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Abstract. Cancer is the second leading cause of death in the United States of 
America, with a rather uneven distribution among the population.  Revealing the 
associations between socioeconomic characteristics and the spatial distributions of cancer 
mortality will help in explaining patterns of health disparity, as well as in generating 
hypotheses for cancer etiology.  This paper demonstrates the use of association rule 
mining to extract associations between selected socioeconomic variables and the four 
most common cancer types in the United States (lung, colorectal, breast, and prostate) 
using mortality data at the Health Service Area (HSA) level.  A geographic information 
system is used to integrate data of different spatial resolutions, and to visualize and 
analyze the results from the association rule mining process.  Results show that areas 
with high rates of low education levels, high unemployment rates, and low paying jobs 
tend to have higher rates of cancer mortality. 
Keywords:  Spatial association rule mining; Knowledge discovery; Cancer mortality; 
Socioeconomic inequality;  

 

1 Introduction 
From the application of a paper based point-map by John Snow to investigate the outbreak of 
cholera epidemic in 1854 to the current day practices of using digital maps, the medical and  
public health profession has greatly benefited from the use of spatial information as manifested 
by maps.  In this regard contemporary Geographic Information Systems (GIS) not only provide 
an excellent platform in which digital maps and data can be manipulated to extract valuable 
information, but also serve as an excellent medium for visualizing geographic phenomenon.  
Currently available geographic information system software also provides a capability in which 
data can be subject to statistical procedures for analysis. The ability of a GIS to bring together 
data from different sources underpinned by a common spatial unit and its ability to manipulate 
such data at various scales makes it an ideal choice for analyzing spatial data.  But one inherent 
limitation of existing commercial software is the limited choice of analytical functions.  In the 
field of public health and medical geography, geographic information systems have previously 
been used to analyze disease clusters (Nkhoma et al. 2004, Gregorio et al. 2005), predicting 
disease outbreaks (Lam et al. 1996, Moonan et al. 2004), accessibility to health care facilities 
(McLafferty 2003), environment - human health interactions (Cuthe et al. 1992, Ruiz et al. 2004, 
Jacquez and Greiling 2003a), and spatial distribution of disease (Jacquez and Greiling 2003b, 
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Pickle et al. 1996).  One such area has been the study of spatial distribution of cancer incidence 
and mortality (Bithell and Vincent 2000). 

Cancer is a family of diseases and there is no one cause or cure for cancer (Meade and 
Earickson 2000). In the year 2002 cancer had been the second leading cause of death in the 
United States of America (American Cancer Society 2005).  Some kinds of cancer have long 
been suspected of being genetically linked (Reiss-Starr et al. 1998) while some are more 
prevalent in certain population groups than others (Lam 1986).  There has been evidence that 
some cancers affect men more than women while there are other forms of cancer that affect 
people of a particular race and ethnicity more than others.  In this regard Parker et al. (1998) 
argues, “Because race and ethnicity are so strongly correlated with socioeconomic status, some of the differences 
in cancer incidence and mortality rates that exist among racial and ethnic groups are probably the result of 
socioeconomic status rather than genetic and cultural aspects of race and ethnicity”.  Tobacco consumption and 
environmental pollution are widely perceived to be the major cause for different types of cancer 
that are prevalent today.  Acquavella (1999), Weinrich et al (1999), and Morrison et al (1993) 
report associations between occupational exposure and prostate cancer while a study by Briggs et 
al (2003) found a higher incidence of cancer among African-American workers reflecting racial 
disparities in levels of exposure to occupational carcinogens.  In a study of breast cancer 
mortality among US women, Wagener and Schatzkin (1994) have found that mortality rates 
decreased in areas of higher socioeconomic status while during the same time-period it increased 
in areas of lower socioeconomic status. 

From a public health point of view it then becomes imperative that one has to assess the 
differences in socioeconomic, environment and disease characteristics to find explanations.  
Some of the methodological problems associated with analyzing cancer mortality using GIS have 
previously been investigated (Pickle et al. 2005, Lam 1986, Teppo 1998).  These studies urge not 
to overtly interpret area based associations of cancer mortality with socioeconomic or 
environmental variables but call for exercising caution in doing so.  

The objective of this study is to demonstrate the use of association rule mining in 
uncovering patterns of association between cancer mortality and socioeconomic characteristics at 
a national scale.  Although the unit of analysis in this study is not at the county level, this study 
will provide useful information on whether health disparity exists at a national level.  With few 
exceptions (Devesa et al. 1999, Singh and Siahpush 2002, Singh et al. 2002a, Singh et al. 
2002b), reports on the spatial distribution of socioeconomic inequalities in cancer mortality at a 
national level have seldom been made. Information of this nature could also be useful to generate 
hypotheses regarding cancer etiology, and its control and prevention.  Such efforts are needed to 
reach areas that exhibit high cancer mortality rates and to understand the underlying differences 
of its occurrence across a diverse spectrum of the population. 

2 Knowledge Discovery and Association Rule Mining 
The concept of knowledge discovery is to extract implicit information in a dataset.  Knowledge 
extracted from a dataset refers to a set of rules that are implicit, valid, novel, potentially useful, 
and those that are easily comprehensible by humans (Fayyad et al. 1996, Frawley et al. 1992).  

Data Preprocessing Data Mining Interpretation Knowledge

Figure 1. Flowchart of the knowledge discovery process. 
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The process of extracting knowledge is an interactive and iterative procedure involving many 
tasks (Fayyad et al. 1996, Han and Kamber 2001) as illustrated in figure 1.     

Association analysis is one of the most widely researched topics in data mining (Hipp et 
al. 2000).  The main focus of association rule mining is to generate hypothesis rather than to test 
them as is commonly achieved using statistical techniques.  Association rule mining, first 
conceived by Agrawal et al. (1993) was used for analyzing market-basket data to mine customer 
shopping patterns.  The idea was to find relations among the items (termed as predicates) 
purchased so that the customers could then be targeted for marketing specific products.  An 
association rule typically consists of 3 parts – an antecedent (X%), a consequent (Y%), and a 
measure of the interestingness of the rule (support%, confidence%, lift) and is represented in the 
form shown in equation 1. 

X  Y (support%, confidence%, lift)    -- Equation 1. 
The antecedent and the consequent are a set of one or more predicates.  The support of a 

rule measures the frequency of occurrence of all the predicates of a rule in the dataset, the 
confidence measures the frequency of occurrence of the consequent predicates of the rule given 
the occurrence of the antecedent predicates of the rule, while the lift of a rule measures the 
correlation among the antecedent and consequent predicates of a rule.  A lift value of 1 would 
indicate that the predicates expressed in the rule are independent of each other while a value 
greater than 1 would indicate a positive correlation among the antecedent and consequent 
predicates, and a value less than 1 would indicate a negative correlation among the antecedent 
and consequent predicates of the rule. 

For example, consider a dataset composed of 100 records of cancer mortality and median 
income.  Let 60 records indicate high rates of mortality, 50 records indicate low median income, 
and 40 records be comprised of both high rates of mortality and low median income values.  
Assuming the association analysis produces a rule linking the low median income and high 
cancer mortality, the rule would be of the form shown in equation 2: 

Low median income  high cancer mortality (40%, 80%, 1.33) -- Equation 2. 
The support of a rule is calculated as the ratio of the number of records containing both 

antecedent and consequent predicates of the rule to the total number of records in the dataset 
expressed as a percentage.  In this case support of the rule is the ratio of number of records 
containing high cancer mortality (consequent predicate) and low median income (antecedent 
predicate) to the total number of records in the dataset i.e., (40/100)*100 = 40%.  The confidence 
of a rule is the ratio of the number of records containing both antecedent and consequent 
predicates of a rule to the number of records that contain the antecedent predicates of the rule, 
and is expressed as a percentage.  The confidence in this case is calculated as (40/50)*100 = 
80%.  The lift is measured as the ratio of the probability of all the predicates in a rule occurring 
together to the probability of each predicate of the rule occurring independently. In this case the 

lift is calculated as )(
( ) ( )MortalityhighCancerPncomelowMedianIP

MortalityhighCancerncomelowMedianIP ∪  = 
)100/50(*)100/60(

100/40  = 

1.33.  The lift value of 1.33 (greater than 1) indicates a positive correlation among low median 
income and high cancer mortality.   

Based on the market-basket analysis, a spatial extension of association rule mining for 
analyzing geographic datasets was developed by Koperski and Han (1995).  A spatial association 
rule contains a spatial predicate in either (or both) the antecedent or the consequent part of the 
rule.  Ester et al. (2001) proposed a neighbourhood graph based mining of association rules, 
Klösgen and May (2002) used subgroup mining to analyze dependencies between a target and a 
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large number of explanatory variables from census data, while Malerba and Lisi (2001) use an 
inductive logic approach for discovering spatial association rules.  

Census datasets have been one of the most widely studied datasets using spatial 
association rule mining (Klösgen and May 2002, Malerba and Lisi 2001, Mennis and Liu 2005).  
Malerba et al (2002) mine U.K. census data to characterize the area crossed by the M63 
motorway to find patterns in the usage of the motorway.  They report rules of type “if an 
enumeration district in the M63 area can be reached from another one crossed by the M63 
motorway, then it is in the Heaton Mersey ward and has quite a high percentage of people that 
drive to work but do not live in households with three or more cars”.  Mennis and Liu (2005) use 
association rule mining to characterize areas based on their socioeconomic characteristics and 
land cover change in Denver, Colorado.  They find that areas of increased minorities are 
associated with areas of increased poverty.  In the field of medicine and public health Brossette 
et al. (1998) have used association rule mining to discover patterns in hospital infection control 
and public health surveillance data, reporting patterns of increased resistance of the microbe P. 
aeruginosa to anti-microbials over a period of three months.  Ordonez et al. (2000, 2001) 
explored the idea of using association rule mining in discovering rules from factors related to 
heart disease.  They report an association between the septo anterior region and left descending 
artery, that states when there is a defect in the septo anterior region of the heart it is likely that 
the left anterior descending artery is diseased. 

3 Data 
The objective of this study was to employ a relatively new approach to uncover the associations 
between the spatial distribution of cancer mortality and the underlying area based socioeconomic 
characteristics.  The socioeconomic and cancer mortality data used in this study was acquired  
 
Table 1. Data variables used in association rule mining of cancer mortality rates and socioeconomic characteristics. 

Dataset Variable Source 
Cancer mortality 
rates 

All cause among white/black men/women. 
Lung cancer among white/black men/women. 
Colorectal cancer among white/black men/women. 
Breast cancer among white/black women. 
Prostate cancer among white/black men. 

All cause mortality shapefile from 
National Atlas of United States of 
America.  

Socioeconomic 
characteristics 

Persons in household. 
Race of householder by household type and presence 
and age of children. 
Sex by marital status. 
Place of birth. 
Place of work. 
Race by educational attainment: 

Low education: Less than or equal to high school. 
High education: Any degree obtained beyond high 
school level. 

Race by sex by employment status. 
Poverty status in 1989 by race. 
Race of householder by vehicles available. 
Plumbing facilities. 
Unemployment rates. 
Persons employed in mining, service, occupation, 
manufacturing, retail, wholesale, construction, 
agservices, and transportation industries. 

 

United States Census Bureau: 
1990 Census 

United States Bureau of 
Economic Analysis: 1988 -1992 
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from three different sources: U.S. Census Bureau, U.S. Bureau of Economic Analysis, and 
National Atlas of the United States of America.  The county-based socioeconomic data was 
spatially aggregated at the Health Service Area level so that it can be linked with the cancer 
mortality dataset.  A Health Service Area (HSA) is a geographic area comprising of one or more 
contiguous counties delineated for the purposes of health planning and treatment.  In all there 
were a total of 805 HSAs encompassing 3,141 counties in the United States of America.  The 
following sections give a brief overview of the data variables and their spatial resolution.  

The cancer mortality dataset used in this study was extracted from Pickle et al. (1996).  
The dataset included gender and race specific mortality rates for the 4 most common types of 
cancer - colorectal cancer, lung cancer, breast cancer for women, and prostate cancer for men 
aggregated over the years 1988 – 1992 at the HSA level and age-adjusted based on the US 
standard million population from the 1940 census population count.  The mortality data was 
classified according to the International Classification of Diseases (ICD) 9 classification scheme.   

The socioeconomic data used in this study comprised five categories:  family 
composition, education, housing, economic conditions, and occupation.  A complete list of the 
variables used in this study is summarized in table 1.  These variables were chosen based on their 
ability to describe the living conditions of the general population and in part on having been used 
in area-based statistical studies involving the use of socioeconomic characteristics to describe 
public health (Devesa et al. 1999, Singh and Siahpush 2002, Turrel and Mathers 2001).  Direct 
income measures were not used in the current study because the Census Bureau provides median 
income values of a county and these values cannot be aggregated to the HSA level, and per 
capita income tends to be a biased measure because of the unequal distribution of wealth among 
the population.  As such measures of the availability of household plumbing facilities and 
households with no cars were used as surrogate measures of income and poverty levels. 

4. Methodology 
Firstly, all the datasets had to be converted to a common spatial unit, which in this study was a 
Health Service Area.  This was because the cancer mortality dataset was made available at the 
HSA level, whereas the socioeconomic variables provided by the US Census Bureau and the 
Bureau of Economic Analysis were at a county level.  The aggregation process involved loading 
a shapefile containing HSAs into a GIS along with a county shapefile.  Using the geoprocessing 
wizard of ESRI® ArcGIS 8.3 a database was created that contained a list of all HSAs and their 
associated counties.  This list was used to aggregate the county based socioeconomic variables to 
the HSA level.  In all 3,141 counties were aggregated into 805 HSAs. The socioeconomic 
variables were then normalized based on aggregated values obtained at the HSA level.     
 For association rule mining the Classification Based Association (CBA ver2.0) software 
developed by Liu et al. (1999) was used. Since association rule mining requires categorical input 
data, each variable in the dataset was independently discretized in to 5 quintile groups with each 
group containing about 20% of the records in the dataset.  The five groups were labeled low, 
medium-low, medium, medium-high, and high respectively.  As the association rules are 
independent of the number of variables contained in the dataset no attempt was made to reduce  



 6

 

Figure 2. Spatial distribution of lung cancer mortality rate among (a) white males (b) white females (c) black 
females, and (d) areas with low rate of lung cancer mortality among black females and low percentage of households 
with male householder with no spouse and having no children under 18 years. 
 
the number of variables included in the study.  A minimum support value of 10 generated large 
number of association rules either among the socioeconomic variable themselves or among the 
cancer mortality rates.  Since the intent of the study was to find associations between the 
socioeconomic variables and cancer mortalities the support value was iteratively changed 
(decreased) until a suitable number of rules consisting of such associations were generated.  
After several iterations, the minimum support level was set at 7% and a minimum confidence 
level of 40%, in other words the probability that a particular rule occurs in the dataset was set to 
≥ 0.07 and the minimum probability that a rule occurs given its antecedent was set to ≥ 0.4.  
While the probability values may seem low, consider the following fact: two variables are 
independently discretized in to 5 classes with each class containing (roughly) 161 of a total of 
805 records in the dataset.  The probability that a class occurs in the dataset is 0.2.  Since each 
variable can take one of the 5 class values, the two variables could possibly have 25 different 
combinations (5C5) in the dataset.  The least probable scenario in which only 1 record contains a 
probable combination could occur with a probability of 0.0012 while at the other extreme a 
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particular combination may occur at most 161 times with a probability of 0.2.  An association 
with a low probable value might not be interesting while an association with a high probable 
value might not occur in the dataset.  Since the concept of a minimum support value is to 
eliminate only those rules with a probability less than the specified value from being outputted, 
the minimum value in this study was set to 0.07, i.e. all associations with a probability of 0.07 or 
greater are displayed. 

5. Results and Discussion 
The following section describes three different categories of association analysis.  The first part 
describes the associations with the highest support and confidence levels, the second part 
describes the associations that are interesting although their support levels are not as high as the 
rules described in the first part, and the third part describes rules that have relatively low support 
values compared to the first two parts but are interesting.  A high support level of 7% i.e., an 
occurrence in a minimum of 56 of 805 HSAs and a minimum confidence level of 40% were 
specified to generate rules that describe the general trend of cancer mortality in the United States.  
In all 211,499 such rules were generated based on the above specified criteria. 

Table 2 lists the top three association rules having the highest support values.  
Association rule 2a through 2c correlate density of households with black male householder 
living without the presence of spouse and with no own children under the age of eighteen years 
with breast cancer among black females, colorectal cancer among black females, and lung cancer 
among black females.  These rules also exhibit high positive correlation as indicated by their 
respective lift values (greater than 2).  Even though the above rules indicate high degree of 
interestingness as dictated by their respective measures they are neither novel nor provide any 
useful information.  The strongest rules generated are most likely dominated by the most 
commonly occurring cases such as HSA’s with average or low mortality rates.  Figures 2a and 
2b show the distribution of lung cancer mortality among white males and females respectively.      
Among white males HSAs that have the highest lung cancer mortality are Madison, MO 
(119.29), Scott, TN (115.03), Pike, KY – Logan, WV (100.69), Johnson, AR (100.51), Decatur, 
GA – Seminole, GA (96.43).  Among white females highest rates of lung cancer mortality are 
relatively lower compared to white males and the areas that have the highest rates are 
Northampton, VA – Accomack, VA (49.36), Pike, KY – Logan, WV (44.82), Kent, MD (43.93), 
Coos, OR – Del Norte, CA (43.13), Floyd, KY – Johnson, KY (40.21).  Figure 2c shows the 
distribution of high lung cancer mortality rate among black females while figure 2d shows a map 
of the association rule 2c.  For cancer mortality studies, rules associated with high mortality 
rates, while less frequent, are more useful. The second set of rules selected for discussion here is  
 

Table 2. Top three association rules based on the support value. 
 Association Rule Support%, Confidence%, lift 

(number of HSAs in the rule) 
a Percent of households with black male householder with no spouse and with 

no own children below 18 years (low)  breast cancer mortality among 
black females (low) 

27.95%, 89.29%, 2.49 (225) 

b Percent of households with black male householder with no spouse and with 
no own children below 18 years (low)  colorectal cancer mortality among 
black females (low) 

27.70%, 88.49%, 2.39 (223) 

c Percent of households with black male householder with no spouse and with 
no own children below 18 years (low)  lung cancer mortality among black 
females (low) 

27.20%, 86.90%, 2.48 (219) 
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based on rules associated with high mortality rates, and in this case lung cancer mortality among 
white males and females, though their support levels are not as high as the first set (Table 2). 

From table 3, association rule 3a describes areas with high percentage of 3 person 
households as areas that have a high rate of lung cancer mortality among white men.  This rule 
has a support of 11.06% and confidence of 55.28% i.e., of 161 HSAs that have a high density of 
3 person households 89 areas have had a high rate of lung cancer mortality among men.  Based 
on the lift value (2.76) the predicates of this rule can be said to exhibit a strong positive 
correlation.  Association rules 3b and 3c describe HSAs that have a high density of whites below 
poverty and HSAs that have a high density of whites who had low education attainment 
respectively as areas where the lung cancer mortality rate among white males is high.  
Association rule 3d describes the lung cancer mortality rate among white females based on the 
marital status.  Health Service Areas with a higher percentage of female divorcees tend to have a 
high rate of lung cancer mortality among white females.  Figure 3 a-b map the association rules 
3b and 3d described above.   
 

Table 3: Association rules generated using high minimum support level (7%) and high minimum confidence level 
(40%). 

 Association Rule Support%, Confidence% 
(number of HSAs in the rule) 

a Areas with 3 person household density is high  lung cancer among white 
males is high 

11.06%, 55.28%, 2.76 (89) 

b Areas with high density of whites below poverty  lung cancer among white 
males is high 

8.70%, 43.48%, 2.17 (70) 

c Areas with high density of low education among whites  lung cancer among 
white males is high 

9.07%, 45.34%, 2.26 (73) 

d Areas with high density of female divorcees  lung cancer among white 
females is high 

8.44%, 42.24%, 2.11 (68) 

 
The association rules generated using a high support and confidence values describe the 

socioeconomic characteristics of cancer mortality of the majority of the health service areas.  
Alternately, it might be probable that a particular socioeconomic characteristic might occur 
infrequently in the dataset but when this occurs the probability that it is associated with cancer 
mortality is high.  In order to extract such rules one has to consider low minimum support value 
and a high minimum confidence value, which becomes the third set of rules selected for 
discussion below.   

In all, 4,979 association rules were extracted using a support value of 0.5% and a 
minimum confidence value of 50% and examples of these rules are listed in table 4.  Association 
rule 4a and 4b correlate areas that have high proportion of whites with low education, and areas 
with high density of workers in transportation and low density of workers in services industry 
respectively, with areas of high rate of lung cancer mortality among white men.  Rule 4c 
specifies that areas with low density of whites having higher education and high unemployment 
rates for white males have a tendency to have high rates of lung cancer mortality among white 
men.  Association rules 4d and 4f correlate low educational standards and white households with 
no vehicles, and households with no plumbing and white households with no vehicles with high 
rate of lung cancer mortality among white males.  The last rule 4g associates areas with low 
density of whites with higher education and density of people born in the south but living in a  
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Figure 3. Spatial distribution of (a) high lung cancer mortality rate among white men and percentage of whites living 
below poverty level, (b) high lung cancer mortality rate among white females and percentage of female divorcees, 
(c) high rate of lung cancer mortality among white men and areas with high proportion of whites with low education 
and low proportion of employment in services industry, and (d) high rate of lung cancer mortality among white men 
and low density of whites with high education attainment and high rate of white male unemployment. 
 
different region in US as areas that have a high  rate of lung cancer mortality among white men.  
Figure 3 c-d map the association rules 4 b-c respectively obtained from using a low support and 
high confidence values. 

The results presented previously are area based measures of socioeconomic 
characteristics.  As such these should be interpreted accordingly.  While an association rule 
stating that areas with high unemployment among white males are also the areas that are more 
likely to contain high rate of lung cancer mortality among white males, it certainly does not 
imply that lung cancer affects white men with no jobs.  It only states that there is a higher 
probability that in an area of high unemployment rate one could find a high rate of mortality due 
to lung cancer among white men.  This could be either because the areas lack adequate health 
facilities, screening centers, or the population in these areas is exposed to more polluted 
environment than others.  Since lung cancer is highly associated with tobacco consumption it 
could also be that white men in these areas tend to smoke more.  Persons who are separated from 
their family often times lead a stressful life (Singh et al. 2002b).  So, areas with high percentage  
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Table 4: Association rules generated using a low minimum support value (0.5%) and high minimum confidence 
value (50%). 

 Association Rule Support%, Confidence% 
(number of HSAs in the rule) 

a Density of whites with low education is high AND percentage of workers 
employed in transportation industry is high  lung cancer among white males 
is high 

2.23%, 64.29%, 3.21 (18) 

b Density of whites with low education is high AND percentage of workers 
employed in services industry is low  lung cancer among white males is high 

5.093%, 53.95%, 2.69 (41) 

c Density of whites with higher education is low AND unemployment rate among 
white males is high  lung cancer among white males is high 

4.22%, 52.31%, 2.61 (34) 

d Density of whites with low education is high AND number of white households 
with no vehicles is high  lung cancer mortality among white males is high. 

4.96%, 51.95%, 2.59 (40) 

e Percentage of workers employed in construction industry is medium-high AND 
number of houses with no plumbing facilities is medium-high  lung cancer 
among white males is high  

1.61%, 50.00%, 2.5 (13) 

f Density of households with no plumbing is high AND number of white 
households with no vehicles is high  lung cancer mortality among white 
males is high 

3.97%, 52.46%, 2.62 (32) 

g Density of whites with higher education is low AND density of people born in 
the south is high  lung cancer mortality among white males is high. 

2.48%, 60.61%, 3.03 (20) 

 
of female divorcees would indicate a breakdown in the family structure and these areas tend to 
have high number of persons leading a stressful life.  Gee and Payne-Sturges (2004) suggest that 
increased levels of stress might imbalance the functioning of body systems thereby leading to 
chronic illness.  Low educational attainment would indicate lower levels of income and 
employment in blue collared jobs while households with no plumbing and no cars would indicate 
poverty.  In general areas with high rates of cancer mortality were associated with low 
educational attainment, high rates of unemployment, higher percentage of the population 
employed in construction, mining, transportation, and agricultural industries.  These areas tend to 
have high density of households with no plumbing and no vehicles. 
 Knowledge discovery using association analysis is an iterative procedure at times 
requiring expert domain knowledge.   Since the intent of the analysis is to extract implicit 
patterns from among the variables in the dataset, different combinations of support and 
confidence values have to be tested.  As had been previously mentioned, sometimes association 
rules might have strong measures of support, confidence, and lift values but still not provide any 
useful information.  Some basic domain knowledge regarding the dataset might help overcome 
this limitation.  With the exception of correlation as measured by lift, the main drawback of 
association analysis is that it does not provide a measure of statistical significance,  for the rules.  
On the other hand the same argument can be used in favor of association analysis, in that it 
makes no assumption of the data being independent and identically distributed as required by 
statistics.  Since the process of association rule mining is data driven in which a pattern is 
induced based on the available data while making no assumption about the extracted pattern, this  
makes it an exploratory approach.  The patterns extracted using association rule mining could be 
used to generate a hypothesis that could then be tested using statistical techniques.   

6 Future work 
One of the critical issues in association rule mining is that it requires categorical data as its input.  
Since the discrete class combinations depend on the method of discretizing continuous variables 
and on the number of classes chosen to represent the data, it would be interesting to study the 
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effects of these class interval selections on the results of association rule mining.  Also, it is 
generally accepted that cancer mortality varies significantly with environmental conditions 
(Brody 2003). As such a future study would incorporate environmental data in addition to 
socioeconomic data to study the distribution of cancer mortality across the United States. Finally, 
using more detailed level data (e.g., county-level data at the national level) will also help, as 
more variables can be included (e.g. median income, whether the county is urban or rural) to 
better reveal the associations. 
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