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A B S T R A C T

Purpose: A recent study using national data from 2000 to 2009 identified colorectal cancer (CRC) mortality
“hotspots” in 11 counties of North Carolina (NC). In this study, we used more recent, state-specific data to
investigate the county-level determinants of geographic variation in NC through a geospatial analytic approach.
Method: Using NC CRC mortality data from 2003 to 2013, we first conducted clustering analysis to confirm
spatial dependence. Spatial economic models were then used to incorporate spatial structure to estimate the
association between determinants and CRC mortality. We included county-level data on socio-demographic
characteristics, access and quality of healthcare, behavioral risk factors (CRC screening, obesity, and cigarette
smoking), and urbanicity. Due to correlation among screening, obesity and quality of healthcare, we combined
these factors to form a cumulative risk group variable in the analysis.
Results: We confirmed the existence of spatial dependence and identified clusters of elevated CRC mortality rates
in NC counties. Using a spatial lag model, we found significant interaction effect between CRC risk groups and
socioeconomic deprivation. Higher CRC mortality rates were also associated with rural counties with large towns
compared to urban counties.
Conclusion: Our findings depicted a spatial diffusion process of CRC mortality rates across NC counties, de-
monstrated intertwined effects between SES deprivation and behavioral risks in shaping CRC mortality at area-
level, and identified counties with high CRC mortality that were also deprived in multiple factors. These results
suggest interventions to reduce geographic variation in CRC mortality should develop multifaceted strategies
and work through shared resources in neighboring areas.

1. Introduction

Colorectal cancer (CRC) is the third leading cause of cancer death in
the United States and is expected to result in more than 50,000 deaths
in 2018 [1]. The CRC mortality rate has declined dramatically, by 48%
from 1970 to 2011, with northeastern states showing greater decreases
than southern states [2]. The highest rates of CRC mortality have also
shifted from northeastern states to the southern states [2,3]. A recent
study further showed clusters (or hotspots) of elevated CRC mortality
rates concentrated in areas of the Lower Mississippi Delta, west central
Appalachia, and eastern Virginia and North Carolina (NC) [2]. The
hotspot of the 11 northeastern counties of NC are in geographic areas
that have continually suffered from the highest CRC mortality in recent
decades [4]. To understand the driving forces of the excessive mortality
rates and to inform tailored interventions for reducing mortality rates in
these areas of NC, we sought to identify county-level determinants that

contribute to the geographic variation of CRC mortality rates in NC.
Previous studies have identified several important factors related to

CRC mortality. Socioeconomic disparities and area-level socioeconomic
disadvantage have been found to associate with CRC mortality [5–8].
Better access to primary care and living in urban areas have also been
shown to be associated with lower CRC mortality [7–10]. Some beha-
vioral risk factors such as CRC screening, cigarette smoking, and
overweight have also been demonstrated to be important predictors of
CRC mortality [11–18].

The findings from these existing studies shed some light on de-
terminants related to CRC mortality, but they may not appropriately
explain the geographic variations because the studies did not take into
consideration the underlying spatial structure. Examining determinants
of geographic variation for CRC mortality is complicated by the ex-
istence of hotspots of CRC mortality, as it indicates the rates do not
distribute randomly across space. Analysis ignoring such spatial
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dependence often produce inaccurate results and invalid inference
[8,19–21]. In this study, we aimed to address spatial autocorrelation
using spatial econometric models to obtain unbiased estimates for the
association between CRC mortality and likely county-level determi-
nants within NC.

2. Methods

2.1. Data sources and measures

County-level CRC mortality rates in NC were created using the
Compressed Mortality File (CMF) from Centers for Disease Control and
Prevention (http://wonder.cdc.gov/wonder/help/cmf.html). Because
CRC is most prevalent in older populations and the age to initiate
screening is 50 [22], we focused on CRC mortality for such older po-
pulations. Due to the available age categories in the CMF (1–4…,
35–44, 45–54, … etc.), we identified people age 45 years and older with
deaths due to CRC in 2003–2013. International Classification of Dis-
eases, Tenth Revision codes C18.x, C19, C20, and C26.0 were used to
identify CRC deaths. The mortality rates per 100,000 population were
age adjusted to the U.S. year 2000 population for each county.

We used the World Health Organization’s social determinants of
health model [23] to guide our selection of determinants in the ana-
lysis. According to the framework, socioeconomic position is the
structural determinant that shapes health outcome through healthcare
infrastructure and intermediary determinants of health (such as mate-
rial circumstance, behavioral and biological factors, and psychological
factors). In this study, we focused on the following behavioral risk
variables as the intermediary determinants: CRC screening, adult obe-
sity rate, and adult smoking rate. Table 1 lists the source and year for
county-level variables included in the analysis. All independent vari-
ables, except a CRC screening measure, were either from the Area
Health Resource File or Robert Wood Johnson Foundation’s
County Health Rankings & Roadmaps (CHRR, http://www.
countyhealthrankings.org/rankings/data/NC). Data from the CHRR
were “adjusted” Z-scores (http://www.countyhealthrankings.org/
ranking-methods/calculating-scores-and-ranks), in which lower scores

indicate healthier or more advantage whereas higher scores indicate
less healthy or more disadvantage.

Two variables were used to capture healthcare access and quality.
Health Professional Shortage Area (HPSA) data for primary care was
used to reflect geographic areas where there are inadequate supplies of
primary care health professionals [24]. Hospitalization rates due to
ambulatory care sensitive conditions (ACSCs) was used as a proxy for
access to adequate and effective care and to reflect quality of care
[25–28].

In addition, we used estimates that combined data from two surveys
(see Table 1) to measure the percentage of people age 50+ who ever
had CRC screening at the county level [29]. We subtracted the value
from 100 to reflect the percent who “never had a CRC screening,” so the
value is consistent with the coding of all variables from CHRR. We also
included risk factors of adults who had body mass index greater than
30 kg/m2 (i.e., obesity) and adults who smoked cigarettes.

The variables of ACSC admission, never had CRC screening, and
obesity are correlated with each other (Pearson correlation coefficients
ranged from 0.38 to 0.46), making it difficult to estimate their in-
dependent effects. Following the approach for creating community
health indicators from multiple factors [30,31], we created a cumula-
tive effect from the three variables to represent the combined risk of
CRC mortality. Specifically, we summed the quintile scores created
from each of the three variables and categorized the summed score into
three risk groups (termed “risk group”, hereafter): low (score 0–4),
moderate (score 5–8) and high (score 9–12) risk group.

For socioeconomic characteristics, we chose to use a composite
measure, “social and economic factors” from the CHRR, instead of in-
cluding several individual variables, because these variables tend to be
conceptually similar and highly correlated. It should be noted that the
socioeconomic variable also included measures of family and social
support and community safety. These may represent the psychological
component of the WHO’s social determinants of health model [23]. For
convenience, we named this composite measure as socioeconomic
status (SES) deprivation. We also included the following control vari-
ables for area-level characteristics: racial and ethnic composition, and
population younger than 65 years of age without health insurance.

Table 1
Source and Year of Data for County-level Factors.

County-level variables Source and Year of Data

Hospital admission for ambulatory care sensitive
condition (Z score)

Hospitalization rate for ambulatory care sensitive conditions per 1000 Medicare beneficiaries in 2006-2007: developed
by Dartmouth Institute and available on the Robert Wood Johnson Foundation’s County Health Rankings & Roadmaps
web site (http://www.countyhealthrankings.org/rankings/data/NC).

% Never had CRCa endoscopy or did not have FOBTb in
the past 2 years

Behavioral Risk Factor Surveillance System (BRFSS) and National Health Interview Survey (NHIS) data in 2008-2010,
available on State Cancer Profiles web site (https://statecancerprofiles.cancer.gov/)

Obesity (Z score) Adults had BMI≥ 30 kg/m2, in 2008: developed by National Center for Chronic Disease Prevention and Health
Promotion and available on County Health Rankings & Roadmaps web site (http://www.countyhealthrankings.org/
rankings/data/NC).

Cigarette smoking (Z score) Adults who smoked at least 100 cigarettes in lifetime and were currently smokers, in 2003-2009: developed by BRFSS
and available on County Health Rankings & Roadmaps web site (http://www.countyhealthrankings.org/rankings/
data/NC).

Socio-economic status deprivation (Z-score) Composite measure of socioeconomic factors from county health ranking data (http://www.countyhealthrankings.
org/), including: education (North Carolina state data in 2008-2009, and American Community Survey in 2005-2009),
employment (Bureau of Labor Statistics in 2009), income (Census Small Are Income and Poverty Estimates in 2008),
family and social support (BRFSS and American Community Survey in 2005-2009), and community safety (National
Center of Health Statistics in 2001-2007).

% non-Hispanic black Area Health Resource File, in 2008.
% Hispanic Area Health Resource File, in 2008.
% Native American Area Health Resource File, in 2008.
% Asian Area Health Resource File, in 2008.
% Population age < 65 without health insurance Small Area Health Insurance of the Census in 2008.
Health professional shortage area (partial or whole)

indicator
Health professional shortage area for primary care in 2010: from Area Health Resource File. Variable is dichotomized
so counties are either “not designated as HPSA” or “the whole or part of the county was designated as a HPSA.”

Urbanicity Rural-urban continuum in 2003, Area Health Resource File.

a CRC: colorectal cancer.
b FOBT: fecal occult blood test.
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These variables had skewed distributions, so we created dichotomous
measures using the median as the cutoff point for each of these vari-
ables. Finally, we included urbanicity and classified it into three groups:
urban counties (counties in metro areas), large town counties (non-
metropolitan counties with urban population 20,000 or more), and
small town/rural counties (the rest of non-metropolitan and rural
areas). This grouping allowed us to separate the counties not in me-
tropolitan areas (N= 60) into two groups; single rural group [7] would
have resulted in over 90% of the rural counties being located in an
HPSA.

2.2. Analytic approach

Using ArcMap (Esri, Redlands, CA, USA), we first examined global
spatial autocorrelation in CRC mortality rates across NC counties. We
used local indicators of spatial association (LISA) to identify hotspots
[32]. The LISA map produces 4 clusters: high mortality rate area sur-
rounded by other high mortality rate area (high-high clusters), high
rate area surrounded by low rate area (high-low clusters), low rate area
surrounded by low rate area (low-low clusters), and low rate area
surrounded by high rate area (low-high clusters).

To examine determinants of CRC mortality rates, we first ran an
ordinary least squares (OLS) model to obtained non-spatial estimates.
Using queen continuity weights to define the neighboring structure of
NC counties, we evaluated the spatial autocorrelation from Moran’s I
statistic for the OLS model residuals. A significant result from this test
suggests that independent variables in the OLS regression model cannot
completely explain the variation and spatial regression approach that
incorporates spatial dependence is needed in order to obtain unbiased
estimates and correct results.

To address spatial dependence, we examined two commonly used
spatial forms: spatial error and spatial lag models [21]. The spatial error
model assumes that spatial dependence is from the unmeasured in-
dependent variables and it only affects the error terms. Mathematically,
this model can be specified as follows. In Eq. 1, Y is the dependent
variable, X is the matrix of independent variables, β is the vector of
regression parameter. The spatial error model specifies the spatial

component on the error structure as in the Eq. 2. The ρ is the spatial
autoregressive parameter, W is the spatial weight matrix that describes
neighborhood connectivity, and v is an uncorrelated error term.

Y=Xβ + e (1)

e = ρWe+ v (2)

The spatial lag model, on the contrary, incorporates a diffusion
process across space in which the dependent variable is affected by
independent variables in the same area and the neighboring areas, and
at the same time is influenced by the dependent variable in the
neighboring areas. That is, the spatial lag model specifying the spatial
component on the dependent variable as shown in the Eq. 3, in which ρ
and W are as in the spatial error model, and e is the error term. WY is
the spatially lagged dependent variable, which is the averaged depen-
dent variable over the surrounded neighborhood.

Y= ρWY+Xβ + e (3)

To select the spatial form that described the underlying structure of
CRC mortality in NC, we compared the Lagrange Multiplier (LM) di-
agnostic tests for both forms. Following the suggestion from Anselin
and Rey [21] we selected the model that was more significant in these
test statistics as this suggests which form is more appropriate. In ad-
dition, we further checked if the selected spatial model sufficiently
addressed the spatial autocorrelation using the Anselin-Kelejian test
[33].

We explored the main effect model and the two-way interaction
effect models between variables of risk group, SES deprivation, racial/
ethnic composition, and urbanicity. Only the model with risk group and
SES deprivation interaction had significant interaction terms. The
model fit of this interaction effect model was also better than the main
effect model (AIC was reduced from 667 to 659). The Anselin-Kelejian
test was not significant in the interaction effect model (1.484,
p=0.223) but marginally significant in the main effect model (2.963,
p=0.085), suggesting that the interaction effect model sufficiently
addressed the spatial autocorrelation. Therefore, we reported the esti-
mates from this interaction model in the results section.

Table 2
Descriptive Statistics.

County-level variables Mean (sd) Range

Age adjusted CRCa mortality rate per 100,000 population 45.1 (7.8) 29.4, 75.8
% Never had CRCa endoscopy or did not have FOBTb in the past 2 years 38.2 (6.6) 18.1, 55.7
Hospital admission for ambulatory care sensitive condition (Z score) 0 (0.99) −2.1, 3.0
Obesity (Z score) 0 (1.0) −2.2, 2.6
Cigarettes smoking (Z score) 0 (0.9) −2.7, 2.9
Socio-economic status deprivation (Z-score) 0 (0.28) −0.7, 0.7
% non-Hispanic black 20.9 (16.4); 18.6 (median) 0.6, 60.9
% Hispanic 5.6 (3.9); 4.5 (median) 1.1, 21.4
% Native American 1.6 (4.8); 0.4 (median) 0.1, 37.9
% Asian 0.9 (0.9); 0.6 (median) 0.1, 5.8
% Population age < 65 without health insurance 19.0 (2.5); 18.5 (median) 13.6, 29.5

Health professional shortage area
Partial or whole county N=70 n/a
No shortage N=30 n/a

Urbanicity
Urban counties N=40 n/a
Large town counties N=19 n/a
Small town/rural counties N=41 n/a

Risk group from ACSCc admission. No CRCa screening and obesity
Group 1 (low risk) N=35 n/a
Group 2 (moderate risk) N=37 n/a
Group 3 (high risk) N=28 n/a

a CRC: colorectal cancer.
b FOBT: fecal occult blood test.
c Ambulatory care sensitive condition.
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All descriptive statistics were conducted using SAS (9.4, Cary, North
Carolina). The OLS and spatial regression models were performed using
GeoDaSpace software (https://geodacenter.github.io/GeoDaSpace/).

3. Results

The mean county-level age-adjusted CRC mortality rate was 45.1
per 100,000 population, ranging from 29.4 to 75.8 (Table 2). Spatial
distribution of CRC mortality rates showed higher rates in the north-
eastern areas of the state compared to the other counties (Fig. 1). Global
Moran’s I was highly significant for spatial autocorrelation (Moran’s
I= 0.2897, p < 0.001), indicating that neighboring counties have si-
milar values. In addition, the LISA map identified the location of high-
high clusters in the northeastern counties (Fig. 2).

Table 2 presents summary statistics for all variables included in the
analysis. The proportion of people within a county without CRC
screening ranged from 18.1% to 55.7%. The Z scores for ACSC admis-
sions, obesity, and cigarette smoking ranged from -2 to +3. The Z
scores for SES deprivation were between -0.7 and + 0.7 across coun-
ties. The median proportion for race and ethnicity was highest for non-
Hispanic black population (18.6%) and lowest for Native Americans
(0.4%). Overall, 19% of the population under 65 did not have health
insurance. Seventy counties were in an HPSA area for primary care
while 40 counties were urban and 41 were small town/rural areas.
There were 35 counties in the low CRC risk group and 28 counties in
the high risk group.

In the OLS regression model, the Moran’s I for residual revealed
significant spatial dependence (2.431, p < 0.05) confirmed the need

Fig. 1. Colorectal Cancer Mortality Rates: age-adjusted colorectal cancer mortality rates in 2003–2013 in North Carolina counties.

Fig. 2. Clusters of Colorectal Cancer Mortality Rates: local indicators of spatial association (LISA) map of age-adjusted colorectal cancer mortality in 2003–2013 in
North Carolina counties.
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for a spatial regression model. The LM test was significant for the
spatial lag model (5.651, p < 0.05) but only marginal for the spatial
error model (3.163, p=0.075), suggesting the lag model is more ap-
propriate than the error model. The spatial parameter of the lag model
was highly significant (0.651, p= 0.004), further confirming the di-
agnostic tests in the OLS model.

Table 3 presents the results from both the OLS model (non-spatial
estimates) and spatial lag model (spatial estimates). Overall, in general,
the estimates in the spatial lag model had smaller effects than those in
the OLS models. Because the spatial estimates are more accurate than
the non-spatial estimates due to the existence of spatial dependence, we
focused on the interpretation of the spatial estimates. Significant
(p < 0.05) results were found for SES deprivation, interaction terms
between SES deprivation and risk groups, and large town counties in
the spatial lag model.

To interpret the effects of spatial lag estimates, one needs to keep in
mind that the CRC mortality rate for a specific county is affected by the
independent variables in the same county (direct effect, estimated by
β), and by the independent variables in the neighboring counties and
their neighbors (indirect effects). The average total effect can be esti-
mated using formula β/(1-ρ) [34,35]. For example, on average, the
direct effect of large town counties was 4.116 CRC deaths more per
100,000 population compared to urban counties (Table 3). Given the
spatial dependence, the average total effect for a county being a large
town was associated with 11.79 more CRC deaths per 100,000 popu-
lation than that of urban counties.

The significant interaction effects between SES deprivation and risk
group make the interpretations for the main effects less meaningful, as
the effect of SES deprivation differed by risk group. To directly assess
and compare the SES deprivation effect by risk group, we computed the
slopes of the SES deprivation effect to estimate the average total effect
of SES deprivation for each risk group: 60.78, 0.76 and 1.32, for low,
moderate and high risk groups. This indicates that a one standard de-
viation increase in SES deprivation was associated with, on average, an
increase of 61 CRC deaths per 100,000 population for the low risk
group, and with a negligible effect in areas where behavioral risk was
moderate or high. To better demonstrate these differential effects, we

computed the model predicted CRC mortality rates and plotted the
prediction by risk group for selected SES deprivation Z scores. Fig. 3
shows that as SES deprivation increased the predicted CRC mortality
rates increased, with larger increases in low risk group than moderate
and high risk groups (with an increase of 11 people per 100,000 versus
3 and 6, respectively, from SES deprivation Z score -0.25 to 0.25). In
addition, the CRC mortality rates were smaller for low risk group as
compared to the other risk groups in less SES deprived areas (39.4 for
low risk group versus 45.5 and 42.7 for moderate and high risk groups
where SES is -0.25). Furthermore, the difference in rates between the
risk groups decreased as SES deprivation increased (compared to the
data where SES is -0.25, the rate is 50.5 for low risk group versus 48.7
and 49.0 for moderate and high risk groups where SES is 0.25).

4. Discussion

Using NC county-level mortality data from 2003 to 2013, we
identified clusters of counties with high CRC mortality in the north-
eastern area of the state. This finding is consistent with a recent analysis
using national data from 2000 to 2009 [2]. We also demonstrated that
estimates differed between an OLS model and a spatial lag model,
which underscores the importance of accounting for spatial process
when the data reveal spatial autocorrelation. This finding confirmed the
evidence found in previous studies [8,19–21]. Furthermore, our finding
suggests a spatial diffusion process for the CRC mortality rates across
NC counties; CRC mortality in one county influenced CRC mortality in
the neighboring counties. This process likely worked through shared
healthcare resources and informal interactions among individuals in the
neighboring areas.

Due to high correlation among ACSC admission, CRC screening, and
obesity, we combined these risk factors to represent the cumulative
effect of risks on CRC mortality and found the risk effect interacted with
SES deprivation in shaping the CRC mortality rates. As SES deprivation
increased, the overall CRC mortality rates increased. Furthermore, the
differential effect of risk groups on the CRC mortality decreased as SES
deprivation increased. When SES deprivation was severe, the mortality
rate was high, regardless of the level of risk. We further explored the

Table 3
Coefficients and Standard Errors (in Parentheses) from Ordinary Least Squares and Spatial Models.

Variable Ordinary least squares model Spatial lag model

Intercept 42. 812 (2.433) *** 13.751 (10.449)

Behavioral risk group
Moderate vs low 1. 941 (1.848) 1.225 (1.649)
High vs low 1.155 (2.105) −0.578 (1.954)

Socioeconomic status deprivation 21.783 (5.663)*** 21.213 (4.997)***

Interaction terms
Moderate risk * socioeconomic status deprivation −18.944 (7.125)** −21.479 (6.345)***

High risk * socioeconomic status deprivation −21.739 (7.368)** −20.753 (6.506)**

Cigarette Smoking −0.753 (0.708) −0.175 (0.657)
Health professional shortage area (yes vs no) 1.342 (1.474) 1.824 (1.311)
non-Hispanic black (above vs below median) 3.981 (1.561)* 1.850 (1.567)
Hispanic (above vs below median) −0.565 (1.446) −0.136 (1.284)
Native American (above vs below median) 0.379 (1.339) 1.523 (1.248)
Asian (above vs below median) 0.487 (1.551) 0.671 (1.369)
Population age < 65 without health insurance (above vs below median) −3.832 (1.446)** −2.513 (1.357)

Urbanicity
Large town vs urban 4.442 (1.863)* 4.116 (1.647)*

Small town/Rural vs urban 1.570 (1.669) 1.002 (1.485)
Spatial Parameter NA 0.651 (0.229) **

ACSC: ambulatory care sensitive conditions; CRC: colorectal cancer.
*** p < 0.001.
** p < 0.01.
* p < 0.05.
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relationship between risk groups and SES deprivation in counties where
socioeconomic deprivation was severe (Z > 0.2, N=23). Among these
counties, 95% were in high (52%) and moderate (43%) risk groups.
Five of these counties were also located in the high-high clusters of CRC
mortality: Vance, Warren, Halifax, Northampton, and Edgecombe.
These counties are the areas in greatest need of intervention. This
finding suggests that intervention strategies to reduce CRC mortality for
these needed areas should aim to improve multifaceted components—
socioeconomic deprivation, low healthcare access and quality, low CRC
screening, and high obesity rates. These components are often inter-
twined with each other in the most needed areas.

In this study we found that the CRC mortality rates were lower in
urban counties than that in counties with large non-metropolitan
towns, but the rates did not differ between urban and small town/rural
counties. This finding is partially consistent with prior studies, in which
lower CRC mortality rates were seen in urban counties than both less
urban and rural counties [7,10]. It is not clear why we did not find a
difference in CRC mortality between urban and small town/rural
counties in the regression models. Additional model (data not shown)
grouping the non-metro counties into non-metro urban and rural
counties and still found no difference between urban and rural counties.
Future studies will need to further examine this issue.

Because area-level factors are geographically/regionally specific,
our findings may not generalize to other geographic areas. Another
limitation of our study is the lack of person-level and tumor level data.
This precludes comprehensive analyses to assess the effects from an
individual level and the dynamic processes from interactions between
individuals and the environment. Unfortunately, there is no state or
national data source with complete data on key determinants at both an
individual and area-level to allow us to assess geographic variation of
CRC mortality. We recognize that without complete data at tumor,
person, and area levels, our study is unable to fully distinguish whether
the geographic variation is from the characteristics of areas (i.e., con-
textual) or from the types of individuals living in these areas (i.e.,
compositional) [36,37]. Until more data become available, a spatial
approach that correctly accounts for spatial dependence remains

appropriate and valuable to identify determinants at aggregate level to
inform population level interventions.

4.1. Conclusion

Results from this study expand our understanding of geographic
variation in CRC mortality in NC. Using the spatial lag model our
findings depict a spatial diffusion process for the CRC mortality rates
across NC counties—CRC mortality rate in a specific county is likely to
be influenced by the rates in the neighboring counties. Successful in-
terventions to reduce geographic variation in CRC mortality may need
to develop strategies that work through shared resources and informal
interactions among individuals living in the vicinity of targeted areas.
In addition, the finding of significant interaction effects between SES
deprivation and behavioral risk group adds to our understanding of the
complicated relationship between CRC mortality and the intertwined
effects between area-level SES deprivation and behavioral risks. Finally,
we identified clusters of counties with high-high CRC mortality and
several of these counties were deprived in multiple factors: socio-
economic deprivation, lack of healthcare access and quality, high
obesity rates, and low CRC screening. These areas will be best viewed as
priority targets for enhanced surveillance and interventions. These re-
sults underscore the importance of developing multifaceted interven-
tions to reduce geographic variation of CRC mortality rates.
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