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The average life expectancy varies greatly from county to
county in USA and there are also spatial variations in the county
mortality rates for cardiovascular disease (CVD) and cancer, the
top two causes of death. An association between these two groups
of diseases has not been identified by cluster analysis previously.
The main objective in this study was to investigate and quantify
the associations between mortality due to CVD, cancer mortality
and life expectancy based on US county data between 1980 and
2014. Regression analysis was used to adjust life expectancy for
the mortality due to CVD and that due to cancer. In addition to the
spatial life expectancy trends, we also studied existing trends over
time with the software JOINPOINT to see how life expectancy is
influenced by changes in mortality due to CVD and cancer mortality. The study setting was the 48 contiguous US states, while
participants were 3,100 counties and their populations of all ages
during the period 1980-2014. The main outcomes are spatial clusters of unusually low or high levels of life expectancy in addition
to identifying which county level life expectancy locations were

significantly associated with mortality due to CVD and/or cancer.
Life expectancy has been improving steadily from 1980 to 2014,
but the rate of increase per year (indicated by variation of the trend
slope) changed significantly at five joinpoints, the latest of which
occurred in 2010 when the slope changed from 0.29 (1980-1982)
to 0.03 (2010-2014). Our results reveal that there are significant,
purely spatial clusters in some geographical areas where life
expectancy rates are significantly higher (or lower) than in the rest
of the contiguous US. It is also shown that there is a significant
association between the life expectancy level and the corresponding CVD mortality, and there is also a significant association
between life expectancy level and the corresponding overall cancer mortality. The general trends (regression slopes) over time for
the USA in life expectancy mortality, CVD mortality and cancer
mortality have changed significantly after 2009-2010.
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Significant inequalities with respect to cardiovascular disease
(CVD) exist between the counties in USA (Dwyer-Lindgren et al.,
2016, 2017), and there is an association between income and life
expectancy (Tarkiainen et al., 2012; Chetty et al., 2016). A significant association has been found between concentration of fine
particulate matter and life expectancy (Pope et al., 2009, Wang et
al., 2014). It has also been shown that inequality in income is
associated with mortality in the USA (Kaplan et al., 1996), and
that life expectancy is associated with the level of education
attained (Meara et al., 2008). Race also plays a role in life
expectancy (Deaton and Lubotsky, 2003; Olshansky et al., 2012).
Therefore, life expectancy depends on several factors and it might
even be difficult to find factors that do not have such effects.
However, a national population-based study of the counties in
USA on life expectancy and mortality due to heart disease, stroke,
chronic obstructive pulmonary disease and various cancers concluded that living at high altitudes is one of the few variables without impact (Ezzati et al., 2012).
This project focuses on the two main causes of death in USA,
i.e. CVD and cancer. The Institute for Health Metrics and
Evaluation (IHME), an independent research institute at the
University of Washington working in the area of global health
statistics and impact evaluation, publishes numerous publications
about life expectancy and mortality (Dwyer-Lindgren et al., 2016,
2017; Mokdad et al., 2017). However, there are no published cluster analyses on the interrelationship between life expectancy and
the mortality rates due to cancer and CVD. We were interested in
identifying significant statistical associations, including purely
spatial clusters, based on life expectancy and mortality due to
these two disease groups based on county-level data for the 48
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Life expectancy data, mortality data for cancer and age-adjusted CVD mortality data were obtained from the IHME, which used
a small area estimation methodology to calculate the estimated
mortality data for the years 1980-2014. It is the most comprehensive dataset available for mortality in the USA, and we therefore
used the data for this whole period.
Since one of our goals was to find existing associations
between life expectancy and mortality due to CVD and cancer in
the counties, linear regression was used to adjust the life expectancy data for CVD mortality and cancer mortality. The latter included 29 different types of cancer, such as cancer of the brain and nervous system, thyroid, larynx, nasopharynx, other pharynx, trachea,
bronchus and lung, lip and oral cavity, oesophagus, stomach, liver,
gallbladder and biliary tract, pancreas, colon and rectum, kidney,
bladder, skin (except melanoma), breast, ovary, cervix uterus,
prostate, testis as well as Hodgkin and non-Hodgkin lymphoma,
leukaemia, malignant skin melanoma, mesothelioma, multiple
myeloma, other neoplasms.
We were also interested in the trends of life expectancy, mortality and incidence of disease. To that end we downloaded from
the National Cancer Institute the software JOINPOINT (Kim et al.,
2000). JOINPOINT uses a nonparametric permutation based test
for each time point to test the hypothesis that the slope has not
changed versus that there exists a true change in the slope for the
linear model. If the test indicates a change in the slope, then we
have identified a joinpoint at a given time point at which the slope
changes and at which a model then can obtain some other fit that
is better than the one that was used until the joinpoint. Sometimes,
there is no joinpoint identified. The permutation method randomly
permutes the straight-line regression model based residuals, meaning that we shuffle around the distances between the regression
line and each observation to calculate the test statistic. The
sequence of permutation tests is used to ensure that the approximate probability of overall Type I error is less than the specified
significance level. The overall Type I error is the probability of
incorrectly concluding that the underlying regression model has at
least one joinpoint when the true underlying model has no joinpoints. The test statistic measures the observed evidence that the
data provides against the null hypothesis, and we obtain p-values
on each tested time point. If the tests are significant, then there
exists at least one joinpoint at which the true slope has changed.
The number of joinpoints can range from none to several within a
single regression.
Several permutation tests are performed to test for any significant changes in the trend slope(s) over time. The P-values for these
tests are found with a Monte Carlo method (Kim et al., 2000), and
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Materials and Methods

the significance levels stay correct through a Bonferroni correction
(Kim et al., 2000).
Turning to cluster analysis, the disease surveillance software
SaTScan TM (Kulldorff, 1997; Kulldorff and Information
Management Services Inc., 2009) was used to identify purely, spatial clusters using a weighted normal model (Kulldorff et al.,
2009). We tested the null hypothesis that the age-adjusted rates of
life expectancy, mortality due to CVD and cancer mortality are the
same for all counties in contiguous USA. The spatial scan statistic
in SaTScanTM identifies clusters by imposing a scan window that
moves over a map including different sets of neighbouring counties represented by their corresponding geographic centroids. The
purely spatial scan statistic places a circular window on the map,
where the window is centered on each of several possible grid
points positioned throughout the study region. The radius of the
window for each grid point varies continuously in size, where the
circular windows are flexible both in location and size. This scan
method creates an infinite number of distinct geographical circles
with different sets of neighbouring data locations within them.
Each circle is a possible candidate cluster. The test is done by gradually scanning a window across time and/or space, noting the number of observed and expected observations inside the window at
each location. If the window includes the centroid of a specific
county, then this county will be accepted as included in the window. The centre of the window is positioned only at the county
centroids. For each window, the spatial scan statistic tests the null
hypothesis of equal rates against the alternative hypothesis that one
or several of the parameters (here life expectancy, mortality due to
CVD and cancer mortality) have different values within the scan
window compared to areas outside the window.
Regression analysis was used to adjust mortality rates for CVD
and for cancer. Since the mortality rates are continuous, we predicted these rates with a linear regression model from the covariates (or risk factors) CVD and cancer, and we used the resulting
residuals as the adjusted mortality rates. These residuals were normalized and then analysed with SaTScan for a purely spatial cluster analysis. Changes between age adjusted mortality rates and age
plus covariate adjusted mortality rates could then be identified in
the cluster maps.

al

contiguous states in USA. The specific main research questions in
this study were the following: i) are there geographical areas where
life expectancy rates are significantly higher (or lower) than in the
rest of the contiguous USA? Are there significant purely spatial
clusters? ii) is there an association between the level of life
expectancy and that of CVD mortality? Can this be identified spatially? iii) is there an association between the level of life expectancy and that of overall cancer mortality? Can this be identified spatially? iv) have the trends (regression slopes) with respect to life
expectancy, CVD mortality and cancer mortality significantly
changed over the period 1980-2014?
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Results

Figures 1-3 show the different joinpoints for the three entries
studied over the study period (1980-2014). Figure 1 shows 5 significant joinpoints identified by the JOINPOINT algorithm for life
expectancy (both genders). However, the regression slope experiences only minor changes of direction, except at the last joinpoint
in 2010 when the slope changes from a general upward trajectory
with a slope of 0.29 for 1980-1982 to 0.03 for the remaining study
years (2010-2014). This means that life expectancy used to
increase each year by around 0.29 for the years up to 1982, and
then dropped to an increase of only 0.03 years for the remaining
part of the study years (2010-2014).
Figure 2 shows the regression slope with 4 joinpoints for CVD
mortality, which seems to be decreasing steadily from 1980-2009,
but then changes abruptly from a slope value of -9.61 to one of 0.92 for 2009-2014. With respect to cancer (Figure 3), there seems
to have been a slight increase in mortality until 1995 (first joinpoint) after which mortality decreases strongly until the last joinpoint in 2010 where the slope changes from -2.80 to 0.52. In each
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Figure 1. JOINPOINT analysis of life expectancy in the contiguous United States 1980-2014.

Figure 2. JOINPOINT analysis of cardiovascular disease mortality in the contiguous United States per 100,000 population over the period 1980-2014.
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associated with cancer mortality. Counties depicted in yellow
emerged as low-level life expectancy clusters only after adjustment had been done for cancer mortality. The dark green counties
are those with high life expectance before we adjusted for cancer.
The blue cluster shown in Figure 4 is now shown as dark green
after we adjusted for cancer rates. The light green clusters seen in
Figure 5 are counties with high life expectancy only after we had
adjusted it for cancer rates. They were not inside any cluster until
we adjusted life expectancy for cancer. Counties characterized as
having a high life expectancy, but which turned into counties with
a low life expectancy after cancer mortality had been taken into
account. The counties in pink are those in which the low life
expectancy was found to be associated with high cancer mortality.
Figure 6 shows life expectancy clusters after adjusting for CVD
mortality. The colours were assigned in the same way as used for
Figure 5. The counties in pink here are those found to have a low
life expectancy associated with high rates of CVD mortality. This
is an effective method for clarifying the covariate adjustment effect
on life expectancy on the same cluster maps.

Discussion and Conclusions
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As identification of significant changes in mortality of a specific disease is an important issue, we paid particular attention to
such changes. The negative correlation coefficient (r) between life
expectancy and cancer mortality in the US has been strengthening
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of these three joinpoint graphs the slope changes to a value close
to zero in the very short period 2009-2010.
The heat map in Figure 4 gives each county colour shades
according to the level of life expectancy, where higher values are
represented by darker shades of blue (mainly in the Northwest) and
lower values by darker shades of red (mainly in the Southeast).
The circular shaped shaded areas on this map identified significant
clusters of high levels of life expectancy (blue), mainly in the
West, and clusters of low such levels (red) in the Southeast. While
the red cluster in the Southeast includes counties with average life
expectancy ranging from 64-73 years, the blue clusters in some
parts of the USA include counties with average life expectancy
ranging from 73-83 years The large blue cluster in the West represents a mean life expectancy that is 0.63 standard errors greater
than what was found in the rest of the contiguous USA, while the
red cluster in the SE of the US has a mean life expectancy that is
1.21 standard errors lower than what is found in the rest of the contiguous US. These are the only two very large-size, significant
clusters for life expectancy. There exist also very small clusters
that are based on very few counties.
In order to capture any significant associations with cancer
mortality on the life expectancy map, Figure 5 shows the identification of clusters of life expectancy after adjusting these rates for
the overall cancer mortality rates. Orange refers to counties in
which a low life expectancy is not associated with cancer mortality. Other factors may be affecting life expectancy there. Similarly,
blue stands for those counties in which high life expectancy is not

Figure 3. JOINPOINT analysis of cancer mortality (sum of all deaths due to the 29 cancers investigated) per 100,000 per population
over the period 1980-2014.
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Figure 4. Map of purely spatial clusters of life expectancy over the period 1980-2014.

Figure 5. Map of purely spatial clusters of life expectancy adjusted for cancer mortality over the period 1980-2014.
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Figure 6. Map of purely spatial clusters of life expectancy adjusted for cardiovascular disease mortality over the period 1980-2014.
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over time from r=-0.75 in 1980 to r=-0.87 in 2014, with the correlation between life expectancy and CVD mortality changing from
-0.78 in 1980 to r=-0.87 in 2014. While the US averages may show
a certain level of worsening over the past 35 years, the spatial cluster maps make it clear where in the USA these two causes of death
are significantly associated with life expectancy being very high or
very low. Our research questions have been addressed and we can
conclude that: i) there are significant, purely spatial clusters in
some geographical areas where life expectancy rates are significantly higher (or lower) than in the rest of the contiguous US; ii)
there is a significant association between the life expectancy level
and the corresponding CVD mortality, and there is also a significant association between the life expectancy level and the corresponding overall cancer mortality; iii) the trends (regression
slopes) over time for the USA in life expectancy mortality, CVD
mortality, and cancer mortality have significantly changed after
2009-2010.
This surveillance study is providing useful information on the
mortality due to CVD and on the overall cancer mortality on 29
cancer types for the years 1980-2014, in addition to identifying the
associations between life expectancy, CVD mortality and cancer
mortality. By 2009-2010, the life expectancy appears to be declining, and the mortality rates for all cancers and CVD increased.
[page 144]
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