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ABSTRACT

There is growing interest in the role that environmental, demographic, and socio-
economic factors play in the prevalence of the disease Multiple Sclerosis (MS) within
the United States. Existing empirical evidence examining the spatial association
between the environment and MS death rates, however, remains ambiguous. The
objective of this research is to examine the relationship between MS death rates and
contextual characteristics at a county level in the New England region. The analysis
shows that predictors such as available sunlight, race, and access to healthcare are
associated with MS death rates in the region. Most importantly, the association
between MS death rates and all major explanatory variables in our analysis
significantly varied over space, highlighting the need for local and context-specific
MS prevention and intervention programs.
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Introduction

Multiple Sclerosis (MS) is the most common inflammatory disorder of the central
nervous system and a leading cause of disability in young adults (Milo and Kahana 2010).
Most researchers suggest the disease to be autoimmune, but others categorize the disease as
an infectious-viral disease or a neurodegenerative disease (Milo and Kahana 2010). Common
symptoms of MS patients include paresthesias or numbness, motor weakness, monocular visual
disturbances, incoordination, diplopia, dizziness and vertigo. To maintain functioning and
alleviate symptoms, MS patients must undergo lifelong treatment. However, the disease can still
lead to disability and in many cases, carly death. Mortality in patients with MS is significantly
increased compared with the general population. The most common cause of death for MS
patients is multiple sclerosis itself, or complications related to the disease. For example, Koch-
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Henriksen et al’s (1998) research findings suggest that among the 8,142 MS Danish patients
documented within the period 1951-1993, 2,803 (or 34.4 percent) died from multiple sclerosis
and/or its complications.

Today, MS affects approximately 2.0 to 2.5 million people around the globe and with
prevalence rates of less than five cases per 100,000 within Latin America and Asia and up to 200
cases per 100,000 people in Europe and Northern America (Milo and Kahana 2010). While a
wide range of symptoms and types of MS are known to the medical realm, the exact causes of
MS are still unknown. The disease is so vastly complex that the cause is not correlated directly
to one instance or exposure, but seems to have intertwined relations to many different risk
factors with varying intensities. There are many factors that may be the causes of the discase,
but several demographic (i.e. age, race, and sex), socio-economic (i.e. access to healthcare) and
environmental factors (i.c. available sunlight and latitude) have become essential aspects of what
may cause or relate to the disease (Minden et al. 2007; Conradi et al. 2011; Kakalacheva and
Lunemann 2011; Bove and Chitnis 2014).

Public health research has shown that MS is not spatially evenly distributed, but instead
tends to be geographically patterned. For example, results from Mayer’s (1981) study suggests
that high latitude areas are particularly notable for clusters of high MS prevalence due to
the lack of exposure to sunlight. Local demographic, socio-economic, and environmental
correlates of MS prevalence also differ across geographic space. Given this evidence, empirical
research is needed to investigate the spatial difference in MS death rates and identify contextual
characteristics that underlie existing spatial differences. Therefore, the objective of this research
is to examine the relationship between MS death rates and contextual characteristics at county
level in the New England region.

This article is organized as follows. Section Two provides a review of risk factors associated
with the MS disease. Following this, Section Three presents the methodology outlining a
description of the study area, variables used in this study and the local analysis method -
Geographically Weighted Regression (GWR). In Section Four, the results of a local analysis
using GWR are discussed. The final section presents concluding remarks.

Risk Factors Associated with MS Disease

Available Sunlight

Sunlight is an important protective factor. Different research suggests that receivinga good
amount of sunlight throughout life, which leads to preferable vitamin D levels, can prevent or
defer MS (Freedman et al. 2000; Kakalacheva and Lunemann 2011; Biirnhielm et al. 2012).
Low exposure to sunlight can increase the risk of MS (Van der Mei et al. 2003; O’Gorman et
al. 2012). A study conducted by Mayer (1981) takes into consideration the incidence rates
(number of cases per 10,000 people) of Multiple Sclerosis by country while also taking into
consideration the approximate latitude of each country. The countries typically with higher
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MS rates are those that are higher latitudinally or ones located further away from the equator.
It should be noted that available sunlight hours per day and latitude have an inverse linear
correlation (Kakalacheva and Lunemann 2011). Therefore, the amount of available sunlight
holds answers or hints towards the reasons why MS disease is more likely to occur in higher
latitudes.

Age

MS typically presents itself in young adults between twenty and fifty years of age, with
a peak occurrence at thirty years of age according to the National Multiple Sclerosis Society,
although MS can also occur in children as well as in seniors (Compston et al. 2006). Some
researchers find that young age may be a protective factor. For example, Conradi et al. (2011)
discover that living in an urban area while of the age of zero to six may be a protective factor
against MS. Age is also a factor that differentiates the development of the disease. Harding et al.
(2013) noticed that children diagnosed with MS took longer to develop secondary-progressive
disease (thirty-two years) than adults diagnosed with MS (eighteen years), and they also took
longer to reach disability milestones.

Gender

Gender is a risk factor that has its roots in the development of the MS disease. The National
MS Society reported in the 1940s that the female to male ratio was around 1:1 and was on the
rise in females. Recent empirical studies show that the increased prevalence in females coincides
with the conclusion from the National MS Society. Research done by Milo and Kahana (2010)
indicates that the ratio of MS prevalence is 2:1 in females to males. Bove and Chitnis (2014)
discovered that the ratio is approaching and even exceeding 3:1 in some regions, mostly located
in western societies.

Race

Race is another important factor. Although MS is present in the three principal racial
groups in the world (White, Asian-Mongol, and Black), it tends to be unequally distributed.
Empirical research has pointed towards people of White European descent having the highest
risk of Multiple Sclerosis (Kingwell et al. 2013), but there are still other races and ethnicities
that suffer from MS as well. For example, recent research suggests that minority populations in
the United States, such as African Americans and Hispanic Americans, have a higher incidence
of MS compared with their ancestral countries of origin (Amezcua et al. 2015). Another study
suggests that the prevalence of the disease, especially the classical, Western form, is on the rise in
northeast Asia (Kira 2006).
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Access to Healthcare

Access to healthcare is an essential contributing factor to MS risk. Limited access to quality
health care can have far reaching effects on the physical, social, psychological, and economic
well-being of people with chronic disabling conditions such as MS (Neri and Kroll 2003).

As a key for access to healthcare, health insurance allows people to have access to routine and
unforeseen medical care and protects them against the high cost of medical bills. People without
health insurance are less likely to visit doctors, have usual sources of care, receive preventive
services, and undergo recommended tests or fill prescriptions. They also have high out-of-pocket
medical expenditures which may stop them from receiving future treatments. Therefore, the

MS risk associated with people without health insurance is higher, since they are less likely to be
diagnosed as MS patients in time and more likely to miss recommended tests or fill prescriptions
and even undertake delayed treatment (Minden et al. 2007; Wang et al. 2016).

Methodology
Counties and States in New England Region

Study Area

The study area (see Figure
1) consists of the region of New
England within the United
States of America. New England
is comprised of six states that

are Maine, Massachusetts,

New Hampshire, Vermont,
Rhode Island, and Connecticut
which consist of a total of
sixty-five counties. With a
population of over fourteen
million, the region has a

fairly large concentration of
people that have a wide and

varied distribution within its

Legend
New Engiand Counties | boundaries. The New England
New England States region is an important study
— ;::'::m”' area for MS research, since its
| Massachusetts | unique geographic location — a
e . . .
I row Hompstire | AL P VN middle latitude region (between
|Rhode Island 3 § s . ;- =D , ,
| vermant oA e . 40°59'N and 47°28'N), and an
S increased prevalence of MS has
Figure 1. Study Area. been documented in the region

recently (Murray 2005).
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Data

The MS death data used in this study was acquired through the Center for Discase
Control and Prevention (CDC) WONDER database (https://wonder.cdc.gov/). However, we
encountered the problem of suppressed data, because the CDC does not report all sub-national
data if the MS death counts fall below a pre-determined cut-off value determined by CDC. In
this study, ten counties or 14.9 percent of the total sixty-seven counties in New England have no
reported MS death data because the CDC intentionally deleted the data before disseminating
them. The MS death data consisted of 2,687 reported MS death incidents in New England
Region during 1999 and 2014 and the MS death rate in a county was calculated by using the
MS death number divided by total population in the county and then multiplying by 100,000.

The descriptive statistics for the dependent variable — MS death rates is shown in Table 1 below.

Min Max Average Interquartile Standard
Range Deviation
MS death rates: MS death per 0.8 2.6 1.65 0.6 0.43
100,000 people

Table 1. Descriptive Statistics for the Dependent Variables — MS Death Rates.

In this study, the data used to model the death rates of MS are demographic and socio-
economic variables together with an environmental factor — available sunlight. Specifically,
the demographic variables such as overall population, age groups, gender, and race were taken
from the 2010 Census provided by U.S. Census Bureau through the American FactFinder
website (https://factfinder.census.gov/). The age variable was determined using the number of
people aged between twenty and fifty divided by the total population in each county and then
multiplying the result by 100, since this age group has a higher MS risk. The gender variable
was measured using the total female population divided by the total population in each county
from the census and then multiplying the result by 100, because the female population has a
higher risk for MS. The race variable was quantified using the number of non-Hispanic White
population divided by the total population in each county and then multiplying the result by
100, since non-Hispanic White people are at greater risk for the disease. The socio-economic
variable — access to healthcare was determined by using the uninsured population data reported
through the recent five-year estimates (2009-2013) from the US Census Bureau’s American
Community Survey (ACS). The uninsured population data was used because it is a data set
collected over sixty months to ensure that it is the most reliable data and largest sample size for
the region of New England. The access to healthcare variable was measured using the number of
uninsured population divided by the total population in each county and then multiplying the
result by 100. When it comes to the available sunlight variable, it was quantified by the yearly
average sunlight based on records from January 1979 to December 2011. This data was acquired
through the Center for Disease Control and Prevention (CDC) WONDER database, but was
gathered by the North America Land Data Assimilation System (NLDAS) (Daily Sunlight
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insolation for years 1979-2011 on CDC). All variables were collected and measured at the
county level and ArcMap 10.3.1 (ESRI 2015) was used to join the data variable with the New
England counties shapefile which was downloaded from US Census Bureau’s website (https://
www.census.gov/en.html). The descriptive statistics for each explanatory variable are shown in
Table 2 as below.

Variables Min Max Average Interquartile Standard
Range Deviation

Age: % of people aged between 20 19.2 26.1 229 1.7 1.4
and 50
Gender: % of female population 45.2 55.2 49.5 3.1 2.2
Race: % of non-Hispanic White 54.8 99.5 89.6 8.6 7.7
population
Access to healthcare: % of 2.5 15.2 8.4 5.0 32
uninsured population
Available sunlight: daily sunlight 13,133.0 15,731.8 14,306.0 916.3 679.4
insolation in KJ/m?

Table 2. Descriptive Statistics for the Explanatory Variables.

GWR Model Building

Many early contextual studies on disease patterns are criticized by their use of a
conventional global regression modeling technique, such as Ordinary Least Squares or OLS
regression (Moore and Carpenter 1999), because the technique violates some important
assumptions (e.g., independence of observations and spatial stationarity of the relationship
between independent and dependent variables) when spatial data are used in the studies. GWR
(Brunsdon et al. 1996; Fotheringham et al. 2002) relaxes these assumptions and enables the
analysis of spatially clustered data. GWR is often considered as an extension of OLS regression,
since it allows local instead of global parameters to be estimated, hence making it possible to
model spatial variations within the data (Fotheringham et al. 2002). Unlike OLS regression,
which produces a single global model across space, GWR simultancously conducts multiple
regressions for different data units so that there is one regression model per spatial data unit (e.g.
a county) (Hipp and Chalise 2015). In a GWR model, observations near a particular data unit
will have more influence in the estimation than observations distance away (Hipp and Chalise
2015). Given the weaknesses of OLS regression and strength of GWR, this research uses GWR
for analyzing the spatial non-stationarity relationship between MS death rates and county
contextual characteristics in the New England region.

The first step is to examine the dependent variable and explore its spatial heterogeneity.

If the MS death rates are not spatially clustered, there is no need to build a spatially explicit
model. The Moran’s / Index (Anselin 1995) provided by ArcMap 10.3.1 (ESRI 2015) was used
to identify the clustering of MS death rates across counties in the New England Region. Moran’s
I ranges from —1.0, perfectly dispersed (e.g., a checkerboard pattern), to a +1.0, perfectly
clustered. In this study, a Moran’s  score (0.202) and p value (0.0049) were generated, indicating
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MS death rates are spatially clustered and the result is statistically significant. A Local Moran’s
Cluster Analysis of MS death rates was conducted, and the results are shown in Figure 2 below.
The map demonstrates five different types of spatial clustering: (1) high-high, for counties with
high MS death rates that are in close proximity to counties with high MS death rates; (2) low-
low, for counties with low MS death rates that are in close proximity to counties with low rates;
(3) high-low (known as spatial outliers), counties with high MS death rates, but are proximate
to counties with low rates; (4) low-high (also known as spatial outliers), for counties with low
MS death rates, yet are in close in proximity to counties with high rates; (5) not significant,

for counties where there is no significant spatial clustering. As illustrated in Figure 2, a low-low
spatial cluster was found in most counties located in Connecticut and those within Greater
Boston region; while a high-high spatial cluster is overlapped with counties located in the
Southwestern Maine and Northern New Hampshire and Vermont.

OLS multivariate
model (Aiken and West
1991) in SPSS 22 was
then used to conduct
initial data exploration
and model specification.
Two factors motivated the
decision to first specify the
OLS model: 1) to identify
independent variables
significantly correlated
with the dependent variable
(MS death rates) before
specifying the GWR model;
and 2) the GWR software
used for spatial analysis
does not provide a variance
inflation factor (VIF) to

A Local Moran’s | Cluster Analysis of MS Death Rates

Legend assess multicollinearity. If the
Not Significant standard regression equation
I tigh-High Cluster in the investigation of MS

High-Low Outlier

iscisaeonee death rates is given by:

I Low-Low Cluster
[5755 suppressed data Yi= By + E Brxpi + &
k
0 20 40 80 120 160

Figure 2. A Local Moran’s I Cluster Analysis of MS Death Rates.
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where Y is the MS death rate at county 4, 8, is a constant term (i.e., the intercept), and §,
measures the relationship between the independent variable x, and Y for the set of i counties,
and ¢, is the error associated with county 7. It should be noted that 7 € C = {1,2,...,n} which is the
index set of locations of 7 observations (i.c. all counties in the New England Region).

It should be noted that the above equation “results in one parameter estimate for cach
variable included” (Cahill and Mulligan 2007). The summary of the OLS analysis result is
presented in Table 3 as below. In the OLS regression, included were only variables significantly
correlated with the dependent variable — MS death rates. The OLS model is significant (F =
3.984, p < 0.05). The adjusted R? value is 0.21 which means that the model explained 21.0
percent of the variance in county-level MS death rates. The VIF for all variables was less than
4.0, a commonly used cutoff point, suggesting no multicollinearity was detected among the
independent variables (‘Table 3).

Variables g SE p value VIF
Intercept 2.555 1.886 >005| -
Available sunlight: yeatly average -1.7x 10+ 0 <0.05 1.386
sunlight
Race: % of White Population 1.642 0.813 < 0.05 1.234
Access to healthcare: % of 0.618 2.086 <0.05 1.161
Uninsured Population

Table 3. Results from Ordinary Least Square Model of County-Level MS Death Rates.

As shown in Table 3, there is a positive and significant relationship between MS death rates
and the percentage of White population as well as between MS death rates and the percentage
of uninsured population. In other words, the higher the percentage of White people or people
without insurance coverage in a county, the higher MS death rate in that county. As negative
and significant relationship is detected between MS death rates and available sunlight. In other
words, the lower the available sunlight in a county, the higher the MS death rate in the county.
Age and gender are insignificantly related to MS death rates in this study. The residuals of the
OLS model were spatially auto-correlated (Moran’s I = 0.12; p < .05). In other words, the OLS
model overestimated MS death rates for some counties, while it underestimated the outcomes
for some other counties.

Then, the same set of variables was then used to specify a GWR model using the GWR4
software http://geodacenter.asu.edu/gwr). GWR is a modeling technique used to explore
spatial non-stationarity (Brunsdon et al. 1996). The “main characteristic of GWR is that it
allows regression coefficients to vary across space, and so the values of the parameters can vary
between locations” (Mateu 2010, 453). In other words, instead of estimating a single parameter
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for each variable, GWR estimates local parameters. By estimating a parameter for each data
location (i.e. county) in the New England Region, the GWR equation would only alter the OLS
equation as follows:

Vi = Boi + Zﬁkixki + &
3

where Y, is the MS death rate at county 7, 8, is the constant term at county 7, x,, is the
explanatory variable (i.c. available sunlight, race, or access to healthcare) at county 7, 8, is the
value of the parameter for the corresponding explanatory variable at county 7 and ¢, is the error
term at county 7. It should be noted that i € C = {1,2,...,n} which is the index set of locations of
n observations (i.c. all counties in the New England Region).

GWR becomes useful when “a single global model cannot explain the relationship between
some sets of variables” (Brunsdon et al. 1996, 281). In the GWR model, a continuous surface
of parameter values is estimated under the assumption that locations nearer to 7 will have more
influence on the estimation of the parameter 4, for that location. Consequently, GWR allows
researchers to explore “spatial non-stationarity by calibrating a multiple regression model which
allows different relationships to exist at different geographical locations” (Leung et al. 2000, 9).
The GWR model was used to explore the macro-level spatial non-stationarity of the statistical
relationship among MS death rates and the predictors including available sunlight, race and
access to healthcare.

While conducting GWR, the adaptive kernel was used, which was produced using the
bi-square weighting function. The adaptive kernel uses varying spatial areas, but a fixed number
of observations for each estimation. It is the most appropriate technique when the distribution
of observations varies across space. In this case, observations (counties) are much smaller and
closer together in the South and Southeast than they are in the North. Finally, a process that
minimizes the Akaike Information Criteria (AIC) was used to determine the best kernel
bandwidth. The parameter estimates and t values produced by the software were exported and
mapped using ArcMap 10.3.1 (ESRI 2015).

Results and Discussion

A Local Moran’s I cluster analysis (Anselin 1995) was conducted for the residuals of the
GWR as a diagnostic for the collinearity in GWR residuals. There is no violations of residual
independence. The GWR model generated 8 coeflicients for each county (See Table 4 and
Figure 3 as below). The direction of the relationships among the dependent variable and the
predictors was consistent as expected in all counties included in the study and the MS death
rates at the individual county-level were significantly clustered (Moran’s I value: 0.202 and p
< 0.05). This clustering and the relationships suggest that local socio-economic contexts and
environment attributes are associated with MS death rates and that the amplitude of such
contexts and environments varies across the New England region.
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A. B Coefficient Estimates for Race
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Figure 3. Spatial variations in 3 coefficient estimates in New England counties for explanatory variables:

race (map A), available sunlight (map B), access to healthcare (map C), and local R squared value (maps
D) from the GWR model .
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A. t values for Race B. t values for Available Sunlight
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Figure 4. Spatial variations in # values in New England counties for explanatory variables: race (map A),
available sunlight (map B), access to healthcare (map C). Note: 1.96 is the cut-off value for #-test.
When |#] > 1.96, the  coefficient estimate for a variable is significant at a significance level of 0.05.
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Variables £ coefficients Percentage of Counties by 95% of ¢ Statistics
Min Max #<-1.96 -1.96 < #+<1.96 #*>1.96

Intercept -0.74 0% | -
Available sunlight: yearly average -3.48 x 10+ -1.08 x 10+ 24.5 75.5 0.0
sunlight
Race: % of White Population 1.16 2.61 0.0 80.7 19.3
Access to healthcare: % of 21 2.6 0.0 86.0 14.0
Uninsured Population

Table 4. Results from GWR Model of New England County-Level MS Death Rates.
* 1.96 is the cut-off value for #test. When || > 1.96, the f coefficient estimate for a variable
is significant at a significance level of 0.05.

As shown in Table 4, available sunlight, defined by yearly average sunlight, negatively
associated with county-level MS death rates. This finding supports previous research which
suggests the farther away from the equator a person lives and the less sun exposure they could
have the higher the risk of developing MS which can lead to more deaths caused by the disease.
As demonstrated in Table 4, race, defined by the percentage of White population, is positively
associated with county-level MS death rates. This finding is consistent with previous research
findings which suggest that MS, so far, has been found to be most prevalent among Caucasians,
particularly those of European ancestry. As illustrated in Table 4, access to healthcare, defined
by the percentage of uninsured population, is positively associated with county-level MS death
rates.

The direction of the relationships between the dependent variable and the explanatory
risk factors in Table 4 provides insights regarding MS disease intervention in the region.

The negative relationship between MS death rates and yearly average sunlight confirms the
importance of sun exposure. Recent research suggests the risk of having a preliminary symptom
of MS decreased by 30.0 percent for every 1,000 kilojoules of exposure to ultraviolet light
(Lucas etal. 2011). Given the fact that yearly available sunlight is a constant in a place, people
living farther North in the New England region should have more sunlight exposure by
spending more daylight hours outside.

The positive relationship between MS death rates and the percentage of White population
should not be mistakenly explained as African Americans, Asians or Latinos are risk free. In
fact, for example, given the false impression that African Americans are less likely to develop MS
disease, research shows they are less likely to receive care from a neurologist specializing in MS
or to go to an MS clinic (Khan et al. 2015). Also, research shows that, for African Americans
with multiple sclerosis, the MS disease progresses much faster than it does for White peers
(Khan et al. 2015). Therefore, further research is needed to examine the relationship between
MS correlates and race-specific MS prevalence rates if race-specific MS data is available.
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The positive relationship between MS death rates and the percentage of uninsured
population is particularly important because the United States does not have a uniform health
system, has no universal health care coverage, and only recently enacted legislation mandating
healthcare coverage for almost everyone. In 2014, there were 283.2 million people in the United
States. 89.6 percent of the U.S. population had some types of health insurance while the rest of
the population didn’t (Smith and Medalia 2015). Given the fact that the Affordable Care Act
(or ACA) may be repealed in the near future, a significant increase of MS prevalence or death in
the New England region may happen in the long run.

As shown in Table 4 and Figure 3, the change in magnitude of the coefficients suggests
spatial non-stationarity of the relationship between MS death rates and the predictors. The
variation in parameter estimates from GWR suggests thUe necessity to apply this spatial
statistical tool to future MS studies that would be restricted by using global OLS models,
since GWR provides insights on how a particular explanatory variable influences MS death
rates across the study area. As demonstrated in Figure 3A and 4A, the race variable had the
highest impact in counties located in northern Maine and southern Vermont. As shown in
Figure 3B and 4B, available sunlight had the greatest effect in counties located in northern
New Hampshire, Maine and Vermont. Counties in these areas have a relatively less available
sunlight with disproportionately high rates of MS death. As illustrated in Figure 3C and 4C, in
counties located in southern New Hampshire together with Essex County, Massachusetts, and
York County Maine, access to healthcare had a greater association with MS death rates than any
other variable. The GWR results are potentially useful in targeting priority areas for MS disease
prevention and intervention, and for informing local health planning and policy development,
since they suggest that preventive policies should be informed by an understanding of MS
death’s contextual factors. In particular, these factors should be examined locally, and different
policies aimed at preventing and reducing MS death should be applied in different counties of
the New England region. For example, different prevention policies could be recommended for
the counties located in northern New Hampshire, Maine and Vermont as well as the counties in
southern New Hampshire. A policy designed to increase access to healthcare may be sufficient
to reduce MS prevalence or death in southern New Hampshire. However, the same approach
is unlikely to be effective in the counties located in northern New Hampshire, Maine and
Vermont. In those areas, regeneration initiatives and MS prevention/intervention programs
aimed at increasing people’s outdoor time and early and frequent screening of MS disease
should be considered as tools for preventing and reducing MS death.

The importance of using spatial statistical tools such as GWR in future MS studies can also
be confirmed by the adjusted R* value (see Figure 3D). The adjusted R? for the GWR model
ranged from 0.17 to 0.36, with an average of 0.27, while the adjusted R* in the OLS model was
0.21. Explicitly, the OLS R2 of 0.21 masks a wide distribution of local associations between the
independent variables and MS death rates. In other words, without GWR, it would be unable
to estimate the variance of local associations. In a county such as Penobscot, Maine, the GWR
model explained 36.0 percent of the variance in MS death rates. However, in counties such as
Litchfield, Connecticut and Berkshire, Massachusetts, the model did not explain much of the
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variance (from 17.0 to 20.0 percent), a spatial variation that would have been neglected with
the OLS model alone. In addition, the local adjusted R? value can be used as goodness-of-fit
measure for the GWR model. As shown in Figure 3D, the local adjusted R* values increased
throughout the New England region from southwest to northeast, indicating the GWR model
better explains the variance in MS death rates in counties in the northeast of the New England
region.

This study is not without limitations. The first group of limitations is associated with
geographic boundary effect, such as Modifiable Areal Unit Problem (MAUP) and edge effect.
It should be noted that the statistical relationships drawn from areal data must be carefully
interpreted. Robinson (1950) long ago suggested the data scale/boundary problem and
clearly explained that inferring individual level relationships from macro-level correlations
is inappropriate. In this study, county boundaries were used as the units of analysis and the
relationships between MS death rates and contextual characteristics at the county level thus
cannot be interpreted as and/or applied to individual level relationships. In addition, GWR
model is limited by the edge effect, whereby counties located on the edges of New England do
not have the 360° influence of counties in the region’s interior.

The second group of limitations is related with data availability. In this study, encountered
are missing data and time alignment problem. For example, ten counties in New England have
no reported MS death data because CDC intentionally suppressed the data. MS death counts
were collected by the CDC during 1999 and 2014, but the benchmark - residential population
at each county was collected by the Census Bureau in the year of 2010. In addition, the local
R? values accounted for 17.0 to 36.0 percent of county-level MS death rates, which means
that other risk factors associated with MS disease need to be added into the GWR model. For
example, a defected gene on chromosome six is an important risk factor. People whose close
relatives have MS are more likely to develop the disease (Donati and Jacobson 2002). However,
no organization or government agency collects and releases personal MS genes data or data
regarding people whose close relatives have MS at the county level or a finer scale.

Conclusion

This study analyzed the spatial distribution and correlations of MS death rates in the
New England region. To be specific, this research incorporates demographic, socio-economic
and environmental correlates with MS death rates. The relationship between the disease and
predictors, such as available sunlight, race, and access to healthcare, are not new (Freedman et
al. 2000; Neri and Kroll 2003; Kakalacheva and Lunemann 2011; Kingwell et al. 2013), but
little research was done to investigate the spatial heterogeneity in the relationship. This study
fills the gap by illustrating that there is a significant association between MS death rates and the
explanatory variables and that this relationship has a spatial but nonstationary association which
highlights the need for local and context-specific MS prevention and intervention programs. In
other words, using GWR, public health researchers and practitioners can gain an understanding
of health-related issues and respond to the notion that “all health is local” (Gebreab and Diez-
Roux 2012). The results of this study can also be used by local public health departments to
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tailor messages and materials for their target audiences. For MS research, this study presented

an initial and exploratory step in this direction, but much more in-depth work remains before
public health researchers and practitioners understand why these spatial variations exist and why
predictors, such as available sunlight, race, and access to healthcare, have very low explanatory
effect in some counties, but explain up to 36.0 percent of MS death rates in other counties.
Further explored should be MS deaths caused by the migration from low risk to high risk
counties in the New England region (as shown in Figure 2) if longitudinal MS data are available.
Such research can help average people to make better migration decisions (i.c. avoiding high

risk areas) if MS deaths are found to be correlated to risk factors such as time of migration, race,
gender, and age.
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