the odds ratio. 

In other words, in the calculation of the odds ratio of two variables is calculated symmetrically, 
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even if the row and column structure of the data have changed, the odds ratio is calculated the 

same as before. 

The chi-square distribution of the likelihood ratio test can be used when determining the 

statistical significance for odds. Consider :	 , 1, … , , 	∑ 1. When H0 

is true, the expected values of {nj}, called expected frequencies, are , 1, … , . 

Pearson proposed the test statistics. It is called as the Pearson chi-squared statistic (Agresti, 2002). 

 

Χ  

 

  4.2. Logistic Regression Modeling 

4.2.1 Literature Review  

Randall et al. (1988) used multiple logistic regression in their research to identify association 

between prostate cancer and individual variables such as age, marital status, body mass, cigarette 

smoking, alcohol consumption, and physical activity. Prostate cancer patients were defined as 

case group. Control group was age-matched hospital patients. As a result, in case of white male, 

the risk of prostate cancer appears to be weakly associated with high Socio-Economic Status 

(SES). 

Virtanen et al. (1999) utilized logistic regression for probability estimation of prostate cancer. 

Explanatory variables used in this regression are age, total PSA (prostate specific antigen), free 

PSA, F/T ratio, DRE (digital rectal examination), TRUS (transrectal ultrasonography), and 

heredity. Among the explanatory variables, F/T ratio, DRE, and heredity were identified as the 

statistically significant variables. Wang et al. (2011) applied logistic regression to predict the 

possibility of having prostate cancer. As a result, the explanatory variable components of 
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regression equation were DRE, hypoechoic nodule, PSA, and age. 

 

4.2.2 Methodology 

In epidemiological studies, one of the methodologies is the logistic regression technique. The 

methodology is for comparison between case and control groups and understanding influences 

between disease occurrence and variables. In the basic form of the regression analysis, the 

dependent and independent variables have a continuous form. However, if the dependent variable 

is a binary form of survival or death, it is difficult to apply a general regression analysis. Instead, 

logistic regression can be applied. 

When the response is binary (e.g. survival or death), the mean function  as the conditional 

probability of ‘live (y = 1)’ can be calculated. The most common link function used with binary 

response data is the logit link. The quantity on the upper left equation is called the logit or the log 

odds (Fox, 2010). 

 

log
1

 

η
1

1
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Figure 5 Curves of the logistic (logit) function (Fox, 2010) 

 

The relationship between the independent variables and the probability can be plotted as an S-

shaped curve. The probability will be located between 0 and 1 depending on the value of the 

independent variable. However, depending on the location of x, the increment of y is not a 

constant value because it is not a linear function. By transformation of the probability to logit (log 

odds), regardless of location x, logit and independent variables have a constant amount of change. 

Also, the upper limit and lower limit of probability can be extended. The relationship between the 

logit and probability is shown in Figure 5. 

When creating a regression model, MLE (Maximum Likelihood Estimation) method is used to 

see whether inclusion of an explanatory variable in a model is more appropriate than a null model. 

When calculating the statistic which is -2 ln  likelihood (-2lnL), likelihood distribution 

becomes similar to the chi-square distribution. The log-likelihood values have a maximum value 

when calculated with null model which has no explanatory variables in the model. The difference 

of the -2lnL statistic between the model and the null model is called the likelihood ratio test (LRT) 

statistic. 
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  4.3. Overview of Individual-level Data 

Using the aggregated data according to each region, the relative risks can be calculated and 

depicted. Also, individual characteristics of people who had died by prostate cancer can be 

compared by using individual-level data. The death from prostate cancer and the death from the 

other cause of death can be compared. Specifically, in the cases of death by prostate cancer, 

relatively weak category can be identified by comparing the relative risks according to age, 

marital status, and education level. In particular, studies have been done on health inequality 

according to socio-economic differences between the level of education and occupation etc 

(Smith et al., 1998; Fernandez and Borrell, 1999; Kang, 2007). The results of the analysis can be 

presented by utilizing logistic regression to calculate the odds ratio from the differences in socio-

economic variables.  

Case group defined as death by prostate cancer, and control group defined as died from the 

other causes. For analysis and comparison of variables in individual-level data, the logistic 

regression analysis was performed. The number of deaths contained in the raw data is 1,005,856 

cases for 4 years (2008-2011). Among them, the number of male deaths is 560,276 (approximately 

55.7%). The number of deaths by prostate cancer is 5,134 (approximately 0.92%). The range of 

age is from at least 20 years old up to the 104 years old. When the same age group is defined as 

the control group, the case group comprised 0.93%. 

Individual-level variables included in logistic regression are age, occupation, marital status, 

and level of education. The number of deaths was 530,792 excluding unknown. Age category is 

listed as a continuous values, and occupation, marital status, and education level are listed in the 

categorical data. In many studies, the age category used as the discrete variables to facilitate the 

interpretation of age variable (Blair and Thomas, 1979; Freedman et al., 2002). In this study, age 

variable is classified into 5 categories and the reference of the dividing age category was the study 
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of Tabot (2005) and Leppik (2006) (young adult, middle-aged, young-old, middle-old, and old-

old). In the standard classification of occupation of South Korea is divided into 10 categories. 

Except for unknown, nine categories were used. In the level of education, the "college or more" 

and "high school" records did not exist. Thus, 7 categories of education data with the exception 

of unknown were used.  

 

5. Methodology 

 

The methodologies that we described above are the base of this research. First of all, the studies 

of standardization and smoothing techniques for disease mapping have been conducted in many 

epidemiological studies (Clayton and Kaldor, 1987; Richardson et al., 2004). However, these 

methodologies have not been put together and applied as a procedure for disease mapping. In 

addition, disease atlas have not been published with smoothed mortality but standardized 

mortality in foreign countries. For mapping the mortality with statistical significance, Bayesian 

smoothing techniques should be applied. Therefore, this study suggest a procedure that contains 

the process for standardization and smoothing the prevalence for disease mapping. In addition, 

we produce mortality maps of prostate cancer in South Korea.  

As an application study, the methodologies for cluster analysis were described in the above 

section. In South Korea, it is hard to find the researches on cluster detection using epidemiological 

data. In foreign countries, not only conduct researches to suggest a methodology for cluster 

analysis but also conduct application studies with diverse epidemiological data. These cluster 

analysis research can be utilized as an important meterial for improvement of public health and 

environment. In this research, cluster analysis of prostate cancer was conducted using LISA and 

spatial scan ststistic that commonly used in epidemiological studies. The part of the comparison 



 

42 

 

of cluster analysis using crude death rate and standardized death rate was added to refer to the 

importance of the standardization of death rate in cluster analysis. 

Logistic regression modeling is conducted as a research process to answer the question about 

the relatively vulnerable characteristics of age, education level, and marriage status. In South 

Korea, the study for identify the vulnerable characteristics of socio-economic factors or physical 

status of death by prostate cancer have not been conducted actively, as well as cluster analysis. 

This research contains the process of identifying vulnerable characteristics (age, education level, 

and marriage status) for death by prostate cancer. 

 

This paper consists of two major parts. The first part is the suggestion of disease mapping 

guidelines, and the second part consists of two application studies - spatial pattern analysis and 

logistic regression modeling. As can be seen in Figure 6, first, we extracted prostate cancer death 

data (ICD-10 C61) from the cause of death dataset. After this, we aggregated the number of death 

by prostate cancer according to regions. And then, go through standardization process based on 

the aggregated dataset. To calculate reliable statistics, standardized data was applied to Bayesian 

smoothing techniques. The death rate data made this way is used to create prostate cancer death 

mapping. 

We include the section of spatial pattern exploration on the disease data as well as the part of 

providing the disease mapping guidelines. As the first application, we performed the spatial 

pattern analysis. The data used was the number of death count, crude death rate, standardized 

death rate, and smoothed standardized death rate. It is the fact that the hot spot cluster is detected 

at the populous regions. And, when comparing crude death rates between two regions, the regions 

may differ with respect to a certain underlying characteristics such as age and sex. A population 

with a high proportion of elderly people will have a higher crude death rate, because the risk of 

death increases as the age gets older. Therefore, crude death rates should not be used to make 



 

43 

 

comparisons across the regions. We used the standardized death rate. In addition, we used the 

smoothed death rate as well as standardized death data for statistical reliability. 

Many statistical methods for detecting spatial autocorrelation and spatial clustering were 

developed and can be classified into two groups - methods for global clustering (spatial 

autocorrelation) exploration and for local cluster detection. We used Moran’s I, global G statistic, 

and Geary’s C for the methods of global clustering test. Although they provide an indication of 

significance of clusters, these methods do not provide additional information on the size and 

location of clusters. We also conducted local cluster analysis. For local clustering test, we selected 

LISA and Kulldorff’s test. The study is to detect areas with high death rate of a disease and it can 

be used to find materials to conduct other epidemiological studies. And the spatial pattern analysis 

studies can be used to give a solid scientific facts to epidemiological researches. 

We carried out the logistic regression modeling by using the individual-level prostate cancer 

death dataset. The dataset have representative characters, because the dataset was used and made 

by complete enumeration survey. Capable of variable is limited in the individual-level data, so 

variables such as age, marital status, and education level were investigated. The beginning of 

analysis procedure can be used to identify the existence of the relatively vulnerable sub-groups 

of death by prostate cancer. 
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Ⅲ. Analysis and Results 

 

This chapter describes our results of analysis. This chapter consists of two parts. The first part 

is the suggestion of disease mapping guidelines, and the second part consists of two application 

studies - spatial pattern analysis and logistic regression modeling. 

 

1. Standardizing, Smoothing and Mapping the Mortality Rates 

 

  1.1. Descriptive Statistics of the Dataset 

The micro data used in this analysis was produced by Micro Data Service System (MDSS) in 

The National Statistics Office. The cause of death data in the form of the original file is shown in 

Figure 7. It does not include the name of the column, so it should be organized with the metafile 

that was contained the information for each column (Table 2). The information used to calculate 

the relative risk for each region is the year of death, age, address, and the cause of death. The 

temporal range of the data is from January 1, 2008 to December 31, 2011. The unit of region 

provided by MDSS is si-gun-gu level. Therefore, the raw data was used for calculating and 

analyzing the relative risks in si-gun-gu level region in South Korea. 

The number of deaths contained in the raw data is 1,005,856 cases for 4 years (2008-2011). 

Among them, the number of male death is 560,276 (approximately 55.7%) cases. The range of 

age is at least 20 years old up to the 104 years. The control group is defined as the same age group, 

then almost 0.93% of the male death is the case. Individual data is assigned to each region 

according to the address code. Based on the regions of the year 2009, research area was composed 
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of 249 si-gun-gu regions. The people who have addresses located in overseas were excluded. 

 

 

Figure 7 Raw data of the cause of death data 

 

Table 2 Meta data of the cause of death data 

항목명 코드 코드명 
시작 
컬럼 

길이

신고 
년  ○○○○년 1 4 
월  ○○월 5 2 
일  ○○일 7 2 

주소지 
(시도,구시군) 

 
행정구역시트 참고 
국외는 앞자리가 8 로 시작( 8+해외,국가코드 4 자리) 

9 5 

성별 
1 남자 

14 1 
2 여자 

사망 

년  ○○○○년 15 4 
월  ○○월 19 2 
일  ○○일 21 2 
시간  ○○시 23 2 

사망장소 

1 주택 

25 2 

2 의료기관 
3 사회복지시설(양로원, 고아원 등) 
4 공공시설(학교, 운동장 등) 
5 도로 
6 상업.서비스시설(상점, 호텔 등) 
7 산업장 
8 농장(논밭, 축사, 양식장 등) 
9 병원 이송 중 사망 
10 기타 
99 미상 

사망자직업  [직업코드표 참조] 27 2 

진단자 

1 의사 

29 1 
2 한의사 
3 기타 
9 미상 

혼인상태 
1 미혼 

30 1 2 배우자있음 
3 이혼 
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4 사별 
9 미상 

교육정도 

1 무학 

31 1 

2 초등학교 
3 중학교 
4 고등학교 
5 대학이상 
6 대학(교) 
7 대학원 이상 
8 중∙고등학교 
9 미상 

사망원인 1  
국제사인분류, 별도화일(질병사인분류코드 6 차) 

32 6 
사망원인 2  38 5 
사망시 연령  ○○○세(미상은 999) 43 3 

국적구분 
1 출생한국인 

46 1 
2 귀화한국인 

이전국적명  행정구역시트 참고 47 4 

 

In this research, only the case of the death by prostate cancer (C61) was extracted from all the 

cause of death to relative risk analysis. Where, ‘C61’ means that prostate cancer is the cause of 

death. It is a classification system of ‘International Classification of Diseases (ICD).’ The facts of 

the ICD revision are described in the following paragraph (http://www.cdc.gov/nchs/data/dvs/2006-

Vol-I.pdf). 

“The main innovation in the proposals for the Tenth Revision was the use of an alphanumeric 

coding scheme of one letter followed by three numbers in the four-character level. This had the 

effect of more than doubling the size of the coding frame in comparison with the Ninth Revision 

and enabled the vast majority of chapters to be assigned a unique letter or group of letters, each 

capable of providing 100 three-character categories. Of the 26 available letters, 25 had been 

used, the letter U being left vacant for future additions and changes and for possible interim 

classifications to solve difficulties arising at the national and international level between 

revisions.”  

In South Korea, to distinguish the disease information, the Korean Standard Classification of 

Diseases (KSCD) is defined (Figure 8). Classification system has hierarchical classes such as big, 

medium, small, sub-small, sub-sub-small classification tiers. The number of big classification is 

22, middle classification is 267, small classification is 2,093, sub-small classification is 12,603, 

and sub-sub-small classification is 6,335 (http://kostat.go.kr). 
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Figure 8 The Korean Standard Classification of Diseases and ICD codes - C61 

 

Due to the nature of the cases (prostate cancer), only men were considered to population-at-

risk. As a result of age analysis of deaths from 2008 to 2011, the death was occurred at the age of 

20 to the age of 104. In this research, population-at-risk was defined as the men aged from 20 to 

104. Figure 9 shows the number of population per one hundred thousand person in 2010. The 

gray-scale colored bars in the pyramid represent the population-at-risk defined as the part of men 

who are 20 years or older. The color gets darker, the rank of crude death rate is higher.  
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Figure 9 Population pyramid of standard population (2010). Shading intensity in the 

pyramid is rank of crude death rate (gray-scale colored bars indicate the population-at-risk) 

 

Figure 10 shows the distribution of death by prostate cancer in 2008-2011. In the four year’s 

time smoothing data, each number of the minimum, 1st quartile, median, mean, 3rd quartile, and 

maximum of age distribution is 20, 71, 77, 76.7, 83, 104, respectively. The number of cases begin 

to increase from the late 60 years old, and reaches peak around 80 years old.  
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Figure 10 Age distribution of death by prostate cancer. 4 years aggregated data 

represented as dotted lines. 

 

  1.2. Age-Standardized Mortality Rate 

Age-standardized death rate should be calculated by using the number of cases in each region 

to adjust the age effect. Without considering the age effect, the relative risk is highly calculated 

in the areas with the large proportion of the elderly people. It is because of the fact that the age is 

a common causative factor in most cancers. The objectives of the mortality analysis are not just 
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identifying high and low death risk regions caused by the age structure. Therefore, relative risks 

should be analyzed after setting up the standard population and unifying the population structures 

of all regions. In this study, the population in 2010 was defined as the standard population.  

Table 3 represents the number of cases, expected values, crude rates, and age-standardized 

death rates. During the four years aggregated data, the mean of the number of cases in each region 

is around 5 per every one hundred thousand people. More reliable and representative statistics 

can be calculated by integrating four years of data in the aspect of time smoothing. It allows to 

remove the noise in each year’s statistic and, to catch a large trend of statistical data. Smoothing 

is possible not only in the spatial dimension but also in the temporal dimension. It is called 

‘temporal smoothing.’ Utilizing temporal smoothing, more reliable statistics can be calculated. 

 

Table 3 Descriptive statistics of deaths by prostate cancer 

 
Population at 

risk 

Observed 

cases 

Crude death 

rates 

(per 100,000)

Expected 

cases 
SMR IAR DAR

2008    

Minimum 4,390 0 0 0.456 0 0 0

1st quartile 23,800 2.00 4.10 2.590 0.653 4.50 4.50

Median 

(IQR) 

62,800 

(86,879) 

4.00

(5.00)

6.40

(7.10)

4.290

(3.32)

1.010 

(0.68) 

6.90 

(4.70) 

7.00

(4.90)

Mean 

(S.D.) 

74,600 

(56,035.81) 

4.69

(3.29)

8.62

(7.98)

4.570

(2.40)

1.030 

(0.65) 

7.07 

(4.51) 

7.19

(4.85)

3rd quartile 111,000 7.00 11.20 5.900 1.330 9.20 9.40

Max 249,000 14.00 68.30 11.800 6.580 45.40 48.00

2009    

Minimum 4,550 0 0 0.468 0 0 0

1st quartile 24,200 2.00 4.50 2.780 0.654 4.50 4.70
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Median 

(IQR) 

63,500 

(88,130) 

5.00

(5.00)

7.10

(6.90)

4.550

(3.57)

0.986 

(0.64) 

6.80 

(4.40) 

6.80

(4.30)

Mean 

(S.D.) 

75,400 

(56,806.54) 

4.96

(3.28)

8.71

(6.64)

4.890

(2.60)

1.020 

(0.56) 

7.03 

(3.88) 

7.14

(3.93)

3rd quartile 112,000 7.00 11.40 6.340 1.290 8.90 9.00

Max 255,000 15.00 44.00 12.600 4.270 29.50 26.10

2010    

Minimum 4,800 0 0 0.511 0 0 0

1st quartile 24,400 3.00 4.90 2.990 0.698 4.80 4.80

Median 

(IQR) 

64,900 

(90,942.00) 

4.00

(4.00)

7.60

(7.10)

4.910

(3.92)

0.993 

(0.60) 

6.80 

(4.20) 

6.80

(4.00)

Mean 

(S.D.) 

77,300 

(58,360.88) 

5.33

(3.66)

9.37

(6.72)

5.330

(2.91)

1.020 

(0.50) 

7.01 

(3.47) 

7.08

(3.59)

3rd quartile 115,000 7.00 12.00 6.910 1.300 9.00 8.80

Max 258,000 19.00 37.70 14.000 3.190 22.00 23.30

2011    

Minimum 4,870 0 0 0.529 0 0 0

1st quartile 24,300 3.00 5.20 3.090 0.689 4.80 4.50

Median 

(IQR) 

65,900 

(93,288) 

5.00

(5.00)

7.40

(6.80)

5.140

(4.27)

0.915 

(0.62) 

6.30 

(4.20) 

6.30

(4.40)

Mean 

(S.D.) 

78,200 

(59,002.67) 

5.63

(4.06)

9.28

(6.70)

5.640

(3.09)

1.000 

(0.54) 

6.91 

(3.76) 

6.96

(3.79)

3rd quartile 118,000 8.00 12.00 7.360 1.310 9.00 8.90

Max 259,000 19.00 46.60 14.500 3.780 26.10 26.80

4 years (average)   

Minimum 4,653 0.50 2.30 0.49 0.295 2.00 1.90

1st quartile 24,280 2.75 5.50 2.90 0.846 5.80 5.90

Median 

(IQR) 

63,970 

(90,813.50) 

4.50

(17.00)

7.60

(5.60)

4.75

(3.72)

0.990 

(0.32) 

6.80 

(4.20) 

6.90

(2.10)

Mean  

(S.D.) 

76,370  

(57,523) 

5.15 

(11.84)

8.99 

(4.95)

5.10 

(2.75)

1.020 

(0.30) 

7.00 

(2.05) 

7.08 

(2.07)
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The upper and the lower ranks of the regions are summarized in the A.Table 1 and 2 in 

Appendix. The tables contained the information about the number of population-at-risk, the 

number of observed cases, crude rate, the number of expected cases, SMR, and DAR in each year 

as well as in aggregated years. In 2008, observed values had higher ranks in populous regions, 

such as Nowon-gu, Gwangju Buk-gu, Jinju-si, and etc. On the other hand, the crude rate had 

higher ranks in thinly populated regions such as Ulleung-gun, Jindo-gun, Gurye-gun, and etc. 

These regions also had higher ranks in the age-standardized rates. 

In 2009, observed values had higher ranks in Gangseo-gu, Busanjin-gu, Seongbuk-gu, and etc. 

Crude rates had higher ranks in the Ulleung-gun, Yeongyang-gun, Yangyang-gun, and etc. Among 

those regions, Yangyang-gun had higher ranks in both of the direct and indirect age-standardized 

rates. Ulleung-gun and Yangyang-gun had higher ranks in both crude rate and age-standardized 

rates. In 2010, the regions had higher ranks in observed value such as Eunpyeong-gu, Seongnam-

si bundang-gu, Gangseo-gu, and etc. The regions had higher ranks in crude rate were Jindo-gun, 

Sunchang-gun, Gangjin-gun, and etc. The regions had higher ranks in indirect age-standardized 

rates were Gijang-gun, Donghae-si, Jindo-gun, and etc. In addition, Gijang-gun, Donghae-si, and 

Ulsan Nam-gu had higher ranks in direct age-standardized rates. 

In 2011, Nowon-gu, Goyang-si deogyang-gu, and Namyangju-si had higher ranks in observed 

value. The regions Gunwi-gun, Uiryeong-gun, and Yeonggwang-gun had higher ranks in crude 

rates. The regions Gyeryong-si, Gwacheon-si, and Jeungpyeong-gun had higher ranks in both of 

the direct and indirect age standardized rates. In 4 years aggregated data, Namyangju-si, Nowon-

gu, Gangseo-gu, and etc. had higher ranks in observation. The highly ranked regions in crude 

rates were Jindo-gun, Ulleung-gun, Gunwi-gun, and etc. The regions ranked 1st to 3th were 

Ulleung-gun, Jindo-gun, and Gijang-gun. 

3rd quartile 115,100 7.00 11.10 6.63 1.160 8.00 8.00

Max 255,400 13.75 33.90 13.23 3.050 21.10 20.60
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Figure 11 shows a comparison of the crude death rate and the age-standardized death rate in 

the forms of the map and the ogive (a graph of a cumulative frequency distribution). Looking 

through these pictures, it is possible to check the regions that have high statistic values. By 

unifying the different map legend, we can distinguish the difference among the plural maps. The 

areas highlighted in panel (a) are Gapyeong-gun, Yangyang-gun, Samcheok-si, Ulleung-gun, 

Gunwi-gun, Ulsan Nam-gu, Gijang-gun, Namhae-gun, Jindo-gun, Gwangju Nam-gu, and etc. On 

the other hand, the areas highlighted in panel (c) are Bonghwa-gun, Yeongyang-gun, Ulleung-

gun, Gunwi-gun, Uiryeong-gun, Hapcheon-gun, Goheung-gun, Gangjin-gun, Jindo-gun, Imsil-

gun, and etc. 

By viewing through the overall distribution of the values in the map, age-standardized death 

rates tends to have lower values than the crude rates in many areas. This could be evident when 

we view the cumulative curve. In the values of the panel (b), there’s a small region where the 

mortality is beyond 10 (8 regions), while, in the panel (d), almost 1/3 regions (79 regions) have 

mortality over 10. Without the age-standardization, the results of the cases divided by the 

population in each region tend to present high mortality in elderly populous regions. The reason 

is the nature of prostate cancer that occurs frequently in the elderly population. Through the 

process of age-standardization for unifying the population structure, more objective comparison 

of mortality among regions are enabled. As a result, aged-population-effect of highly ranked 

regions in crude death rate is eased off.  
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Figure 11 Age-standardized death rates and crude death rates per 100,000 by prostate 

cancer (Temporal smoothing 2008-2011) ((a): Age-standardized death rates, (b): ogive of age-

standardized death rates, (c): crude death rates, (d): ogive of crude death rates) 

 

In the highly populated regions, the observed value is high, too. Thus, when looking at the top 

of the rank of the observed value, it can be seen that there are mostly composed of the populous 

urban areas. In case of the Eunpyeong-gu (19 cases), the population rank is 11th from the top rank 

(188,207 person), and Seongnam-si bundang-gu (18th), Gangseo-gu (5th), and Dalseo-gu (4th) 
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also have high population rank in orders. In the Figure 12, population pyramid of the regions 

where have high observation rank can be seen. 

 

 

Figure 12 Population pyramids of the regions with high ranked observed value. The 

region is Eunpyeong-gu, Seongnam-si bundang-gu, Gangseo-gu, and Dalseo-gu, respectively. 
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In the case of crude death rate, when the population is large, variability of crude rate is small. 

However, when calculating the crude rate with the small population, the result value is very 

variable even the case occurs 1 or 2 in that region. In all the years, the greater part of the upper 

10% regions of crude rates are thinly populated regions. In case of 2010, the regions have high 

crude rates were Jindo-gun, Sunchang-gun, Gangjin-gun, Imsil-gun, Yeongdeok-gun, and etc. 

Andong-si is the highest population scale (64,854 person, 125th) within the regions. Except for 

the Andong-si, all of the regions have a small population under 40,000. Figure 13 represents the 

population pyramids of regions and they have high crude rates (1st - 4th). 

 

 

Figure 13 Population pyramids of the regions with high ranked crude death rate. The 

region is Jindo-gun, Sunchang-gun, Gangjin-gun, and Imsil-gun, respectively. 
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Table 4 and Table 5 represent the difference between the crude death rate and age-standardized 

death rates of prostate cancer. In case of crude death rate is greater than age-standardized death 

rates, it can be interpreted as the crude death rate in the region was influenced by age structure. 

Therefore, we can assume that the difference between the crude death rates and standardized death 

rates can be calculated in a positive direction when the population structure of the region was 

composed of a lot of elderly people. 

As seen in the tables, the regions where the crude death rate is smaller than the standardized 

death rate were Ulsan Nam-gu, Suwon-si yeongtong-gu, Usan Dong-gu, Ulsan Buk-gu, and etc. 

Most of these regions were classified as urban area with relatively small number of elderly people. 

In rural areas such as Goheung-gun, Imsil-gun, Bonghwa-gun, Uiryeong-gun, and etc., age-

standardized death rates were calculated smaller than the crude rates. The patterns of the 

difference between the crude rates and age-standardized rates in urban and rural areas are also 

represented in Figure 14.  

To identify the population structures of the regions, the population pyramid was created where 

the big difference was calculated between crude death rate and age-standardized death rate. The 

results were represented in Figure 15 and Figure 16. As was remarked above, in the case of the 

crude death rate is larger than age-standardized death rate, the region had a large elderly 

population when compared with the age structure of the standard population. In addition, elderly 

population was relatively smaller than the standard population’s one when it compares to the 

structural characteristics of the standard population in case of the crude death rate was increased 

in the process of standardization. 
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Table 4 The regions and the differences between crude death rate and indirect age-
standardized death rate (high 10% and low 10% rank) 

* CR: Crude death rate, IAR: Indirect age standardized death rate 

 

 

 

 

Rank Regions CR - IAR Rank Regions CR - IAR

1 Ulsan Nam-gu -6.1 225 Naju-si 8.1

2 Suwon-si yeongtong-gu -5.7 - Jangheung-gun 8.1

3 Ulsan Dong-gu -5.1 227 Yangyang-gun 8.2

4 Ulsan Buk-gu -3.8 228 Gochang-gun 8.6

- Siheung-si -3.8 229 Gumsan-gun 8.8

- Changwon-si -3.8 230 Seocheon-gun 8.9

7 Gumi-si -3.7 231 Sancheong-gun 9.0

8 Bucheon-si wonmi-gu -3.4 232 Boseong-gun 9.4

9 Anyang-si dongan-gu -3.2 233 Damyang-gun 9.7

10 Suwon-si Gwonseon-gu -3.1 234 Cheongdo-gun 10.2

- Ansan-si sangnok-gu -3.1 235 Yeongdeok-gun 10.3

12 Incheon Seo-gu -2.9 236 Uiseong-gun 10.6

13 Yuseong-gu -2.9 237 Ulleung-gun 11.1

- Ansan-si danwon-gu -2.9 238 Hamyang-gun 11.3

15 Seobuk-gu -2.7 239 Sunchang-gun 11.5

- Yeonsu-gu -2.7 240 Gangjin-gun 11.9

- Gwangsan-gu -2.7 - Namhae-gun 11.9

18 Suwon-si jangan-gu -2.5 242 Hapcheon-gun 12.1

- Guri-si -2.5 243 Uiryeong-gun 12.3

- Sasang-gu -2.5 244 Bonghwa-gun 12.4

21 Geoje-si -2.4 245 Imsil-gun 12.7

- Dalseo-gu -2.4 246 Goheung-gun 13.7

23 Gumcheon-gu -2.3 - Yeongyang-gun 13.7

- Namdong-gu -2.3 248 Gunwi-gun 15.3

- Daejeon Seo-gu -2.3 249 Jindo-gun 18.0
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Table 5 The regions and the differences between crude death rate and direct age-
standardized death rate (high 10% and low 10% rank) 

* CR: Crude death rate, DAR: Direct age standardized death rate 

 

Rank Regions CR - DAR Rank Regions CR - DAR

1 Ulsan Nam-gu -6.6 225 Naju-si 8.3

2 Suwon-si yeongtong-gu -6.2 - Seocheon-sun 8.3

3 Ulsan Dong-gu -5.8 - Jinan-gun 8.3

4 Ulsan Buk-gu -4.1 - Jangheung-sun 8.3

5 Siheung-si -3.9 229 Gurye-gun 8.5

6 Gumi-si -3.7 230 Gochang-gun 8.6

7 Changwon-si  -3.7 231 Gumsan-gun 8.9

8 Busan Buk-gu -3.3 - Sancheong-gun 8.9

9 Anyang-si dongan-gu -3.2 233 Damyang-gun 9.5

10 Sasang-gu -3.2 234 Bosung-gun 9.7

11 Geoje-si -3.2 235 Cheongdo-gun 10.0

12 Suwon-si Gwonseon-gu -3.2 236 Yeongdeok-gun 10.1

13 Bucheon-si wonmi-gu -3.1 237 Uiseong-gun 10.3

14 Incheon Seo-gu -2.9 238 Hamyang-gun 11.3

15 Ansan-si sangnok-gu -2.9 239 Sunchang-gun 11.4

16 Yuseong-gu -2.8 240 Ulleung-gun 11.6

17 Ansan-si danwon-gu -2.8 241 Uiryeong-gun 12.1

18 Dalseo-gu -2.8 - Gangjin-gun 12.1

19 Gwangsan-gu -2.8 243 Hapcheon-gun 12.5

20 Cheonan-si seobuk-gu -2.8 244 Imsil-gun 12.8

21 Yeonsu-gu -2.7 245 Bonghwa-gun 12.9

22 Suwon-si jangan-gu -2.6 246 Yeongyang-gun 13.5

23 Guri-si -2.6 247 Goheung-gun 14.0

24 Daegu Buk-gu -2.6 248 Gunwi-gun 14.7

25 Gwangju Seo-gu -2.4 249 Jindo-gun 17.2
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Figure 14 Difference between crude rate and age-standardized rates  
((a): crude rate - indirect age-standardized rate, (b): crude rate - direct age-standardized rate) 
 

 

Figure 15 Population pyramid of the 4 regions where crude death rate was smaller than 
age-standardized death rate ((a): Ulsan Nam-gu, (b): Suwon-si yeongtong-gu, (c): Ulsan 

Dong-gu, (d): Ulsan Buk-gu, (e): Standard population structure) 
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Figure 16 Population pyramid of the 4 regions where crude death rate was bigger than 
age-standardized death rate ((a): Goheung-gun, (b): Imsil-gun, (c): Bonghwa-gun, (d): 

Uiryeong-gun, (e): Standard population structure) 

 

As a result, populous urban areas tend to have high rank order in the case of observed values. 

Thinly populated regions tend to have high ranks in the case of crude rate. Also, as seen above, 

because of the difference of population structures of each region, calculating the death rates using 

age-standardization is needed. In small population regions, variability of death rate is large even 

if there are small cases occured. To adjust this, we can utilize smoothing techniques. 

First, descriptive statistics of the SMR the ratio of observed and expected values were 

calculated. SMR is generally used for the disease mapping. Unlike the crude death rate, SMR is 
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an age-adjusted statistic. When the observed value is 10, and SMR is 1, the expected value can 

be assumed to be 10 (Figure 17). If SMR was calculated 2, the expected value can be assumed to 

be 5, SMR was 3 then expected value can be assumed to be 30. On the other hand, if the SMR is 

calculated smaller than 1, the scale of the results will be different. For example, SMR is 0.5, then 

the expected value is 20, if SMR is 0.1 than the expected value should be fully 100. When the 

denominator (expected value) is smaller than the nominator (observed value), the upper limit of 

the value (infinity) is too much to exceed the opposite situation (0-1). Therefore, SMR is difficult 

to understand intuitively. To overcome the difficulty in interpretation, SMR values can take the 

log. As shown in Figure 17, the basis of observed and expected values are equal to 1 by taking 

the log of SMR. In other words, on the basis of 0, symmetric distribution of the log SMR can be 

seen. Figure 18 represents the histograms of SMR and log SMR, and Figure 19 represents the 

cumulative curves of SMR. When the SMR taking the log, the data has symmetrical distribution 

than the original SMR’s distribution. 

 

 

Figure 17 Plotting under the assumption that the observation is 10. 
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Figure 18 Histogram of SMR of prostate cancer death (Temporal smoothing 2008-2011) 

 

 

Figure 19 Cumulative curves of the SMR (a) and ln (SMR) (b) 
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When mapping SMR, the map has the advantage of easy comparison with other map if we use 

the legend divided by the equal break points. If outliers in data are existed, the distribution of the 

values are not represented correctly due to the narrowed range of the value. In the ogive (Figure 

20), the range of the data was widened because of the two regions. Reduced range of the values 

(excluded two regions) can be seen in the plot. Also, pointed out in the above histogram, SMR 

value of 1 is not centered on the distribution. For mapping correctly, it is necessary to apply the 

appropriate map representation techniques. 

In Figure 20, SMR values for each year divided into equal intervals and quartile intervals are 

presented together. In the panel (a), the legend contains the range from 0 to 3.5 with equal intervals 

(0.5). In the panel (b), the cumulative curve of (a) is presented. In the panel (c), SMR values 

divided into quartile classes are presented. In the panel (d), the cumulative curve of the panel (c) 

is presented. In the panel (c), the map represent distinct differences among the legend categories. 

Also, the influence of large values are reduced as we can see through the comparison of (b) and 

(d). Because of the same number of regions assigned to each 4 quartile, influence of the minimum 

or maximum value has decreased. 

The panel (e) represents the result of the SMR converted to log scale, divided by equal spaced 

intervals (0.5), and converting these values back by anti-log (with exponential process). Break 

points were made in log scale are used for mapping the SMR in original scale. It may arise 

interpretation difficulties when mapping the SMR using a logarithmic scale. Thus, SMR can be 

expressed as 1 centered values with the symmetrical distribution by using the value of the original 

scale mapping. In the panel (f), the cumulative curves of (e) are presented. Through these 

representation method, each of 2008 to 2011 year data were mapped in the appendix. 

When calculating quartile values for 4 years and counting the frequencies including the range 

from the 3rd quartile to the max, Jindo-gun and Gapyeong-gun were included in the upper range 

for 4 years continuously. Also, the regions including the high quarter for three times in four years 
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are Ulleung-gun, Ulsan Nam-gu, Gwangju Nam-gu, Geumsan-gun, Gijang-gun, Suwon-si paldal-

gu, Dongnae-gu, Anyang-si dongan-gu, Boryeong-si, Suwon-si jangan-gu, and Geumcheon-gu. 

When counting the frequencies including the range from minimum to 1st quartile, Goseong-gun, 

Gimpo-si, Gokseong-gun, Danyang-gun, and Jangsu-gun are included in for 4 years. The regions 

were included the low range in 3 times in 4 years are Gyeryong-si, Muju-gun, Seongnam-si 

jungwon-gu, Yeongwol-gun, Ongjin-gun, Eumseong-gun, Buan-gun, Yeongam-gun, Seosan-si, 

Daegu Jung-gu, Hongseong-gun, Hwaseong-si, Osan-si, and Jinhae-si.  
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Figure 20 Classed map of SMR (Temporal smoothing 2008-2011) (a): Equal interval, (b): 

ogive of (a), (c): quartile, (d): ogive of (c), (e): log-transformed and then make the break point, 

and transforming the break points by anti-log to mapping the SMR, (f): ogive of (e). 
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For 4 years, temporal mean and standard deviation of the SMR divided by equal intervals are 

presented in the Figure 21. Representative value and the temporal variability of the SMR can be 

attained by calculating the mean and standard deviation of SMR. The SMR has been calculated 

log-transformed and finding the equal break points from the values, and anti-log for easy 

interpretation. Figure 22 represents the same content, but SMR was divided by quartile. 

 

 

Figure 21 Mean and standard deviation of SMR (log-Equal interval) 
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Figure 22 Mean and standard deviation of SMR (Quartile interval) 

 

The top 10 regions with high average of SMR were Ulleung-gun, Jindo-gun, Gijang-gun, 

Incheon Nam-gu, Ulsan Nam-gu, Gapyeong-gun, Yangyang-gun, Samcheok-si, Yeongdo-gu, and 

Anyang-si dongan-gu. The 10 regions with low average of SMR were Danyang-gun, Goseong-

gun, Jinhae-si, Yeongam-gun, Gokseong-gun, Gimpo-si, Muju-gun, Hampyeong-gun, 

Yeongdong-gun, and Ongjin-gun. The top 10 regions with high variability of SMR were Ulleung-

gun, Gyeryong-si, Jeungpyeong-gun, Gwacheon-si, Ulsan Nam-gu, Gurye-gun, Donghae-si, 
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Yangyang-gun, Ongjin-gun, and Muju-gun. The 10 regions with small variability of SMR were 

Jangsu-gun, Gokseong-gun, Yesan-gun, Changwon-si, Boryeong-si, Dobong-gu, Gimhae-si, 

Songpa-gu, Namwon-si, and Yongin-si suji-gu. 

In Figure 23, it shows the 95% confidence intervals of SMR. The values are centered on 1, and 

regions where the upper limit of the confidence interval does not exceed 1 were marked in blue, 

beyond the lower limit of the confidence interval regions were marked in red. The regions where 

the lower limit of the confidence intervals exceed 1 can be interpreted as the statistically 

significant high risk regions. In 2008, Jinju-si, Busan Nam-gu, Yeongdo-gu, Gwangju Nam-gu, 

Cheongju-si sangdang-gu, Pohang Buk-gu, Jindo-gun, and Ulleung-gun were marked in red. In 

2009, Gwangju Nam-gu, Busan Buk-gu, Gwangju Dong-gu, Samcheok-si, and Ulsan Nam-gu 

were marked in red. In 2010, Gwangju Nam-gu, Mokpo-si, Ulsan Nam-gu, Donghae-si, Gijang-

gun were marked in red. In 2011, Goyang-si deogyang-gu, Dongnae-gu, Goyang-si ilsanseo-gu, 

Anyang-si dongan-gu were marked in red. The regions the upper limit of the confidence interval 

does not exceed 1 can be interpreted as the statistically significant low risk regions. In 2009, 

Seongdong-gu, Nonsan-si, Incheon Seo-gu were marked in blue. In 2010, Gangbuk-gu, 

Yangcheon-gu were marked in blue. In 2011, Gyeongsan-si, Gangdong-gu, Uijeongbu-si were 

marked in blue. 

For each year, the regions have generally small population size where the calculated range of 

the standard deviation of the SMR was wide. In addition, a range of standard deviations of the 

SMR from aggregated data were narrower than the each year when comparing the standard 

deviation derived from each year and all 4 years data. As a result, the stability of SMR calculation 

tends to be influenced by the size of the population. Appropriate statistical techniques should be 

applied according to the size of the population in each region in order to calculate the relative 

risks with the statistical reliability. One of the methods to calculate stable relative risk is a 

Bayesian modeling.  
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Figure 23 SMR Confidence Intervals 

 

Figure 24 Confidence interval of SMR (temporal smoothing data) 
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In Figure 24, it is showen the SMR confidence intervals of the data with four-year temporal 

smoothing. The regions where the lower limit of the CI above 1 were Anyang-si dongan-gu, 

Yeongdo-gu, Gapyeong-gun, Ulsan Nam-gu, Gwangju Nam-gu, Gijang-gun, Jindo-gun, and 

Ulleung-gun. The regions where the upper limit of the CI below 1 were Jinhae-si, Gimpo-si, 

Gwangmyeong-si, Hwaseong-si, and Yangcheon-gu. Population-at-risk, observed cases, and 

SMR of these regions are summarized in Table 6.  

There are various regions in the aspect of the number of population-at-risk. There are some 

regions where the number of population-at-risk are less than 305,000 people (the average of the 

entire region) and having above average population. It determined that many areas with large 

population-at-risk have high statistical confidence about the relative risk. But the relative risk 

calculated based on a small sample can’t have statistical reliability such as Gapyeong-gun, Jindo-

gun, and Ulleung-gun. Bayesian smoothing techniques can be utilized as an effective method to 

complement the reliability problem with the number of samples. 

As shown in the Figure 25 and 26, the shape of the population pyramids of the regions, where 

the upper limit of the SMR confidence interval under 1, are not prominent with the elderly. 

However, varieties of population structure can be seen in case of the regions with the lower limit 

of the SMR confidence interval above 1. Before the age-standardization process, population 

pyramids of the region with high crude rate were consisted of a relatively large elderly population. 

Figure 25 represents the obvious fact that relative risks were calculated after the process of age-

standardization. Through the standardization, the population structures of all the regions were 

unified. 
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Table 6 Population-at-risk, the number of case, and SMR of the regions where lower 
limit of confidence interval over 1 (high SMR) and upper limit of confidence interval 
below 1 (low SMR) (temporal smoothing 2008-2011) 

 

 

Characteristics Regions Population-at-tisk Number of case SMR

Lower limit of 
CI over 1 

Anyang-si dongan-gu 508,494 36 1.49
Yeongdo-gu 240,984 28 1.53

Gapyeong-gun 95,971 19 1.71
Ulsan Nam-gu 510,242 31 1.77

Gwangju Nam-gu 312,577 39 1.81
Gijang-gun 145,927 22 2.06

Jindo-gun 53,134 18 2.31
Ulleung-gun 18,612 6 3.05

Upper limit of 
CI below 1 

Jinhae-si 261,446 6 0.40
Gimpo-si 353,786 11 0.47

Gwangmyeong-si 491,723 15 0.60
Hwaseong-si 729,439 22 0.61

Yangcheon-gu 735,738 24 0.66

Average All regions
305,000

(1st Q: 97,100 
3rd Q: 460,000)  

20.6 1.02
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Figure 25 Population pyramid of the regions with high SMR - lower limit of confidence 
interval of SMR is over 1 ((a) Anyang-si dongan-gu, (b) Yeongdo-gu, (c) Gapyeong-gun, (d) 

Ulsan Nam-gu, (e) Gwangju Nam-gu, (f) Gijang-gun, (g) Jindo-gun, (h) Ulleung-gun) 
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Figure 26 Population pyramid of the regions with low SMR - upper limit of confidence 
interval of SMR is below 1 ((a) Jinhae-si, (b) Gimpo-si, (c) Gwangmyeong-si, (d) Hwaseong-si, 

(e) Yangcheon-gu) 
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  1.3. Bayesian Model-based Smoothing Mortality Rates 

1.3.1 Empirical Bayes Analysis 

When calculating SMR (standardized mortality ratio) in the small populated region, variability 

of the SMR is large. To calculate relative risks on these shortcomings, one of the statistical 

smoothing technique based on Bayesian modeling were applied. For comparison, the original 

SMR values and the results of smoothing are summarized in Table 7. 

When comparing SMR and the results of global smoothing techniques, we can recognize the 

fact that the range of values are narrowed. In 2008, for example, the range of SMR value was 

from 0 to 6.580, but when applying EBPG (Empirical Bayes Poisson-gamma) model, value of the 

range was from 0.911 to 1.180. In addition, in the global smoothing techniques, EBLN (Empirical 

Bayes log-normal model) and EBPG model, EBPG model had a higher degree of shrink. In 2008, 

1st and 3rd quartile of the SMR were 0.653 and 1.330 respectively. However, in both EBPG and 

EBLN model, IQR range was respectively calculated 0.993 to 1.050, and 1.030 to 1.140. When 

comparing the global smoothing techniques and the local smoothing technique, the amount of the 

shrinkage of the local techniques was relatively small. The IQR of local smoothing was calculated 

0.857 to 1.150. Relatively small smoothing was applied, because the local smoothing techniques 

reflect only the neighborhood information. 

Figure 27 represents the maps as a result of smoothing the SMR. For comparison, the SMR (a), 

the results of EBPG (b), EBLN (c), and EBML (Empirical Bayes Marshall’s local model) (d) were 

presented together. When looking at the legend, the maximum and minimum values of the results 

were converged to 1. The amount of shrinkage of SMR values was the highest degree in the EBPG 

model, followed by the EBLN model and the local model. Figure 27 represents the maps divided 

by equal intervals for easy comparison. Figure 28 represents the quartile maps. Mapping is based 

on the value of temporal smoothing from 2008 to 2011, and the results of each year were added 

in appendix. 
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Table 7 Descriptive statistics of SMR and smoothed SMR values 

  SMR EBPG EBLN EBML

2008 

Minimum 0 0.911 0.934 0.404

1st quartile 0.653 0.993 1.030 0.857

Median 1.010 1.020 1.080 0.997

Mean 1.030 1.020 1.100 1.020

3rd quartile 1.330 1.050 1.140 1.150

Max 6.580 1.180 1.460 2.100

2009 

Minimum 0 0.947 0.919 0.353

1st quartile 0.654 1.000 1.030 0.861

Median 0.986 1.010 1.060 1.000

Mean 1.020 1.020 1.080 1.030

3rd quartile 1.290 1.030 1.120 1.190

Max 4.270 1.100 1.480 2.430

2010 

Minimum 0 0.957 0.935 0.040

1st quartile 0.698 0.992 1.020 0.862

Median 0.993 1.000 1.050 0.987

Mean 1.020 1.000 1.060 0.998

3rd quartile 1.300 1.010 1.100 1.110

Max 3.190 1.040 1.370 2.120

2011 

Minimum 0 0.849 0.897 0.145

1st quartile 0.689 0.966 1.000 0.864

Median 0.915 0.990 1.040 1.010

Mean 1.000 0.999 1.060 1.000

3rd quartile 1.310 1.030 1.110 1.150

Max 3.780 1.210 1.480 2.440
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Figure 27 SMR and the results of spatial (EBML) and non-spatial smoothing - Equal 

interval ((a): SMR, (b): Empirical Bayes Poisson-gamma, (c): Empirical Bayes Log-normal,  

(d): Empirical Bayes Spatial model) 
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Figure 28 SMR and the results of spatial (EBML) and non-spatial smoothing - Quantile 

interval ((a): SMR, (b): Empirical Bayes Poisson-gamma, (c): Empirical Bayes Log-normal,  

(d): Empirical Bayes Spatial model) 

 

1.3.2 Full Bayes Analysis 

Full Bayesian model-based method was applied to the smoothing. In the Table 8, the result of 

FB was the most similar to EBPG. Rather than the value of the degree in local smoothing, the 

amount of shrinkage of full Bayes smoothing was large. From 2008 to 2011, IQR of SMR was 
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0.653-1.330 (0.677), 0.654-1.290 (0.636), 0.698-1.300 (0.602), and 0.689-1.310 (0.621), 

respectively. For FB, 0.989-1.060 (0.071), 0.998-1.030 (0.032), 0.983-1.020 (0.037), and 0.967-

1.030 (0.063), respectively.  

Figure 29, 30 represent the results of the FB smoothing. For comparison of the SMR and 

smoothed SMR distribution, empirical Bayes (log-normal), and the local smoothing results are 

represented together. In Figure 29, legend was unified in equal intervals for easy comparison. In 

Figure 30, the map of the SMR was presented in quartile intervals. As seen in Table 8, the range 

of the SMR was reduced since the smoothing techniques were applying. The local smoothing 

technique was relatively similar to the characteristics of the original SMR in the map and in the 

form of cumulative distribution. The EB techniques have a lot of high values over 1 than FB when 

1 is based on the results. 
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Table 8 Descriptive statistics of the FB model based smoothing values 

 

  SMR Full Bayesian model

2008 

Minimum 0 0.894

1st quartile 0.653 0.989

Median 1.010 1.030

Mean 1.030 1.030

3rd quartile 1.330 1.060

Max 6.580 1.220

2009 

Minimum 0 0.923

1st quartile 0.654 0.998

Median 0.986 1.010

Mean 1.020 1.020

3rd quartile 1.290 1.030

Max 4.270 1.140

2010 

Minimum 0 0.918

1st quartile 0.698 0.983

Median 0.993 0.999

Mean 1.020 1.000

3rd quartile 1.300 1.020

Max 3.190 1.090

2011 

Minimum 0 0.851

1st quartile 0.689 0.967

Median 0.915 0.991

Mean 1.000 0.999

3rd quartile 1.310 1.030

Max 3.780 1.210
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Figure 29 SMR and the results of spatial (EBML) and non-spatial smoothing - Equal 

interval ((a): SMR, (b): Log-normal, (c): spatial smoothing, (d): Full Bayes model) 
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Figure 30 SMR and the results of spatial (EBML) and non-spatial smoothing - Quantile 

interval ((a): SMR, (b): Log-normal, (c): spatial smoothing, (d): Full Bayes model) 

 

Figure 31 shows the confidence intervals of the SMR and FB. In the y-axis of the plot, 

maximum of the CI range of SMR was about 6, except for the peak. But in case of FB, maximum 

of CI value was about 1.1. SMR have some cases that the lower limit of the confidence interval 

is over 1 or the upper limit does not exceed 1. But in the FB, these regions were not found. 
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Figure 31 Confidence intervals of relative risks 

 

  1.4. Comparison of SMR and their Smoothed Values (EB and FB) 

Figure 32 represents the box-plots of SMR, and the 4 types of smoothed SMR for comparison. 

SMR has the widest range of values followed by the local smoothing technique. Log-normal, 

Poisson-gamma, and full Bayesian smoothing technique had similar range of values. 
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Figure 32 Box plot of SMR and the smoothed relative risks (log-transformed value) 

 

In the Table 9, the changes of quintile class in each method are summarized. In Figure 33, we 

depicted the changes of quintile classes in 4 years aggregated data. Calculated values and maps 

in each year of the data are added to the appendix. The difference between two classes were 

calculated after calculating the SMR quintile classes and Bayesian smoothing quintile classes. If 

the differences are computed as negative values, it can be interpreted that the quintile class of 

smoothed value was increased after smoothing procedure. In other words, SMR has assigned in a 

higher quintile because of the smoothing. Conversely, if the amount of difference values has plus 

sign, quintile class of smoothing result will be placed in a lower quintile. 
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Table 9 Quintile class changes (SMR quintile values - Bayesian smoothing quintile values) 

※ The numbers in the table represent the number of sigungu region 

 

As it shown in the Table 9, the difference between SMR and EBPG calculated from the 4 years 

integration data has a little variation in most cases. The quintiles of each region were increased or 

decreased by one class or were not moved. The result showed relatively large decrease in Yanggu-

gun. After SMR smoothing, quintile class has moved from 1 to 3. When dividing the population 

of all region into 10 sections, Yanggu-gun was belonging to the first section. Because of the small 

number of the population, the expected value and the observed value may be distorted. Thus, 

relative risk in a small population can be adjusted to converge towards average through the 

smoothing. 

Methods Year 
Quintile classes changes 

-4 -3 -2 -1 0 1 2 3 4

SMR - EBPG 

2008 - - - 40 169 40 - - -

2009 - - - 37 175 37 - - -

2010 - - - 40 169 40 - - -

2011 - - 1 30 186 32 - - -

4 yrs - - 1 28 190 30 - - -

SMR - EBLN 

2008 - - 1 36 174 38 - - -

2009 - - 1 34 180 32 2 - -

2010 - - 1 36 174 38 - - -

2011 - - 2 32 181 32 2 - -

4 yrs - - 1 29 188 31 - - -

SMR - EBML 

2008 - 3 24 50 100 45 19 7 1

2009 2 1 23 48 99 51 18 4 2

2010 1 9 29 53 75 38 31 10 3

2011 1 10 17 45 96 55 18 6 1

4 yrs - 4 28 57 84 43 19 12 2

SMR - FB 

2008 - - 1 43 160 45 - - -

2009 - - 3 36 168 42 - - -

2010 - - - 42 165 42 - - -

2011 - - 1 30 186 32 - - -

4 yrs - - 1 29 188 31 - - -
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The difference values between SMR and EBLN has not changed in most cases. But in some 

cases, only one class showed increases or decreases. The relatively large difference value was 

found in Yanggu-gun (-2). When applying the local smoothing, relatively frequent occurrence of 

quintile class changes was found. Changing the quintile class as much as -3 or 4 were found. After 

smoothing the quintile class, SMR was reduced from 5 to 1 in Gangjin-gun and Yangyang-gun. 

When using global smoothing techniques, both of regions are maintaining the value of 5 or 4 in 

most cases. When local smoothing is applied, dramatic variations in value occurred. When 

comparing the SMR of Gangjin-gun (1.29), neighbor region such as Haenam-gun (0.69), 

Yeongam-gun (0.45), and Changheung-gun (0.80) had relatively small values, so SMR converges 

to small value through local smoothing procedure. Yangyang-gun, like in the case of the Gangjin-

gun, SMR (1.61) was higher than the surrounding areas such as Sokcho-si (0.91), Inje-gun (0.96), 

Hongcheon-gun (0.89), Pyeongchang-gun (0.84), and Gangneung-si (1.21). Therefore, SMR 

converges to small values due to the effect of neighbour’s value. Big changes did not occur in 

case of the quintile class changes between SMR and FB. Most of the amount of changes were 1 

or -1, the relative big change had occurred in Yanggu-gun (-2).  
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Figure 33 Quintile difference map (Temporal smoothing data)  

((a): SMR - EBPG, (b): SMR - EBLN, (c): SMR - EBML, (d): SMR - FB) 
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Table 10 Kendall's coefficient of concordance Wt 

 

Table 10 summarizes the Kendall's coefficient. It is possible to evaluate the agreement of 

ranking in each region’s SMR and smoothed SMR values using the coefficient of Kendall. The 

values are calculated closer to 1 when high agreement is detected. As shown in the Table 10, 

EBPG is most similar in structure and position of the rank structure with original SMR followed 

by the FB and log-normal method. On the other hand, due to the nature of the calculation, 

relatively frequent changes was occurred in EBML smoothing. 

 

  1.5. Summary 

Until now, we have described the analysis process of death count data for disease data mapping. 

The objectives of disease mapping is to estimates the relative risks throughout the map accurately. 

So it can be used to identify the areas of true high disease risk. To achieve this, various statistical 

methodology is needed during the raw data manipulation for disease mapping. First of all, the 

process is needed to aggregate and standardize the risk data by regions. Crude death rates can be 

calculated by dividing the total number of deaths in a population by the sum of a population in a 

specified year. When comparing crude death rates two regions, the regions may different with the 

certain underlying characteristics such as age and sex. A population with a higher proportion of 

elderly people will have a higher crude death rate because the risk of death increases as the age 

gets older. To adjust the age effect, standardization process can be applied. 

 

  EBPG EBLN FB EBML

SMR 

2008 0.972 0.964 0.972 0.832

2009 0.975 0.968 0.970 0.831

2010 0.973 0.968 0.968 0.732

2011 0.974 0.963 0.974 0.808
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In many cases, mapping the standardized death rate is represented as a result. But the Bayesian 

smoothing techniques to be applied to stabilize the variability of mortality caused by the number 

of samples of each region. In the low population area, expected counts are also small. Therefore, 

it tends to present extreme relative risk estimates that dominate the map. We applied the Bayesian 

techniques to compensate for this. The techniques can be classified into two groups, global and 

local model. As a result, the degree of convergence of local model is less than the global model. 

At this point of view, using the local model is appropriate when the disease affect the surrounding 

regions. In addition, a relatively large local fluctuations of the relative risk rankings had occurred. 

The stability of smoothed relative risk was confirmed by the confidence interval. 

In this way, disease mapping guidelines were described. It includes standardization of raw data, 

smoothing procedures for statistical reliability, and mapping the mortality in effective ways. In 

South Korea, disease atlas of standardized data or smoothed relative risk data have not been 

published yet as well as the crude death rate. We hope to publish a variety of disease maps by 

utilizing the series of methods for mapping as we described above. In addition, we hope a variety 

of disease research will be done with a geographical perspective. 
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2. Spatial Pattern Analysis 

 

Cluster analysis was applied to explore statistically significant high relative risk areas. First, to 

navigate the presence of a cluster within the study area, Moran's I, modified Moran's I, Global G 

statistic, and Geary’s C were used. After determining the presence of clusters, local Moran’s I, Gi 

statistic, and Kulldorff's statistic were utilized to navigate the location and scale of clusters. 

Analyzing the presence, location, and scale of cluster are calculated based on the death rate. 

The differences in cluster regions are occurred before and after the standardization in the analysis. 

In the former case, crude death rate - the cases divided by population at risk - is used. In the latter 

case, the death rates of different age groups are used for the analysis. It is called age standardized 

death rate.  

Local cluster analysis was performed after the existence of clusters are identified. Local 

Moran’s I, Getis-Ord’s Gi statistic, and Kulldorff’s spatial scan statistic were used for local spatial 

pattern analysis.  

 

  2.1. Global Measures of Spatial Patterns 

 

The number of deaths in each region is not the subject of the correction. Therefore, it is not 

needed to compare the results of before and after the standardization. But it is possible to compare 

the results of spatial pattern analysis based on crude death rate, standardized death rate, and 

smoothed relative risk. According to the parameters that required for analysis, Moran’s I, EBI, G 

statistic, and Geary’s C were selectively utilized. 

Global cluster analysis of death rate was carried out by using crude death rate, direct age 
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standardized death rate (DAR), standardized mortality ratio (SMR), and smoothed SMR. It is 

more realistic analysis because the death rate can reflect the population at risk. 

As seen in Table 11, spatial autocorrelation was detected regardless of methods when analyzing 

crude death rate. However, when using the standardized death rate, it showed different results 

according to global cluster analysis methods. In case of DAR and SMR, there’s no sign of spatial 

autocorrelation when using Moran’s I and G statistic. But the result of Geary’s C showed a 

positive spatial autocorrelation. In Geary's statistics, unlike the formula of Moran’s, squared term 

of the difference value between the value of a specific region and neighbor regions is located in 

numerator. Therefore, the statistic is sensitive to the difference compared with the other statistic. 

In other words, the high probability of rejection of the null hypothesis is calculated in 

circumstances of the big difference of death rate between the region and the neighbor regions. In 

case of using smoothed SMR value, spatial autocorrelation does not appeared consistently, 

regardless of the methods. Thus, it was found that the spatial autocorrelation that occurred by the 

number of samples which was disappeared in the process of standardizing and smoothing the raw 

data. Therefore, we need to pay attention to a cluster detection. The analysis based on the raw 

data or crude death rate is likely to detect the cluster that does not existed in reality. 

 

Table 11 The result of spatial autocorrelation of mortality data 

 

 Moran’s I Statistic 

(p-value)

Global G Statistic

(p-value)

Geary’s C Statistic 

(p-value)

Crude Death Rate 
0.439

(< 0.001)

0.024

(< 0.001)

0.542

(< 0.001)

Direct Age-standardized  

Death Rate 

0.053

(0.091)

0.021

(0.909)

0.894

(0.015)

Standardized Mortality Ratio 

(SMR) 

0.038

(0.164)

0.021

(0.936)

0.914

(0.039)

Smoothed SMR 
0.020

(0.283)

0.022

(0.966)

0.958

(0.192)
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  2.2. Local Measures of Spatial Patterns 

 

In this section, the results of local cluster analysis are compared. In local cluster analysis of 

death rate, and before and after the standardization value were compared. We identified spatial 

clusters based on the death rate by presenting the results of the LISA. The expected value was 

compared before and after the correction on the basis of the results in Kulldorff’s test that was 

calculated by using the observed value, expected value, and population at risk. 

The target data of local cluster exploration is crude death rate. It was identified that the spatial 

autocorrelation of crude death rate exists through all the results of global cluster methods. But, 

for comparing the results of cluster analysis before and after standardization of death rate, we 

used direct age-standardized death rate to cluster analysis. Local analysis can be performed 

because of the result of applying the direct age-standardized death rate to Geary's C was 

significant. Local Moran’s I, Gi statistic, and spatial scan statistic were used to identify the local 

spatial pattern. The difference can be seen through comparing the results of the analysis based on 

death rate.  

 

2.2.1 Local Moran’s I 

Table 12 and 13 summarize the results of local cluster analysis based on crude death rate and 

standardized death rate, respectively. In case of the crude death rate, hot spot regions were 

detected in most of rural area such as Gapyeong-gun, Yangyang-gun, and Jungup-si. In case of 

the standardized death rate, hot spot regions were mainly detected in urbal area such as Busan, 

Gwangju, and Suwon-si. The difference can be interpreted that the elderly population effect is 

corrected through the standardization of death rate. The objective results can be derived from the 
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cluster analysis by using the standardized death rate data. 

Figure 34 represents the plots of cluster and outlier regions. As it mentioned above, in the panel 

(a), the hot spot regions are mostly composed of rural area, in the panel (b), the hot spot regions 

are mostly composed of urban area. Figure 35 and Figure 36 represent the cluster and outlier 

regions through the map. 

 

Table 12 Cluster regions of the local Moran’s I statistics based on crude death rate 

* The mean of the crude death rate is 8.99 
* CR: Crude death rate, DAR: Direct age-standardized death rate, SMR: Standardized mortality ratio 

Cluster Region 
Population 

at risk
Observed Expected CR DAR SMR

HH 

Gapyeong-gun 95,971 19 11.14 19.8 11.9 1.71 

Yangyang-gun 46,636 9 5.58 19.3 11.2 1.61 

Jeongup-si 187,309 17 23.69 9.1 5.4 0.72 

Imsil-gun 52,090 11 9.01 21.1 8.3 1.22 

Sunchang-gun 48,020 9 8.68 18.7 7.3 1.04 

Damyang-gun 80,700 15 11.62 18.6 9.1 1.29 

Goheung-gun 120,585 26 22.82 21.6 7.6 1.14 

Gangjin-gun 62,407 13 10.04 20.8 8.7 1.29 

Andong-si 258,789 27 29.85 10.4 6.1 0.90 

Gunwi-gun 43,519 11 7.62 25.3 10.6 1.44 

Uiseong-gun 100,410 17 18.52 16.9 6.6 0.92 

Yeongyang-gun 30,932 7 5.42 22.6 9.1 1.29 

Yeongdeok-gun 66,053 12 10.43 18.2 8.1 1.15 

Bonghwa-gun 58,404 12 10.16 20.5 7.6 1.18 

Uljin-gun 81,810 9 10.77 11 6.3 0.84 

Uiryeong-gun 48,687 10 8.40 20.5 8.4 1.19 

Hamyang-gun 63,031 12 10.71 19 7.7 1.12 

Hapcheon-gun 83,756 17 14.36 20.3 7.8 1.18 

HL - - - - - - -

LH 

Gokseong-gun 50,716 4 9.07 7.9 3.2 0.44 

Yeongam-gun 95,788 5 11.10 5.2 3.9 0.45 

Gumi-si 580,577 28 22.74 4.8 8.5 1.23 

Jinju-si 486,435 42 33.27 8.6 8.7 1.26 

Tongyeong-si 218,101 12 14.19 5.5 6.1 0.85 

LL - - - - - - -
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Table 13 Cluster regions of the local Moran’s I statistics based on direct age-standardized 
death rate 

* The mean of the direct-age standardized death rate is 7.08 
* CR: Crude death rate, DAR: Direct age-standardized death rate, SMR: Standardized mortality ratio 

 

Cluster Region 
Population 

at risk
Observed Expected CR DAR SMR

HH 

Dongnae-gu 433,456 38 26.93 8.8 10.1 1.41 

Haeundae-gu 623,108 40 36.84 6.4 7.7 1.09 

Geumjeong-gu 395,266 32 26.12 8.1 8.6 1.23 

Gijang-gun 145,927 22 10.66 15.1 14.2 2.06 

Gwangju 

Dong-gu 
172,579 18 15.39 10.4 7.9 1.17 

Gwangju Seo-

gu 
427,641 28 23.20 6.5 8.9 1.21 

Gwangju-Nam-

gu 
312,577 39 21.49 12.5 12.8 1.81 

Suwonsi 

Paldal-gu  
332,705 24 17.60 7.2 9.6 1.36 

Suwonsi 

Yeongtong-gu 
363,775 15 10.58 4.1 10.3 1.42 

Samcheok-si 115,749 18 11.57 15.6 10.8 1.56 

Yeosu-si 447,091 38 32.61 8.5 8 1.17 

HL 

Ulsan Nam-gu 510,242 31 17.49 6.1 12.7 1.77 

Anyangsi 

Dongan-gu 
508,494 36 24.20 7.1 10.3 1.49 

Gapyeong-gun 95,971 19 11.14 19.8 11.9 1.71 

Yangyang-gun 46,636 9 5.58 19.3 11.2 1.61 

Gangjin-gun 62,407 13 10.04 20.8 8.7 1.29 

Yeongju-si 177,008 23 20.91 13 7.6 1.10 

Gunwi-gun 43,519 11 7.62 25.3 10.6 1.44 

LH 

Ulsan Jung-gu 355,363 12 15.12 3.4 5.7 0.79 

Yeongdong-gun 81,838 6 12.01 7.3 3.7 0.50 

Gokseong-gun 50,716 4 9.07 7.9 3.2 0.44 

Uljin-gun 81,810 9 10.77 11 6.3 0.84 

LL 

Goseong-gun 51,064 2 5.65 3.9 2.5 0.35 

Jecheon-si 211,450 17 19.22 8 6.1 0.88 

Danyang-gun 52,548 2 6.79 3.8 1.9 0.29 

Muju-gun 41,808 3 6.57 7.2 2.8 0.46 

Jinhae-si 261,446 6 14.98 2.3 3.2 0.40 
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Figure 34 Moran scatter plot ((a): crude death rate, (b): direct age-standardized death rate) 

 

 

Figure 35 Local Moran map of crude death rate 
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Figure 36 Local Moran map of direct age-standardized death rate  

 

2.2.2 Gi statistic 

 

Figure 37 showed a comparison of the results of Gi statistics based on the crude death rate 

(panel (a)) and standardized death rate (panel (b)). It can be seen that the pattern of clustering 

region is exactly opposite. When analyzing based on the crude death rates, hot spot regions were 

detected in some parts of Gangwon-do, Gyeongsang-do, and Jeolla-do and the cold spot were 

detected in some parts of Seoul and metropolitan areas. There are many people living in urban 

areas, so the number of death can be measured frequently. Therefore, it can be considered the 

cluster analysis had disadvantages and it only reflects the observed values. It cannot consider the 

weight of the number of population. 

Range of hot or cold spot has been reduced after standardization of death rate. The scale of 

cluster region showed a big difference. After standardization of death rate, the hot spot regions 

were detected in Uljin-gun, Ulju-gun, Haeundae-gu, Gumjeong-gu, Gwangju Seo-gu, Gwangju 
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Dong-gu, and etc. The cold spot regions were detected in Wonju-si, Jaecheon-si, Mungyeong-si, 

Yeongju-si, Gangjin-gun, and etc. It can be interpreted that the hotspot areas of crude death rate 

are reduced because of the regions where having a high proportion of elderly people who were 

standardized, and excluded from the hot spot regions of crude death rate. The effect of age was 

excluded through standardization process. 

 

 

Figure 37 Comparison of Gi statistic  
((a): crude death rate, (b): direct age-standardized death rate) 
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2.2.3 Kulldorff’s spatial scan statistic 

 

Utilizing local Moran's scatter plot has the advantage of easy to identify the clusters and outlier 

regions. But in the process of finding clusters, the populous region is likely to be discovered as 

clusters because of the statistic was calculated by only using the observed values. Therefore, 

Kulldorff's statistic was utilized to compensate for this problem by considering the population at 

risk. 

Table 14 summarizes the statistics of the number of cases, the expected value, and the SMR in 

cluster regions. The ranges of population-at-risk were wide. The smallest population region was 

Damyang-gun (80,700 people) and the largest population region is Gwangju Buk-gu (668,869 

people). The number of observation in the central region of the cluster, Gwangju Buk-gu, was 

found 44 cases. Damyang-gun has the lowest amount of cases (15). SMR of Gwangju Nam-gu is 

the largest (1.81) and the Gwangju Dong-gu is the smallest (1.17). All regions within the cluster 

region, SMR was more than 1. Figure 38 shows the results of cluster analysis based on the 

expected value - before and after standardization of expected value. Before the standardization of 

expected value, 149 regions include Damyang-gun were identified as cluster regions. But after 

standardization, centered on Gwangju Buk-gu, Gwangju Dong-gu, Seo-gu, Nam-gu, and 

Damyang-gun were detected as cluster regions. Standardization of expected value is essential 

process for cluster analysis. 
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Table 14 Cluster regions and their population statistics (The results of Kulldorff’s scan 

statistic) 

 

 

Figure 38 Kulldorff’s spatial cluster analysis  

((a): before standardization, (b): after standardization) 

 

 

 

Region 
Population at 

risk
Observed count Expected count

Standardized 

mortality ratio (SMR)

Buk-gu, Gwangju 668,869 44 36.11 1.22

Dong-gu, 

Gwangju 
172,579 18 15.39 1.17

Seo-gu, Gwangju 427,641 28 23.20 1.21

Nam-gu, 

Gwangju 
312,577 39 21.49 1.81

Damyang-gun 80,700 15 11.62 1.29
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Kulldorff's statistic reflects the population-at-risk as well as the observed values of each region 

for detecting the spatial cluster. Principle of analysis of Kulldoff statistic is differ from the 

previous methods. Not based on the average observations, unlike the local Moran, Kulldorff's 

statistic is calculated based on the likelihood ratio test information of the ratio between observed 

and expected values. Thus, this statistic can prevent detecting hot spot from only the populous 

urban areas. 

 

  2.3. Summary 

 

The smoothed relative risk is not the target of cluster analysis. Because it doesn’t have spatial 

autocorrelation. So, we carried out cluster analysis using crude death rate, and standardized death 

rate for application study. Cluster analysis can be used to determine statistically significant higher 

or lower mortality region. One of the readily accessible data is the number of death in each region. 

However, as in the Kulldorff’s test, if we do not apply on the adjusted expected value or 

population at risk to cluster analysis, simply the most populous urban areas is likely to be a hotspot 

region. Therefore, cluster analysis was performed to compare the results before and after 

standardization using death rate. 

The summary of the results of cluster analysis of death rate is as follows. The existence of 

global cluster is not proven when using smoothed relative risk in the process of detecting global 

cluster. The existence of global cluster of standardized death rate is detected only when using the 

Geary’s C index. In the case of crude death rate, all of the cluster index indicates that spatial 

autocorrelation exists. For comparison of the effect of the standardization of local cluster analysis, 

local cluster analysis of crude death rate and standardized death rate were conducted.  
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The hot spot regions were detected in the rural regions in the cluster analysis using crude death 

rate. It is because of the reflection of weight on the population at risk. In addition, relatively small 

hot spot regions were detected from cluster analysis based on the standardized death rate when 

comparing the result from the cluster analysis by using crude death rate. It can be interpreted that 

the regions where detected as hot spot due to the large proportion of elderly people were ruled out 

through standardization. 

The methods we used for local cluster analysis are LISA (local Moran’s I, Getis-Ord’s Gi 

statistic) and spatial scan statistic. Because of the basic principle of methodology of LISA and 

spatial scan statistic are different, the location and size of cluster regions of the result of the three 

methods are identified differently. However, Gwangju region where identified as a hot spot region 

of spatial scan stiatistic was also identified as hot spot region in the analysis of local Moran’s I 

(Gwangju dong-gu, Gwangju seo-gu, and Gwangju nam-gu) and Gi statistic (Gwangju dong-gu, 

Gwangju seo-gu). Therefore, using the spatial scan statistic can be the one way to increase the 

efficiency of detecting hot spot region. LISA can be a good way to search hot spot and cold spot 

region in more specific and sensitive ways.  

As a result, it can be seen that utilizing the standardized death rate is appropriate to cluster 

analysis than crude death rate. When utilizing the count data for cluster analysis, it is desirable to 

use the statistical method that considering the expected value and population at risk as their 

parameters in Kulldorff’s spatial scan statistic. In addition, the probability of detecting hot spot 

in the high proportion of the elderly people is high when crude death rate is used for cluster 

analysis. Therefore, it is preferred to use standardized death rate for cluster analysis. 

The results of cluster analysis can be used to find hot spot regions of a specific disease. Also, 

it can be used to provide materials to conduct other epidemiological studies. And the spatial 

pattern analysis studies can be used to give a solid scientific base to epidemiological researches.  
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3. Modeling Individual-level Mortality Rates 

 

  3.1. Descriptive Summary of the Individual-level Data 

Case group were defined as the deaths by prostate cancer and control group were defined as 

the deaths from other causes. For analysis and comparison of variables in individual-level data, 

the logistic regression analysis was performed. The number of deaths contained in the original 

data is 1,005,856 cases for 4 years (2008-2011). Among them, the number of male deaths is 

560,276 (55.7%). The number of deaths by prostate cancer is 5,134 (0.92%). The range of age is 

at least 20-years-old up to the 104-years-old. When defines the same age group as the control 

group, then almost 0.93% is the case. 

Individual-level variables included in logistic regression are age, occupation, marital status, 

and education level (Table 15). When excluding unknown, the number of deaths used in the 

analysis is 530,792. Age category is listed as a continuous values and occupation, marital status, 

and education level. And they are listed in the categorical data. In many studies, the age category 

is used as the discrete variables to facilitate the interpretation of age variable (Blair and Thomas, 

1979; Freedman etc, 2002). Therefore, in this study, age variable is classified into 5 categories. 

The reference of categorization was the study of Tabot (2005) and Leppik (2006) (young adult, 

middle-aged, young-old, middle-old, old-old). In the standard classification of occupation of 

Korea is divided into 10 categories. So, except for unknown, nine categories were used. In the 

education level, the "college or more" and "high school" record did not exist. Thus, with the 

exception of unknown, 7 categories of education level data were used.  
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Table 15 Variables of individual-level data (except unknown) 

Variables coding 
Number of  
cases (%) 

Number of 
controls (%) 

Coded values and categories 

Marital 
status 

1 
3,774 

(0.711)
365,344 
(68.83)

Married 

2 
47 

(0.009)
42,554 
(8.02)

Never married 

3 
162

(0.031)
43,664
(8.23)

Divorced 

4 
984

(0.185)
74,263
(13.99)

Widowed 

Education 
level 

1 
741

(0.140)
68,803
(12.96)

Uneducated 

2 
1,651

(0.311)
165,576
(31.19)

Elementary 

3 
766

(0.144)
89,905
(16.94)

Middle 

4 
1,010

(0.190)
131,716
(24.81)

High 

5 0 0 College or more 

6 
679

(0.128)
61,330
(11.55)

College 

7 
120

(0.023)
8,495
(1.60)

Graduate school 

8 0 0 Middle·high 

Occupation 

1 
66

(0.012)
7,740
(1.46)

Managers 

2 
115

(0.022)
16,409
(3.09)

Professionals and Related Workers 

3 
72

(0.014)
20,636
(3.89)

Clerks 

5 
144

(0.027)
30,563
(5.76)

Service Workers and Sales Workers 

6 
783

(0.148)
78,634
(14.81)

Skilled Agricultural, Forestry and 
Fishery workers 

7 
33

(0.006)
12,321
(2.32)

Craft and Related Trades Workers 

8 
16

(0.003)
6,136
(1.16)

Equipment, Machine Operating and 
Assembling Workers 

9 
72

(0.014)
19,479
(3.67)

Elementary Workers 

13 
3,666

(0.691)
333,907
(62.91)

Student, housework, and inoccupation 

Age 

young 
adult 

16
(0.003)

49,794
(9.38)

20 ~ 45 

middle-
aged 

415
(0.078)

149,876
(28.24)

46 ~ 64 

young-old 
1,445

(0.272)
139,754
(26.33)

65 ~ 74 

middle-old 
2,136

(0.402)
129,527
(24.40)

75 ~ 84 

old-old 
955

(0.180)
56,874
(10.71)

Over 85 
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Figure 39 shows the continuous age histogram before dividing age variable into 5 categories. 

Figure 40 summarizes the distribution for each variable. The age distribution of deaths by prostate 

cancer ranged from 20 years up to 104 years old. 1st quartile value was 71, median was 77, the 

average was 76.7, and 3rd quartile was 83 years old. In the view of the concept of retirement in 

South Korea, over 65-year-old categories of occupation variable was unemployed in most cases. 

Only 1/4 records of occupation were able to utilize the information. The panel (b) in Figure 40, 

unemployed ("N") category can be found in many cases. Thus, with the exception of occupation 

variables, logistic analysis was performed by using age, marital status, and education level 

variables. The regression equations with interaction terms are not significant, so in the analysis, 

the main terms were only used. 

Figure 41 shows the mosaic plot. Mosaic plot is one way to visualize the difference between 

observed values and expected values in categorical data. From the mosaic plot, observations 

beyond the expected value can be checked out. The amount of difference between observed and 

expected values were represented with the legend that presenting the Pearson residual. In 95% 

confidence interval, when observations occurred more than the expected, it described as blue-

colored block, and observation occurred less than expected, it described as red-colored block. In 

Figure 41, the Age class panel shows the observation of young age category (1, 2) has less than 

expected value. In case of the older age category (4), the red-square inferring cases were occurred 

more than expected. 

In the case of marital status, the cases included in the married and widowed categories occurred 

more than expected. The number of case of unmarried or divorced categories were less than the 

expected. In education level panel, the cases in the middle or high school categories occurred less 

than expected, and the other categories occurred more than expected.  
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Figure 39 Age histogram of cases 
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Figure 40 The distribution of categories in individual-level variables  

((a): age class, (b): occupation, (c): marital status, (d): education level) 
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Figure 41 Mosaic plot of variables 

 

  3.2. Results of the Logistic Regression Modeling 

The variables considered in the logistic analysis were age, marital status, education level, 

squared term of age, and interaction terms. Among the combination of these variables, one 

formula was chosen. The regression equation was chosen to minimize AIC of the regression. If 

the AIC were calculated similarly from each equation, according to ‘Principle of Parsimony’, less 

variable contained equation was selected. As a result, formula including the main terms with age, 

marital status, and education level variable were selected.  
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Table 16 summarizes the coefficients and their significances of each variable. In the table, 

interpretation of the coefficient ‘AgeClass2’ is as follows. We can say that for AgeClass2 (middle-

aged), a one category increase from AgeClass1 (young-adult) to AgeClass2 yields a change in log 

odds of 2.05. Looking at the overall trend of coefficients, most influential varlable to the prostate 

cancer deaths was the age variable and it has a positive association with death. In addition, as the 

education level increases, the death from prostate cancer was also positively influenced. The 

coefficients can be exponentiated, hence we can interpret them as odds-ratios (see Table 17) for 

easier interpretation.  

 

Table 16 Coefficient of variables aabout deviance information of regression result 

 

 

 

 

 Coefficient Std. Error z value Pr(>|z|)

Intercept -8.1910 0.2603 -31.47 < 0.001

AgeClass2 2.0484 0.2593 7.90 < 0.001

AgeClass3 3.3581 0.2576 13.04 < 0.001

AgeClass4 3.8588 0.2576 14.98 < 0.001

AgeClass5 3.9556 0.2593 15.25 < 0.001

Marriage2 -0.6496 0.1519 -4.28 < 0.001

Marriage3 -0.3371 0.0821 -4.11 < 0.001

Marriage4 -0.0857 0.0379 -2.26 0.0239

Education2 0.1468 0.0453 3.25 0.0012

Education3 0.2706 0.0532 5.09 < 0.001

Education4 0.4129 0.0507 8.15 < 0.001

Education6 0.6553 0.0547 11.98 < 0.001

Education7 0.8679 0.1003 8.65 < 0.001

Null deviance 56295 on 530791 degrees of freedom

Residual deviance 53435 on 530779 degrees of freedom

AIC 53461
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The logistic regression coefficients give the information about the change in log odds scale of 

the outcome for a one category change in the predictor variable. The antilogarithm of the 

coefficient gives us the information about the odds ratios between two categories. Table 17 

represents the odds ratios and CI after antilogarithm procedure. All the variables, age, marital 

status, and education level were identified as significant variables. Holding all other variables 

constant, the odds ratio of age categories are as follows. The antilogarithm of the age variable 

gives us the odds ratio between age categories. The odds ratio of death by prostate cancer for 

middle-aged is 7.76. The odds ratio can be intepretated as “the odds of the middle-aged men 

among died from prostate cancer is 7.76 times higher than the young adult men (95% CI: from 

4.67 times to 12.89 times, p-value < 0.001).” The odds ratio of death by prostate cancer for young-

old was estimated to be 28.74. It means that the odds of the young-old men among died from 

prostate cancer is 28.74 times higher than that in the young adult men (95% CI: from 17.34 times 

to 47.61 times, p-value < 0.001). The odds ratio of the death by prostate cancer in middle-old was 

estimated to be 47.41, which indicates that the odds of the death by prostate cancer in middle-old 

is 47.41 times higher than that in the young adult men (95% CI: from 28.62 times to 78.54 times, 

p-value < 0.001). The odds ratio of death by prostate cancer for old-old was estimated to be 52.23, 

which means that the odds of death by prostate cancer for old-old is 52.23 times higher than that 

the odds of the young adult men (95% CI: from 31.41 times to 86.82 times, p-value < 0.001). In 

summary, as age increases, the odds of the death from prostate cancer was increased. 

The odds ratio of marital status categories are as follows. The odds of death by prostate cancer 

for the never married men was estimated to be 0.52 times higher than that of the odds of the death 

by prostate cancer for the married (95% CI: from 0.39 times to 0.7 times, p-value < 0.001). The 

odds ratio of death by prostate cancer for the divorced was estimated to be 0.71. It means that the 

odds of the divorced category is 0.71 times lower than the odds of the married (95% CI: from 

0.61 times to 0.84 times, p-value < 0.001). The odds ratio of the widowed was estimated to be 

0.92, which means that the odds of the widowed is 0.92 times lower than the married (95% CI: 
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from 0.85 times to 0.99 times, p-value < 0.024). In summary, the odds of deaths by prostate cancer 

is the largest when marital status is married, followed by the widowed, the divorced. The smallest 

odds was found in the never married category.  

The odds ratio of education level categories are as follows. The odds ratio of the elementary 

school education in men who died from prostate cancer were estimated to be 1.16. It indicates 

that the odds of the men with elementary school education is 1.16 times higher than the odds of 

the men who uneducated (95% CI: from 1.06 times to 1.27 times, p-value ≒ 0.001). In case of 

the middle school education, the odds ratio was estimated to be 1.31 (95% CI: from 1.18 times to 

1.45 times, p-value < 0.001). The odds of death by prostate cancer for high school education was 

estimated to be 1.51 times higher than the odds of the uneducated (95% CI: from 1.37 times to 

1.67 times, p-value < 0.001). The odds of the college education was estimated to be 1.93 times 

higher than the odds of the uneducated (95% CI: from 1.73 times to 2.14 times, p-value < 0.001). 

Lastly, the odds ratio of the graduate school education was estimated to be 2.38. It means that the 

odds of the graduate school education is 2.38 times higher than the odds of the uneducated (95% 

CI: from 1.96 times to 2.9 times, p-value < 0.001). In summary, as education level increases, the 

odds of the death by prostate cancer is also increased.  
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Table 17 Characteristics and odds ratios (95% CIs) for death by prostate cancer 

 

Variables Categories 

Deaths by Prostate Cancer 

# of cases

(%)

# of controls

(%)
Odds ratio 95% CI p-value

Age 

Young adult
16

(0.003)

49,794

(9.38)
- - - 

Middle-aged
415

(0.078)

149,876

(28.24)
7.76 4.67 to 12.89 < 0.001

Young-old
1,445

(0.272)

139,754

(26.33)
28.74

17.34 to 

47.61 
< 0.001

Middle-old
2,136

(0.402)

129,527

(24.40)
47.41

28.62 to 

78.54 
< 0.001

Old-old
955

(0.180)

56,762

(10.71)
52.23

31.41 to 

86.82 
< 0.001

Marriage 

Married
47

(0.009)

42,554

(8.02)
- - - 

Never married 
3,774

(0.711)

365,310

(68.83)
0.52 0.39 to 0.7 < 0.001

Divorced
162

(0.031)

43,663

(8.23)
0.71 0.61 to 0.84 < 0.001

Widowed
984

(0.185)

74,186

(13.99)
0.92 0.85 to 0.99 0.024

Education 

Uneducated
741

(0.140)

68,803

(12.96)
- - - 

Elementary
1,651

(0.311)

165,576

(31.19)
1.16 1.06 to 1.27 0.001

Middle
766

(0.144)

89,905

(16.94)
1.31 1.18 to 1.45 < 0.001

High
1,010

(0.190)

131,716

(24.81)
1.51 1.37 to 1.67 < 0.001

College
679

(0.128)

61,330

(11.55)
1.93 1.73 to 2.14 < 0.001

Graduate school
120

(0.023)

8,495

(1.60)
2.38 1.96 to 2.9 < 0.001
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Figure 42 Box plot of variables 

 

 

Figure 43 Effect plot of variables 
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Figure 42 represents the probability of death from prostate cancer of each category in the 

variables. In Figure 43, the education level and the marital status variables are compared in the 

same panel of the age class. In the same age class panel, as the education level increase, the 

probability of death was increasing, regardless of any marital status. The married category (coded 

as 1) has the highest probability, followed by the widowed, the divorced, and the never married. 

The probability of the young adult age category (ageClass = 1) was smaller than any other age 

categories. As the age category increases, the probability of death by prostate cancer is also 

increased. 

Figure 44 shows the probability of death by prostate cancer with the variables. The panel (a) 

shows the probability of death using the age and the marriage variable. In all the marriage 

conditions, ageclass 1 has the lowest probability of death by prostate cancer (approximately 

0.001). As the ageclass increases, probability of death also increases. When the ageclass is 5, the 

largest probability (approximately 0.027) was found. In the panel (b), the married category is the 

largest probability of death by prostate cancer, followed by the widowed, the divorced, and the 

never married. In the case of the association with the probability of death and the age class, the 

men who were included in the higher age group are more likely to have higher probability of 

death by prostate cancer (approximately 0.033) (Figure 45). In the case of the association with 

the probability of death and the education level, the men who attained higher education level are 

more likely to have higher probability of death by prostate cancer. 
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Figure 44 Probability chart 

 

 

Figure 45 Probability chart 
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Figure 46 shows the ROC (Receiver Operating Characteristic) curve of the regression equation. 

In this regression analysis, AUC (Area Under the Curve) corresponds to the area under the ROC 

curve was 0.704. This AUC value can be interpreted as a moderate precise classification value. 

In other words, the severity of the classification accuracy has the moderate degree when 

calculating probabilities that dependent variable value (0 or 1) classified from the logistic 

regression model. 

 

 

Figure 46 Receiver Operating Characteristic (ROC) curve 
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  3.3. Summary 

Until now, we carried out the logistic regression modeling by using the individual-level prostate 

cancer death dataset. Logistic regression has advantages. It is possible to transform and interpret 

the coefficient in many ways. Coefficient can be transformed into odds ratio and probability scale. 

This modeling part is corresponding the application study of death by prostate cancer. 

Age, marital status, and education level variables were investigated. The variables are reported 

in the cause of death dataset of MDSS (Micro Data Service System). This draft analysis based on 

given variable in cause of death dataset can be used to identify the existence of the relatively 

vulnerable sub-groups of death by prostate cancer. It was found that the married man with high 

age and education level had a high probability of death by prostate cancer. 
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Ⅳ. Conclusions 

 

Up till now, the effort to disease mapping has not been made. However, as we can see in the 

map of John Snow, the advantages of disease mapping are obviously existed. In this study, we 

suggest the guidelines for making disease map by using the prostate cancer death data. In addition, 

spatial pattern analysis and logistic regression modeling were carried out as an application of the 

prostate cancer death data. Spatial pattern analysis was used for determining the hot spots in the 

mortality data. Modeling is based on the individual-level variable of cause of death data. It can 

be used to explain the vulnerable characteristics of the people who died from prostate cancer. 

As the first part of this study, summary of the guideline for diasease mapping is as follows. The 

number of death count of each region can be used to make a map after calculating the crude death 

rate. However, when comparing crude death rates for two regions, the regions may differ to certain 

underlying characteristics such as age and sex. A region with a higher proportion of elderly people 

will have a higher overall crude death rate because the risk of death increases as the age gets older. 

So, high incidence or mortality of prostate cancer appear in the region with high proportion of 

elderly people on the map. It can be misleading if comparisons are being made across the regions. 

Therefore, the age effect can be adjusted through the age standardization of death rate. 

Small expected value can be calculated with the small population. Also, it has large variability 

of the relative risk. So it tends to present extremely relative risk estimates that dominate the map. 

When the SMR values represented as extreme values on the map, it should be interpreted as a loss 

of reliability of the result due to the small population rather than reflecting the true risk ratio. The 

Bayesian smoothing technique should be applied for compensation.  

The study about standardization techniques and smoothing techniques as we mentioned above 

have been made already. However, there was no study to suggest guidelines on disease mapping 
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through linking the processes. Also, the study of presenting ratio scale data and the spatial 

application studies on death by prostate cancer have not been conducted yet. So, in this study, we 

suggest the guideline for disease mapping through weaving the methods are used to 

epidemiological data analysis.   

As the second part of the study, the summary of the application studies are as follows. For the 

expansion of the spatial dimension of epidemiological studies, this research suggests guidelines 

for disease mapping by using prostate cancer death data. Also, as an application study, spatial 

pattern of mortality and regression modeling with individual-level variable were analyzed. In 

South Korea, the studies on spatial pattern analysis on death by prostate cancer have not been 

conducted yet. And the result of spatial pattern analysis is significant in the sense that it can be 

used to conduct another epidemiological research. We carried out the local cluster analysis by 

using the data that only yielding significant results of global cluster analysis.  

In this study, cluster analysis was carried out using both crude death rate and standardized death 

rate. LISA and spatial scan statistic were applied in local cluster analysis. LISA analysis has 

advantage of detecting hot spot, cold spot, and outlier regions in a specific ways. By comparison, 

spatial scan statistic has advantage of detecting hot spot regions (Gwangju region) in a focused 

ways, even though the basic principles of the methodologies were different. In addition, we 

identified the hot spot regions of prostate cancer using the standardized death rate for eliminate 

the regions where identified as hot spot regions due to the large proportion of elderly people.  

Logistic regression modeling of the individual-level data was applied to identify the vulnerable 

sub-class of variables on the death by prostate cancer. The variables included for modeling were 

restricted to the individual variables that were recorded the cause of death data such as age, 

education level, and marriage status. Through this process, we can identify the vulnerable 

characteristics of variables on the death by prostate cancer within the range of the individual-level 

variables that were provided by cause of death data. As a result, the married man with old age and 
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high education level had a high probability of death by prostate cancer in comparison with other 

cause of death.  

 

Until now, we described a series of statistical analysis for disease mapping, and identified the 

spatial pattern of prostate cancer death. Also, the vulnerable sub-class of variables on the death 

by prostate cancer was identified through logistic regression modeling. The limitation of this 

study is that the causes or influential variables of cluster have not been discussed. In addition, the 

fact that the coarse modeling with limited variables in logistic regression was conducted is the 

other limitation of this study. In-depth study will be discussed in further studies. We hope that this 

paper will be useful to publish the disease atlas of a variety of disease in South Korea sooner or 

later. In addition, we hope that this study can contribute to publish various researches of disease 

in geographical dimension, and to make a better public health environment. 
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A.Table 1 The regions ranked high 10% and their death rates 

 

 Observed counts 
Crude death rates 

(per 100,000) 

IAR 

(per 100,000) 

DAR 

(per 100,000) 

2008 

(count = 14) 

Nowon-gu,  

Gwangju Buk-gu,  

Jinju-si 

Ulleung-gun(68.3),  

Jindo-gun(45.0),  

Gurye-gun(36.5), 

Namhae-gun(35.6), 

Bonghwa-gun(34.2), 

Muju-gun(28.7), 

Cheongsong-gun(26.5), 

Seongju-gun(26.3), 

Hamyang-gun(25.8), 

Goesan-gun(25.6), 

Seocheon-gun(24.7), 

Uiryeong-gun(24.6), 

Yeongdeok-gun(23.9), 

Goheung-gun(22.7), 

Wando-gun(22.6), 

Geumsan-gun(21.4), 

Boeun-gun(20.8),  

Buyeo-gun(19.6),  

Uljin-gun(19.6), 

Hwacheon-gun(19.1), 

Hapcheon-gun(18.4), 

Okcheon-gun(18.3), 

Gunwi-gun(18.2), 

Ganghwa-gun(18.1),  

Nonsan-si(18) 

Ulleung-gun(45.4),  

Jindo-gun(23.2),  

Gurye-gun(16.8),  

Pohang Buk-gu(16.6), 

Cheongju-si sangdang-

gu(16.4),  

Gwangju Nam-gu(16.2), 

Yeongdo-gu(15.4), 

Bonghwa-gun(14.5), 

Daegu Nam-gu(14.2), 

Cheongwon-gun(14.2), 

Namhae-gun(14.2), 

Gwangyang-si(13.9), 

Busan Nam-gu(13.8), 

Hwacheon-gun(13.8), 

Seongju-gun(13.5),  

Muju-gun(13.4),  

Daedeok-gu(13.3),  

Jinju-si(13),  

Busan Gangseo-gu(12.4), 

Wando-gun(12.3),  

Wonju-si(12),  

Incheon Jung-gu(11.9), 

Ulsan Buk-gu(11.9), 

Cheongsong-gun(11.9), 

Gwangju Buk-gu(11.8) 

Ulleung-gun(48.0), 

Namhae-gun(25.9),  

Jindo-gun(25.8),  

Pohang Buk-gu(16.9), 

Cheongju-si sangdang-

gu(16.4),  

Gwangju Nam-gu(16.3), 

Busan Nam-gu(15.8), 

Hwacheon-gun(15.6), 

Gurye-gun(14.9), 

Cheongwon-gun(14.7), 

Wando-gun(14.6), 

Yeongdo-gu(14.5),  

Daegu Nam-gu(14),  

Gwangyang-si(13.6), 

Seongju-gun(13.4), 

Seocheon-gun(13.4), 

Uljin-gun(13), 

Yeongdeok-gun(12.9), 

Jinju-si(12.8),  

Bonghwa-gun(12.5), 

Daedeok-gu(12.5),  

Busan Gangseo-gu(12.5), 

Ulsan Buk-gu(12.3), 

Jangseong-gun(12.1), 

Wonju-si(11.9) 

(count = 13) 

Busan Nam-gu,  

Pyeongtaek-si, 

Namyangju-si,  

Wonju-si,  

Pohang Buk-gu 

(count = 12) 

Seodaemun-gu,  

Busanjin-gu,  

Incheon Nam-gu,  

Songpa-gu 

(count = 11) 

Gwangju Nam-gu, 

Cheongju-si sangdang-gu, 

Seocho-gu 

(count = 10) 

Cheongwon-gun,  

Daegu Nam-gu, 

Uijeongbu-si,  

Daegu Buk-gu,  

Daejeon Seo-gu 

2009 

(count = 15) 

Gangseo-gu,  

Busanjin-gu 

Ulleung-gun(44.0), 

Yeongyang-gun(38.6), 

Yangyang-gun(34.5), 

Jindo-gun(30.2), 

Damyang-gun(30.0), 

Hapcheon-gun(28.5), 

Ulleung-gun(29.5), 

Yangyang-gun(20.7), 

Ulsan Nam-gu(20.1), 

Samcheok-si(17.2), 

Gwangju Dong-gu(16.8), 

Ulsan Buk-gu(16.4), 

Ulleung-gun(26.1),  

Ulsan Nam-gu(20.3), 

Yangyang-gun(20.0), 

Samcheok-si(17.9),  

Busan Buk-gu(17.8), 

Yeongyang-gun(17.5), 

(count = 14) 

Seongbuk-gu 

(count = 13) 
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Busan Buk-gu,  

Seongnam-si bundang-gu, 

Uijeongbu-si 

Jinan-gun(26.3),  

Gangjin-gun(25.7), 

Samcheok-si(24.4), 

Uiseong-gun(23.9), 

Goheung-gun(23.1), 

Eumseong-gun(22), 

Gwangju Dong-gu(20.9), 

Jangseong-gun(20.9), 

Sancheong-gun(20.9), 

Boseong-gun(20.6), 

Ganghwa-gun(18.1), 

Hongcheon-gun(17.7), 

Wanju-gun(17.6), 

Geumsan-gun(17.2), 

Gapyeong-gun(17), 

Sunchang-gun(16.7), 

Mungyeong-si(16.6), 

Miryang-si(16.4), 

Cheongdo-gun(16.4), 

Uiryeong-gun(16.4) 

Eumseong-gun(15.9), 

Yeongyang-gun(15.7), 

Gwangju Nam-gu(14.8), 

Ulju-gun(14.7),  

Jindo-gun(14.5), 

Damyang-gun(14.5), 

Sokcho-si(14.5),  

Busan Seo-gu(13.6), 

Cheonan-si dongnam-

gu(13.5),  

Daedeok-gu(12.4),  

Guri-si(12.4),  

Ansan-si sangnok-

gu(12.2),  

Pohang Buk-gu(11.9), 

Hapcheon-gun(11.8), 

Busan Nam-gu(11.6), 

Seosan-si(11.4),  

Wanju-gun(11.2),  

Gijang-gun(11.2), 

Cheongju-si sangdang-

gu(11.2),  

Suwon-si paldal-gu(11.2) 

Gwangju Dong-gu(16.7), 

Jindo-gun(16.4), 

Eumseong-gun(16.2), 

Gwangju Nam-gu(15.5), 

Ulju-gun(15.1),  

Sokcho-si(15),  

Damyang-gun(14.5), 

Busan Seo-gu(14.1), 

Cheonan-si dongnam-

gu(13.4),  

Busanjin-gu(13.2),  

Guri-si(12.5),  

Sasang-gu(12.4), 

Daedeok-gu(12.3),  

Ansan-si sangnok-

gu(11.9),  

Pohang Buk-gu(11.7), 

Cheongju-si sangdang-

gu(11.7),  

Seosan-si(11.4),  

Siheung-si(11.4),  

Busan Nam-gu(11.3), 

Yangju-si(11.3) 

(count = 12) 

Songpa-gu,  

Busan Nam-gu,  

Ulsan Nam-gu, 

Namyangju-si 

(count = 11) 

Haeundae-gu,  

Bupyeong-gu,  

Gwangju Nam-gu, 

Goyang-si deogyang-gu, 

Cheonan-si dongnam-gu 

(count = 10) 

Dongdaemun-gu, 

Eunpyeong-gu,  

Mapo-gu,  

Dalseo-gu,  

Daejeon Seo-gu,  

Ansan-si sangnok-gu, 

Pohang Buk-gu 

2010 

(count = 19) 

Eunpyeong-gu 

Jindo-gun(37.7), 

Sunchang-gun(33.0), 

Gangjin-gun(31.9),  

Imsil-gun(30.9), 

Yeongdeok-gun(30.3), 

Gunwi-gun(27.6), 

Yeongyang-gun(25.9), 

Yangyang-gun(25.7), 

Hamyang-gun(25.2), 

Damyang-gun(24.8), 

Gochang-gun(24.7),  

Naju-si(24.3),  

Jangheung-gun(24.1), 

Gijang-gun(22.0), 

Donghae-si(19.2),  

Jindo-gun(17.1),  

Ulsan Nam-gu(18.0), 

Taebaek-si(15.9),  

Ongjin-gun(15.2),  

Mokpo-si(14.9),  

Gwangju Nam-gu(14.7), 

Yangyang-gun(14.5), 

Ulleung-gun(13.5), 

Gangjin-gun(13.4), 

Yeongdeok-gun(12.9), 

Hwacheon-gun(12.7), 

Gijang-gun(23.3), 

Donghae-si(19.0),  

Ulsan Nam-gu(18.0), 

Taebaek-si(17.3),  

Jindo-gun(15.5), 

Sunchang-gun(15.2), 

Yangyang-gun(15), 

Mokpo-si(14.8), 

Gunwi-gun(14.6), 

Gwangju Nam-gu(14.5), 

Gangjin-gun(13.8), 

Ongjin-gun(13.6), 

Gapyeong-gun(13.4), 

(count = 17) 

Seongnam-si bundang-gu 

(count = 15) 

Gangseo-gu,  

Dalseo-gu 

(count = 14) 

Dongdaemun-gu,  

Nowon-gu,  

Dongjak-gu,  

Songpa-gu 

(count = 13) 
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Gwangjin-gu, 

Yeongdeungpo-gu, 

Suseong-gu,  

Andong-si, Jeju-si 

Ongjin-gun(23.1),  

Gijang-gun(23),  

Donghae-si(21.9), 

Cheongdo-gun(21.6), 

Geumsan-gun(21.4), 

Ulleung-gun(20.8), 

Gapyeong-gun(20.5), 

Sancheong-gun(20.5), 

Andong-si(20),  

Goheung-gun(20), 

Hampyeong-gun(20), 

Changnyeung-gun(19.9) 

Sunchang-gun(12.5), 

Naju-si(12.2),  

Goyang-si ilsanseo-

gu(12.1),  

Imsil-gun(12.1), 

Geumjeong-gu(12), 

Gwacheon-si(12), 

Andong-si(12), 

Gapyeong-gun(11.8), 

Damyang-gun(11.7), 

Gwangjin-gu(11.5), 

Gwangju-si(11.3), 

Seongnam-si bundang-

gu(11.2) 

Yeongdeok-gun(13.1), 

Naju-si(13.1),  

Goyang-si ilsanseo-

gu(13.1),  

Hamyang-gun(12.7), 

Ulsan Dong-gu(12.5), 

Hwacheon-gun(12.3), 

Geumjeong-gu(12.2), 

Damyang-gun(12.2), 

Geumsan-gun(12), 

Gwacheon-si(11.9), 

Geumcheon-gu(11.7), 

Ulleung-gun(11.6) 

(count = 12) 

Jungnang-gu,  

Geumjeong-gu, 

Bupyeong-gu,  

Gwangju Nam-gu, 

Namyangju-si,  

Mokpo-si 

(count = 11) 

Seongbuk-gu,  

Daejeon Seo-gu,  

Ulsan Nam-gu, 

Pyeongtaek-si,  

Goyang-si ilsanseo-gu, 

Paju-si,  

Chuncheon-si, 

Gangneung-si,  

Suncheon-si 

2011 

(count = 19) 

Nowon-gu 

Gunwi-gun(46.6), 

Uiryeong-gun(32.9), 

Yeonggwang-gun(30.9), 

Cheongyang-gun(29.4), 

Hapcheon-gun(29.4), 

Naju-si(27.3),  

Goryeong-gun(26.5), 

Gapyeong-gun(24.2), 

Uiseong-gun(24.2), 

Hadong-gun(23),  

Imsil-gun(22.9),  

Okcheon-gun(22.8), 

Jindo-gun(22.6),  

Haman-gun(22.5), 

Jeungpyeong-gun(22.4), 

Gyeryong-si(26.1), 

Gwacheon-si(19.0), 

Jeungpyeong-gun(18.8), 

Gunwi-gun(17.3), 

Anyang-si dongan-

gu(16.9),  

Yeonggwang-gun(15.5), 

Gijang-gun(15.4),  

Haman-gun(14.6),  

Suwon-si yeongtong-

gu(14.1),  

Guri-si(13.9),  

Goryeong-gun(13.7), 

Daegu Jung-gu(13.6), 

Gapyeong-gun(13.5), 

Gyeryong-si(26.8), 

Jeungpyeong-gun(19.2), 

Gwacheon-si(17.8), 

Anyang-si dongan-

gu(17.1),  

Gunwi-gun(15.3),  

Gijang-gun(15.1),  

Suwon-si yeongtong-

gu(15.1),  

Haman-gun(14.7), 

Cheongyang-gun(14.4), 

Yeonggwang-gun(14.2), 

Guri-si(13.9), 

Pyeongchang-gun(13.6), 

Okcheon-gun(13.5), 

(count = 18) 

Goyang-si deogyang-gu, 

Namyangju-si 

(count = 16) 

Gangseo-gu, 

Yeongdeungpo-gu, 

Gwangju Buk-gu, 

Anyang-si dongan-gu, 

Masan-si 

(count = 15) 

Paju-si,  

Iksan-si,  

Jeju-si 
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(count = 14) 

Eunpyeong-gu,  

Gwanak-gu,  

Dongnae-gu,  

Daegu Buk-gu,  

Jinju-si 

Pyeongchang-gun(21.9), 

Yeoncheon-gun(21.4), 

Boseong-gun(21), 

Gyeryong-si(20.8), 

Bonghwa-gun(20.6), 

Goheung-gun(20.3), 

Busan Jung-gu(19.7), 

Gwacheon-si(19.4), 

Daegu Jung-gu(19.2), 

Yeongwol-gun(17.8) 

Naju-si(13.4),  

Busan Jung-gu(13.4), 

Goyang-si ilsanseo-

gu(13.4),  

Dongnae-gu(12.7), 

Uiryeong-gun(12.4), 

Pyeongchang-gun(12.4), 

Goyang-si deogyang-

gu(12.3),  

Yeongdo-gu(12.2),  

Ulsan Dong-gu(11.8), 

Sacheon-si(11.7), 

Gwangyang-si(11.6), 

Gunpo-si(11.6) 

Dongnae-gu(13.4),  

Daegu Jung-gu(13.3), 

Gapyeong-gun(13), 

Goyang-si deogyang-

gu(13),  

Goryeong-gun(12.8), 

Busan Jung-gu(12.8), 

Uiryeong-gun(12.8),  

Naju-si(12.6),  

Goyang-si ilsanseo-

gu(12.4),  

Sacheon-si(12.4),  

Suwon-si jangan-gu(12.1), 

Yeongdo-gu(12) 

(count = 13) 

Busanjin-gu,  

Haeundae-gu,  

Goyang-si ilsanseo-gu, 

Jeonju-si wansan-gu, 

Yeosu-si 

All 

years 

Namyangju-si(55), 

Nowon-gu(53),  

Gangseo-gu(53),  

Songpa-gu(50), 

Eunpyeong-gu(48), 

Yeongdeungpo-gu(46), 

Busanjin-gu(46), 

Pyeongtaek-si(45), 

Gwangju Buk-gu(44), 

Dalseo-gu(43),  

Paju-si(43),  

Jeju-si(43),  

Seongnam-si bundang-

gu(42),  

Jinju-si(42),  

Seongbuk-gu(41), 

Goyang-si deogyang-

gu(41),  

Masan-si(41),  

Haeundae-gu(40),  

Daegu Buk-gu(40), 

Dongjak-gu(39), 

Jindo-gun(33.9),  

Ulleung-gun(32.2), 

Gunwi-gun(25.3), 

Yeongyang-gun(22.6), 

Goheung-gun(21.6), 

Imsil-gun(21.1),  

Gangjin-gun(20.8), 

Bonghwa-gun(20.5), 

Uiryeong-gun(20.5), 

Hapcheon-gun(20.3), 

Gapyeong-gun(19.8), 

Yangyang-gun(19.3), 

Namhae-gun(19.1), 

Hamyang-gun(19), 

Sunchang-gun(18.7), 

Damyang-gun(18.6), 

Geumsan-gun(18.2), 

Yeongdeok-gun(18.2), 

Cheongdo-gun(17.7), 

Naju-si(16.9),  

Uiseong-gun(16.9), 

Okcheon-gun(16), 

Ulleung-gun(21.1),  

Jindo-gun(15.9),  

Gijang-gun(14.2), 

Gwangju Nam-gu(12.5), 

Ulsan Nam-gu(12.2), 

Gapyeong-gun(11.8), 

Yangyang-gun(11.1), 

Samcheok-si(10.7), 

Yeongdo-gu(10.6), 

Anyang-si dongan-

gu(10.3),  

Mokpo-si(10.2),  

Gunwi-gun(10),  

Suwon-si jangan-gu(9.8), 

Suwon-si yeongtong-

gu(9.8),  

Dongnae-gu(9.7), 

Goyang-si ilsanseo-

gu(9.6),  

Cheongju-si sangdang-

gu(9.6),  

Geumcheon-gu(9.6), 

Ulleung-gun(20.6),  

Jindo-gun(16.7),  

Gijang-gun(14.2), 

Gwangju Nam-gu(12.8), 

Ulsan Nam-gu(12.7), 

Gapyeong-gun(11.9), 

Yangyang-gun(11.2), 

Namhae-gun(11.2), 

Samcheok-si(10.8), 

Gunwi-gun(10.6), 

Yeongdo-gu(10.3), 

Anyang-si dongan-

gu(10.3),  

Suwon-si yeongtong-

gu(10.3),  

Mokpo-si(10.1), 

Dongnae-gu(10.1), 

Suwon-si jangan-gu(9.9), 

Ulsan Dong-gu(9.8), 

Geumcheon-gu(9.7), 

Goyang-si ilsanseo-

gu(9.6),  



 

133 

 

 
* In 2008, the regions were tied to many regions, so 1st to 20th regions were presented.  
* In 2009, the regions were tied to many regions, so 1st to 22th regions were presented. 
* In 2010, the regions were tied to many regions, so 1st to 28th regions were presented. 
* In 2011, the regions were tied to many regions, so 1st to 21th regions were presented. 

*In the 4 years aggregated data, the regions were tied to many regions, so 1st to 24th regions were presented. 

 

 

A.Table 2 The regions ranked low and their death rates 

Incheon Nam-gu(39), 

Bupyeong-gu(39), 

Gwangju Nam-gu(39), 

Suncheon-si(39) 

Samcheok-si(15.6), 

Gochang-gun(15.6), 

Sancheong-gun(15.5) 

Geumsan-gun(9.4), 

Gwacheon-si(9.4), 

Suwon-si paldal-gu(9.4), 

Busan Seo-gu(9.3), 

Boryeong-si(9.2), 

Suncheon-si(9.1),  

Ulsan Dong-gu(9.1) 

Cheongju-si sangdang-

gu(9.6),  

Suwon-si paldal-gu(9.6), 

Geumsan-gun(9.3),  

Busan Seo-gu(9.1), 

Yeongyang-gun(9.1), 

Damyang-gun(9.1), 

Okcheon-gun(9.1) 

 Observed counts 
Crude death rates 

(per 100,000) 

IAR 

(per 100,000) 

DAR 

(per 100,000) 

2008 

(count = 0) 

Incheon Dong-gu,  

Ongjin-gun,  

Seongnam-si jungwon-gu, 

Gwacheon-si,  

Taebaek-si,  

Hongcheon-gun, 

Yeongwol-gun, 

Pyeongchang-gun, 

Yanggu-gun,  

Inje-gun,  

Goseong-gun,  

Gyeryong-si,  

Jinan-gun,  

Hampyeong-gun, 

Yeonggwang-gun, 

Goryeong-gun 

Incheon Dong-gu,  

Ongjin-gun,  

Seongnam-si jungwon-gu, 

Gwacheon-si,  

Taebaek-si,  

Hongcheon-gun,  

Yeongwol-gun, 

Pyeongchang-gun,  

Yanggu-gun,  

Inje-gun,  

Goseong-gun,  

Gyeryong-si,  

Jinan-gun,  

Hampyeong-gun, 

Yeonggwang-gun, 

Goryeong-gun 

(up to this place,  

Incheon Dong-gu,  

Ongjin-gun,  

Seongnam-si jungwon-gu, 

Gwacheon-si,  

Taebaek-si,  

Hongcheon-gun,  

Yeongwol-gun, 

Pyeongchang-gun,  

Yanggu-gun, Inje-gun, 

Goseong-gun,  

Gyeryong-si,  

Jinan-gun,  

Hampyeong-gun, 

Yeonggwang-gun, 

Goryeong-gun 

(up to this place,   

rate = 0) 

Incheon Dong-gu,  

Ongjin-gun,  

Seongnam-si jungwon-gu, 

Gwacheon-si,  

Taebaek-si,  

Hongcheon-gun,  

Yeongwol-gun, 

Pyeongchang-gun,  

Yanggu-gun,  

Inje-gun,  

Goseong-gun,  

Gyeryong-si,  

Jinan-gun,  

Hampyeong-gun, 

Yeonggwang-gun, 

Goryeong-gun 

(up to this place,  
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(count = 1) 

Busan Buk-gu,  

Daegu Jung-gu,  

Ulsan Nam-gu,  

Ulju-gun,  

Bucheon-si sosa-gu,  

Guri-si,  

Osan-si,  

Uiwang-si,  

Gwangju-si,  

Yeoncheon-gun,  

Donghae-si,  

Sokcho-si,  

Yangyang-gun,  

Eumseong-gun,  

Danyang-gun, 

Jeungpyeong-gun,  

Jangsu-gun,  

Buan-gun,  

Damyang-gun,  

Gokseong-gun,  

Boseong-gun,  

Jangheung-gun,  

Haenam-gun,  

Yeongam-gun,  

Pohang-si nam-gu, 

Yeongyang-gun,  

Haman-gun,  

Sancheong-gun 

rate = 0) 

 

Ulsan Nam-gu(0.8), 

Busan Buk-gu(0.9),  

Pohang-si nam-gu(1), 

Gwangju-si(1.1), 

Bucheon-si sosa-gu(1.2), 

Ulju-gun(1.4),  

Guri-si(1.4),  

Osan-si(1.8),  

Bupyeong-gu(1.9) 

  

Busan Buk-gu(1.4), 

Pohang-si nam-gu(1.5), 

Gwangju-si(1.5),  

Ulju-gun(1.7),  

Haenam-gun(1.7),  

Ulsan Nam-gu(1.8), 

Bucheon-si sosa-gu(1.8), 

Eumseong-gun(2.1), 

Boseong-gun(2.1) 

rate = 0) 

 

Gwangju-si(1.2),  

Busan Buk-gu(1.3), 

Bucheon-si sosa-gu(1.4), 

Haenam-gun(1.6),  

Pohang-si nam-gu(1.7), 

Ulju-gun(1.7),  

Ulsan Nam-gu(1.9), 

Boseong-gun(2),  

Buan-gun(2) 

2009 

(count = 0) 

Ongjin-gun,  

Hwacheon-gun,  

Goseong-gun,  

Danyang-gun, 

Jeungpyeong-gun, 

Gyeryong-si,  

Ongjin-gun,  

Hwacheon-gun,  

Goseong-gun,  

Danyang-gun, 

Jeungpyeong-gun, 

Gyeryong-si,  

Cheongyang-gun,  

Ongjin-gun,  

Hwacheon-gun,  

Goseong-gun,  

Danyang-gun, 

Jeungpyeong-gun, 

Gyeryong-si,  

Cheongyang-gun,  

Ongjin-gun,  

Hwacheon-gun,  

Goseong-gun,  

Danyang-gun, 

Jeungpyeong-gun, 

Gyeryong-si,  

Cheongyang-gun,  
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Cheongyang-gun,  

Muju-gun,  

Gurye-gun,  

Yeongam-gun,  

Wando-gun 

Muju-gun,  

Gurye-gun,  

Yeongam-gun,  

Wando-gun 

(up to this place,  

 rate = 0), 

 

Incheon Seo-gu(0.7), 

Seongdong-gu(0.8),  

Gimpo-si(1.2),  

Bucheon-si ojeong-

gu(1.4),  

Dalseong-gun(1.5),  

Ulsan Buk-gu(1.7),  

Guro-gu(1.8),  

Tongyeong-si(1.9),  

Nonsan-si(2),  

Hwaseong-si(2.2),  

Ansan-si danwon-gu(2.4), 

Gangnam-gu(2.4),  

Gimje-si(2.6) 

Muju-gun,  

Gurye-gun,  

Yeongam-gun,  

Wando-gun 

(up to this place,   

 rate = 0),  

 

Seongdong-gu(1),  

Nonsan-si(1.1),  

Incheon Seo-gu(1.2), 

Gimpo-si(1.3),  

Gimje-si(1.3),  

Yangpyeong-gun(1.6), 

Dalseong-gun(1.8), 

Tongyeong-si(2),  

Bucheon-si ojeong-

gu(2.1),  

Hwasun-gun(2.2),  

Guro-gu(2.5),  

Donghae-si(2.6),  

Daegu Jung-gu(2.6), 

Incheon Jung-gu(2.7), 

Cheongwon-gun(2.7) 

Muju-gun,  

Gurye-gun,  

Yeongam-gun,  

Wando-gun 

(up to this place,   

 rate = 0),  

 

Seongdong-gu(0.8), 

Incheon Seo-gu(1),  

Nonsan-si(1.1),  

Gimpo-si(1.3), 

Yangpyeong-gun(1.4), 

Gimje-si(1.8),  

Dalseong-gun(1.8), 

Tongyeong-si(1.9), 

Hwasun-gun(2.1),  

Bucheon-si ojeong-

gu(2.2),  

Gokseong-gun(2.4), 

Cheongwon-gun(2.5),  

Guro-gu(2.6),  

Daegu Jung-gu(2.6),  

Buyeo-gun(2.6) 

(count = 1) 

Seongdong-gu,  

Busan Jung-gu,  

Daegu Jung-gu,  

Dalseong-gun, 

Incheon Jung-gu,  

Incheon Seo-gu,  

Ulsan Buk-gu,  

Bucheon-si ojeong-gu, 

Gwacheon-si,  

Gimpo-si,  

Yangpyeong-gun, 

Donghae-si,  

Yeongwol-gun, 

Pyeongchang-gun, 

Cheorwon-gun,  

Yanggu-gun,  

Inje-gun,  

Jincheon-gun,  

Nonsan-si,  

Gimje-si,  

Jangsu-gun,  

Gokseong-gun,  

Hwasun-gun,  

Gunwi-gun,  

Cheongsong-gun, 

Tongyeong-si 

2010 

(count = 0) 

Gwangmyeong-si, 

Jeungpyeong-gun, 

Gyeryong-si,  

Gwangmyeong-si, 

Jeungpyeong-gun, 

Gyeryong-si,  

Yeongi-gun,  

Gwangmyeong-si, 

Jeungpyeong-gun, 

Gyeryong-si,  

Yeongi-gun,  

Gwangmyeong-si, 

Jeungpyeong-gun, 

Gyeryong-si,  

Yeongi-gun,  
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Yeongi-gun,  

Cheongyang-gun,  

Muju-gun,  

Cheongsong-gun, 

Seongju-gun,  

Jinhae-si 

Cheongyang-gun,  

Muju-gun,  

Cheongsong-gun, 

Seongju-gun,  

Jinhae-si 

(up to this place,  

 rate = 0),  

 

Gyeyang-gu(0.8),  

Ansan-si danwon-gu(0.8), 

Sasang-gu(1),  

Osan-si(1.5),  

Yangcheon-gu(1.6), 

Cheonan-si dongnam-

gu(2.1),  

Ulsan Jung-gu(2.2), 

Gangbuk-gu(2.2), 

Dongducheon-si(2.7), 

Bucheon-si ojeong-

gu(2.7),  

Gunpo-si(2.8),  

Yuseong-gu(3),  

Seongnam-si sujeong-

gu(3.1),  

Anyang-si dongan-gu(3.1)

Cheongyang-gun,  

Muju-gun,  

Cheongsong-gun,  

Seongju-gun,  

Jinhae-si 

(up to this place,  

 rate = 0),  

 

Gyeyang-gu(1.3),  

Ansan-si danwon-gu(1.4), 

Sasang-gu(1.4),  

Hapcheon-gun(1.9), 

Gangbuk-gu(2.1), 

Yangcheon-gu(2.2), 

Dongducheon-si(2.2), 

Yeongdong-gun(2.2), 

Cheonan-si dongnam-

gu(2.3),  

Daegu Jung-gu(2.4),  

Uljin-gun(2.5),  

Osan-si(2.6),  

Sokcho-si(2.7),  

Boeun-gun(2.7), 

Seodaemun-gu(2.9), 

Gyeongju-si(2.9),  

Uiseong-gun(2.9) 

Cheongyang-gun,  

Muju-gun,  

Cheongsong-gun,  

Seongju-gun,  

Jinhae-si 

(up to this place,  

 rate = 0),  

 

Gyeyang-gu(1.4),  

Sasang-gu(1.4),  

Ansan-si danwon-gu(1.5), 

Dongducheon-si(2), 

Gangbuk-gu(2.2), 

Yangcheon-gu(2.2), 

Yeongdong-gun(2.2), 

Cheonan-si dongnam-

gu(2.2),  

Boeun-gun(2.2),  

Gokseong-gun(2.2),  

Daegu Jung-gu(2.3),  

Uljin-gun(2.4),  

Osan-si(2.5),  

Ulsan Jung-gu(2.7), 

Gyeongju-si(2.9),  

Jongno-gu(2.9),  

Jinan-gun(2.9) 

(count = 1) 

Sasang-gu,  

Daegu Jung-gu,  

Gyeyang-gu,  

Dongducheon-si,  

Ansan-si danwon-gu,  

Osan-si,  

Sokcho-si,  

Yeongwol-gun,  

Jeongseon-gun,  

Yanggu-gun,  

Goseong-gun,  

Boeun-gun,  

Yeongdong-gun,  

Danyang-gun,  

Jinan-gun,  

Jangsu-gun 

2011 

(count = 0) 

Busan Gangseo-gu, 

Ganghwa-gun,  

Ongjin-gun,  

Boeun-gun,  

Yeongdong-gun,  

Jincheon-gun,  

Goesan-gun,  

Danyang-gun,  

Muju-gun,  

Busan Gangseo-gu, 

Ganghwa-gun,  

Ongjin-gun,  

Boeun-gun,  

Yeongdong-gun, 

Jincheon-gun,  

Goesan-gun,  

Danyang-gun,  

Muju-gun,  

Gurye-gun,  

Busan Gangseo-gu, 

Ganghwa-gun,  

Ongjin-gun,  

Boeun-gun,  

Yeongdong-gun, 

Jincheon-gun,  

Goesan-gun,  

Danyang-gun,  

Muju-gun,  

Gurye-gun,  

Busan Gangseo-gu, 

Ganghwa-gun, 

Ongjin-gun,  

Boeun-gun,  

Yeongdong-gun, 

Jincheon-gun,  

Goesan-gun,  

Danyang-gun,  

Muju-gun,  

Gurye-gun,  
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Gurye-gun,  

Hampyeong-gun, 

Jangseong-gun,  

Ulleung-gun,  

Jinhae-si 

Hampyeong-gun, 

Jangseong-gun,  

Ulleung-gun,  

Jinhae-si 

(up to this place,   

rate = 0),  

 

Gyeongsan-si(1.1), 

Yangju-si(1.3), 

Gangdong-gu(1.6), 

Hanam-si(1.7),  

Pohang Buk-gu(2), 

Yangcheon-gu(2.2), 

Uijeongbu-si(2.5),  

Busan Nam-gu(2.6), 

Osan-si(2.8),  

Seongnam-si jungwon-

gu(2.9),  

Seongnam-si bundang-

gu(2.9) 

Hampyeong-gun, 

Jangseong-gun,  

Ulleung-gun,  

Jinhae-si 

(up to this place,  

rate = 0),  

 

Gyeongsan-si(1),  

Yangju-si(1.3),  

Hanam-si(1.8), 

Gangdong-gu(2),  

Pohang Buk-gu(2.1), 

Yeongdeok-gun(2.4), 

Uijeongbu-si(2.5),  

Busan Nam-gu(2.5), 

Andong-si(2.6), 

Hoengseong-gun(2.6), 

Yangcheon-gu(2.7) 

Hampyeong-gun, 

Jangseong-gun,  

Ulleeung-gun,  

Jinhae-si 

(up to this place,  

rate = 0),  

 

Gyeongsan-si(0.9), 

Yangju-si(1.2),  

Hanam-si(2),  

Pohang Buk-gu(2), 

Gangdong-gu(2.2), 

Uijeongbu-si(2.4), 

Andong-si(2.4), 

Yangcheon-gu(2.4),  

Busan Nam-gu(2.5), 

Gokseong-gun(2.9), 

Sunchang-gun(3), 

Seongnam-si bundang-

gu(3) 

(count = 1) 

Gyeongsan-si,  

Yangju-si,  

Hanam-si,  

Cheorwon-gun, 

Hoengseong-gun, 

Jeongseon-gun, 

Yeongdeok-gun,  

Goseong-gun,  

Gokseong-gun,  

Yangyang-gun,  

Sunchang-gun, 

Hwacheon-gun,  

Jangsu-gun,  

Yanggu-gun,  

Yeongyang-gun 

All 

years 

Ongjin-gun(2),  

Goseong-gun(2), 

Danyang-gun(2),  

Yanggu-gun(3), 

Gyeryong-si(3),  

Muju-gun(3), 

Jeungpyeong-gun(4), 

Jangsu-gun(4),  

Gokseong-gun(4), 

Yeongwol-gun(5), 

Hwacheon-gun(5),  

Inje-gun(5),  

Yeongam-gun(5), 

Hampyeong-gun(5), 

Jeongseon-gun(6),  

Jinhae-si(2.3),  

Osan-si(2.8),  

Seongnam-si jungwon-

gu(2.9),  

Hwaseong-si(3),  

Gimpo-si(3.1), 

Gwangmyeong-si(3.1), 

Ulsan Buk-gu(3.2), 

Gyeyang-gu(3.2), 

Yangcheon-gu(3.3),  

Ulsan Jung-gu(3.4), 

Ansan-si danwon-gu(3.4), 

Gimhae-si(3.4), 

Gangdong-gu(3.5), 

Bucheon-si ojeong-

Danyang-gun(2), 

Goseong-gun(2.4),  

Jinhae-si(2.8),  

Gokseong-gun(3), 

Yeongam-gun(3.1),  

Muju-gun(3.3),  

Gimpo-si(3.4), 

Yeongdong-gun(3.4), 

Hampyeong-gun(3.5), 

Ongjin-gun(3.9),  

Buan-gun(4.1), 

Seongnam-si jungwon-

gu(4.2),  

Hwaseong-si(4.2), 

Gwangmyeong-si(4.2), 

Danyang-gun(1.9), 

Goseong-gun(2.5),  

Muju-gun(2.8),  

Jinhae-si(3.2),  

Gokseong-gun(3.2), 

Gimpo-si(3.3),  

Ongjin-gun(3.3), 

Hampyeong-gun(3.5), 

Yeongdong-gun(3.7), 

Buan-gun(3.8),  

Yeongam-gun(3.9), 

Gwangmyeong-si(4), 

Seongnam-si jungwon-

gu(4.1),  

Hwaseong-si(4.2), 
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Boeun-gun(6),  

Yeongdong-gun(6), 

Cheongyang-gun(6), 

Jinan-gun(6),  

Gurye-gun(6), 

Cheongsong-gun(6), 

Ulleung-gun(6), 

Jinhae-si(6) 

gu(3.7),  

Gangnam-gu(3.7), 

Danyang-gun(3.8), 

Hanam-si(3.8), 

Changwon-si(3.8), 

Goseong-gun(3.9),  

Ulsan Dong-gu(4),  

Geoje-si(4.1),  

Suwon-si yeongtong-

gu(4.1),  

Gwanak-gu(4.2), 

Seongnam-si sujeong-

gu(4.3),  

Incheon Seo-gu(4.3), 

Guro-gu(4.3) 

Yeongwol-gun(4.2), 

Boeun-gun(4.2),  

Jangsu-gun(4.3), 

Cheongyang-gun(4.4), 

Yangcheon-gu(4.5), 

Hongseong-gun(4.5), 

Hanam-si(4.7),  

Haenam-gun(4.8), 

Gangdong-gu(4.9), 

Gangbuk-gu(4.9), 

Hoengseong-gun(4.9), 

Yecheon-gun(4.9) 

Yeongwol-gun(4.2), 

Boeun-gun(4.2), 

Yangcheon-gu(4.3), 

Hongseong-gun(4.6), 

Hanam-si(4.8),  

Jinan-gun(4.8),  

Gangbuk-gu(4.9), 

Cheongyang-gun(5), 

Gangdong-gu(5), 

Suyeong-gu(5),  

Osan-si(5) 
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■ SMR histogram 

 

 

A.Figure 1 SMR histogram (2008) 

 

 

A.Figure 2 SMR histogram (2009) 
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A.Figure 3 SMR histogram (2010) 

 

 

A.Figure 4 SMR histogram (2011) 
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■ SMR Map 

 

A.Figure 5 SMR values in 2008 
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A.Figure 6 SMR values in 2009 
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A.Figure 7 SMR values in 2010 
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A.Figure 8 SMR values in 2011 

 



 

145 

 

■ SMR Smoothing Map 

 

 

A.Figure 9 SMR and spatial, non-spatial smoothing 2008 - Equal interval 
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A.Figure 10 SMR and spatial, non-spatial smoothing 2008 - Quartile interval 
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A.Figure 11 SMR and spatial, non-spatial smoothing 2009 - Equal interval 
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A.Figure 12 SMR and spatial, non-spatial smoothing 2009 - Quartile interval 
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A.Figure 13 SMR and spatial, non-spatial smoothing 2010 - Equal interval 
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A.Figure 14 SMR and spatial, non-spatial smoothing 2010 - Quartile interval 
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A.Figure 15 SMR and spatial, non-spatial smoothing 2011 - Equal interval 
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A.Figure 16 SMR and spatial, non-spatial smoothing 2011 - Quartile interval 
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■ Difference mapping (SMR and the smoothed values) 

 

 

A.Figure 17 Quintile difference map 2008  

((a): SMR - EBPG, (b): SMR - EBLN, (c): SMR - EBML, (d): SMR - FB) 
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A.Figure 18 Quintile difference map 2009  

((a): SMR - EBPG, (b): SMR - EBLN, (c): SMR - EBML, (d): SMR - FB) 
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A.Figure 19 Quintile difference map 2010  

((a): SMR - EBPG, (b): SMR - EBLN, (c): SMR - EBML, (d): SMR - FB) 

 



 

156 

 

 

A.Figure 20 Quintile difference map 2011  

((a): SMR - EBPG, (b): SMR - EBLN, (c): SMR - EBML, (d): SMR - FB) 
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국 문 초 록 

우리나라 전립선암 사망률의 공간적 패턴에 대한  

분석적 지도화, 2008-2011 

 

서울대학교 대학원 지리학과 

노 영 희 

 

본 논문에서는 전립선암으로 인한 사망자 수 데이터를 사례로 하여 역학 자료의 지도화에 

대한 가이드라인을 제시하고, 공간 탐색 과정을 통해 사망률이 갖는 지역적 패턴을 파악하

였다. 또한 개인 단위의 데이터를 활용한 로지스틱 회귀모델링을 통해 전립선암으로 인한 

사망에 있어 비교적 취약한 계층을 파악하였다.  

역학 자료를 기반으로 한 지도 작성 과정에서 데이터를 어떻게 가공하여 제공할 것이고 

이를 접한 사용자가 어떻게 해석할 것인가에 대한 고찰이 필요하다. 자료의 통계적 신뢰성

을 유지할 수 있도록 하고, 비율 자료가 가지는 해석의 방향이 왜곡되지 않도록 역학 자료 

가공과 지도화 과정에서 주의를 기울여야 한다.  

먼저 원자료를 표준화하는 과정을 거침으로써 사망률 계산에 있어 연령의 효과를 보정할 

수 있도록 하였다. 또한 표준화된 사망비에 대해 Bayesian 추정 과정을 적용함으로써 샘플의 

크고 적음으로 인한 변동성을 감소시켜 통계적으로 신뢰도 높은 사망비를 산출할 수 있도록 

하였다. 이러한 과정을 거친 통계량을 대상으로 하여 지도화를 하게 되면 연령과 샘플 수로 

인한 사망비의 왜곡이 발생하는 것을 방지할 수 있다. 
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지도화를 위한 사망비의 계산 과정과 더불어, 도출된 통계량들을 활용하여 공간 패턴의 

탐색 과정을 수행하였다. 이 과정은 전립선암으로 인한 사망률이 높거나 낮은 지역들을 통

계적으로 유의한 클러스터로써 파악할 수 있도록 한다. 공간자기상관의 탐색을 통해 연구 

지역 내에 유의한 클러스터의 존재가 증명되면, 그 클러스터가 어디에 어느 정도의 범위로 

자리하고 있는가에 대한 로컬 클러스터 분석을 추가적으로 수행하였다. 이로써 전립선암으

로 인한 사망 위험이 비교적 높은 지역을 탐색하는 것이 가능하였고, 추가적으로 관련 역학 

연구에서의 소재를 제공할 수 있다는 점에서도 의미를 갖는다.  

전립선암으로 인한 사망 자료의 지도화, 공간적 탐색과 더불어 개인 단위의 정보를 활용

한 모델링 과정을 분석에 포함시켰다. 모델링에 사용된 개인 단위의 변수는 연령, 교육 수준, 

그리고 혼인 상태로 사망원인 데이터에서 제공하고 있는 정보들을 활용한 모델링이다. 이러

한 과정을 통해 사망원인 데이터에서 제공하는 개인 단위의 변수 내에서 전립선암으로 인한 

사망에 있어 비교적 취약한 변수 특성을 파악할 수 있었다.  

아직까지 우리나라에서는 역학 자료들을 활용한 지도가 작성되고 있지 않다. 또한 해외에

서도 평활화 과정을 거친 질병 지도가 작성되고 있지 않다. 따라서 본 연구에서는 원자료를 

표준화, 평활화하여 통계적으로 신뢰도 높은 통계량을 도출하고, 그 결과를 지도화하는 과정

을 엮어냄으로써 하나의 가이드라인을 제시하였다. 또한 공간 패턴 탐색 과정과 개인 변수

의 모델링 과정을 자료의 응용 부분으로 투입하여 우리나라의 전립선암으로 인한 사망의 공

간적, 사회 변수적 특성을 분석하였다.  

 

주요어: 공간 역학, Bayesian 모델 기반 평활화, 연령 표준화 사망률,  

          표준화 사망비, 전립선암 사망률, 분석적 지도화 

학번: 2009-30824 
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