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Multiscale Dimensions of Spatial Process: COVID-19
Fully Vaccinated Rates in U.S. Counties
Tse-Chuan Yang, PhD,1 Stephen A. Matthews, PhD,2,3 Feinuo Sun, PhD4
Introduction: This study aimed to examine the heterogeneity of the associations between social
determinants and COVID-19 fully vaccinated rate.

Methods: This study proposes 3 multiscale dimensions of spatial process, including level of influ-
ence (the percentage of population affected by a certain determinant across the entire area), scal-
ability (the spatial process of a determinant into global, regional, and local process), and specificity
(the determinant that has the strongest association with the fully vaccinated rate). The multiscale
geographically weighted regression was applied to the COVID-19 fully vaccinated rates in U.S.
counties (N=3,106) as of October 26, 2021, and the analyses were conducted in May 2022.

Results: The results suggest the following: (1) Percentage of Republican votes in the 2020 presi-
dential election is a primary influencer because 84% of the U.S. population lived in counties where
this determinant is found the most dominant; (2) Demographic compositions (e.g., percentages of
racial/ethnic minorities) play a larger role than socioeconomic conditions (e.g., unemployment) in
shaping fully vaccinated rates; (3) The spatial process underlying fully vaccinated rates is largely
local.

Conclusions: The findings challenge the 1-size-fits-all approach to designing interventions pro-
moting COVID-19 vaccination and highlight the importance of a place-based perspective in eco-
logical health research.
Am J Prev Med 2022;000(000):1−8. © 2022 American Journal of Preventive Medicine. Published by Elsevier Inc.
All rights reserved.
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E cological approaches to health research have
been found to help produce well-specified indi-
vidual models and improve population health,1

and they have been facilitated by the rapid development
in ecological and spatial analysis methods.2 A spatial
perspective has been used to understand the geographic
patterning of the ongoing novel coronavirus disease
2019 (COVID-19) pandemic.3 The commonly used
methods include but are not limited to data visualiza-
tion,4 spatial econometrics,5 and geographically
weighted regression (GWR).6

Although these methods have generated nuanced
insight into the geography of COVID-19 in the U.S., the
literature is limited in 1 major way. Explicitly, little
attention has been paid to spatial heterogeneity or non-
stationarity, which refers to the phenomenon when the
direction and/or magnitude of the relationship between
an independent and dependent variable varies by loca-
tion. That is, the ecological approaches used in the litera-
ture mostly assume that changing the value of an
independent variable will invoke the same change or
response in the dependent variable regardless of loca-
tion. This assumption is unrealistic for many reasons,
such as differential responses to precaution measures
Am J Prev Med 2022;000(000):1−8 1
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(e.g., voluntary social distancing)7 and different racial/
ethnic compositions.8 Although some scholars have
used GWR to address this issue,9,10 they have not exam-
ined whether the spatial process operates at the same
spatial scale across multiple social determinants.
Going beyond the extant literature, this study focuses

on the COVID-19 fully vaccinated rates and argues that
it is critical to investigate 3 dimensions of spatial process
of a social determinant, namely level of influence, scal-
ability, and specificity. These dimensions (see methods
section for details) have not been proposed or examined
in previous research. To examine these dimensions, this
study first assembles a county-level data set where the
fully vaccinated rate (as of October 26, 2021) serves as
the dependent variable, and various political, demo-
graphic, and socioeconomic conditions are treated as the
independent variables. The multiscale GWR (MGWR) is
used to identify the 3 dimensions of spatial process of
each independent variable. The findings suggest that the
3 dimensions of spatial process vary across the indepen-
dent variables. Moreover, these dimensions allow
researchers to identify the important associations with
fully vaccinated rates in U.S. counties and to facilitate
discussions around place-based interventions that aim
to increase vaccination rates.
METHODS

Study Sample
The analytical data set is derived from multiple national sources
and includes data on the U.S. counties in the lower 48 states
(N=3,106). The dependent variable is the percentage of the popu-
lation aged ≥18 years who are fully vaccinated (i.e., having
received a 2-dose COVID-19 vaccine series or 1 dose of the sin-
gle-vaccination vaccine) in a county as of October 26, 2021. These
estimates are drawn from the overall U.S. COVID-19 vaccine
administration and vaccine equity data, maintained by the Cen-
ters for Disease Control and Prevention.11
Measures
The independent variables include the percentage of votes for the
Republican Party in the 2020 presidential election and demo-
graphic composition and socioeconomic conditions. The percent-
age of Republican votes (i.e., total Republican votes divided by the
total votes) in the 2020 presidential election is drawn from public
data.12 With respect to demographic and socioeconomic charac-
teristics, the 2015−2019 American Community Survey 5-year
estimates13 were used to calculate the following variables (includ-
ing people in both housing units and group quarters): percentage
of older adults (aged ≥65 years), percentage of males, percentage
of non-Hispanic Blacks, percentage of Hispanics, percentage of
population aged ≥15 years who are married, and percentage of
population aged ≥25 years who hold at least a bachelor’s or pro-
fessional degree. For socioeconomic conditions of a county, the
following variables are considered: poverty rate (i.e., the percent-
age of households whose income in the past 12 months falls below
the poverty level), unemployment rate (i.e., the percentage of peo-
ple aged ≥16 years who are in the labor force but unemployed),
public assistance reliance (i.e., the proportion of total income in
the past 12 months for households with public assistance), and
median household income in the past 12 months (a continuous
variable measured in dollars).
Statistical Analysis
The MGWR14 serves as the main analytic technique. The MGWR
is an extension of GWR,15 and both are discussed below. A GWR
model can be formulated as15:

yi ¼
Xk

j¼1

bijxij þ ei ð1Þ

where yi is the response variable for location i2 1;f 2; . . . ; Ng, xij
refers to the jth independent variable (j2 f1; 2; . . . ; kg), and bij
is the estimated parameter (i.e., coefficient) for xij. ei is the error
terms. The GWR calibration for the coefficients at each location I
can be written in matrix form:

bi ¼ XTWiX
� ��1

XTWiy; i2 1; 2; . . . ;Nf g ð2Þ
where X is the N*k matrix of independent variables (including the
intercept), y is the N*1 response variable vector, and Wi is the
N*N spatial weighting matrix for location I in which the spatial
weights are calculated on the basis of a specified kernel function
and bandwidth. The bandwidth is assumed to be constant across
all independent variables, indicating that the spatial process gen-
erating the observed data is at the same spatial scale for all inde-
pendent variables.15

The major difference between MGWR and GWR is that
MGWR relaxes the constant bandwidth assumption by allowing
for variable-specific optimized bandwidths.14,16 An MGWR model
can be regarded as a generalized additive model, which can be
expressed as follows14:

y ¼
Xk

j¼1

f j þ ɛ ð3Þ

where f j is a smooth function applied to the jth independent vari-
able,17 and in MGWR, each smooth function is a spatial GWR
parameter surface calculated with a specific bandwidth that is cali-
brated using a back-fitting algorithm.14 As such, MGWR is more
generalized than GWR, and the spatial process generating the
observed values is permitted to vary by spatial scale (i.e., the band-
width for each independent variable). It should be noted that
MGWR standardizes all variables in the back-fitting algorithm,
which facilitates the comparison of estimated coefficients. The
technical details of GWR and MGWR can be found elsewhere.18

The analytic strategy consists of 3 phases: (1) conducting
descriptive analysis; (2) implementing the ordinary least squares
(OLS) regression, a baseline model also referred to as a global
model (in contrast to the local models generated by GWR/
MGWR); and (3) using MGWR to obtain the local estimates for
each county. The MGWR results are presented by summary statis-
tics and maps,19 and the Monte Carlo method20 is used to for-
mally test whether spatial nonstationarity exists, which indicates
that the direction and/or the magnitude of a relationship between
an independent and dependent varies by location.15
www.ajpmonline.org
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The strengths of MGWR allow users to identify 3 dimensions
of multiscale spatial process for each independent variable. Specif-
ically, the first dimension refers to the level of influence, which is
defined as the percentage of the population affected by a certain
independent variable across the entire study area. If a factor is
found to influence >50% of the entire population, this factor is
defined as a primary influence; otherwise (i.e., ≤50%), it is a sec-
ondary influencer.

The second dimension is scalability, which can be drawn
from the calibrated bandwidth of a factor. Scalability is cate-
gorized into 3 groups, namely global, regional, and local.
Explicitly, if the bandwidth of a factor is >75% of the global
bandwidth (i.e., the total number of observations across the
entire study area), it approximates a global determinant. If the
bandwidth of a factor is between 75% and 25% of the global
bandwidth, it is regarded as a regional determinant. When the
bandwidth of a variable is <25% of the global bandwidth, it is
a local determinant.

Specificity is the third dimension. For each unit of analysis
(i.e., county in this study), the coefficient of each covariate
can be compared directly (because of standardization of varia-
bles in MGWR) and identify the independent variable that
has the strongest impact (regardless of direction) on the
dependent variable. These variables across the entire study
area can be visualized to show the uniqueness of a certain var-
iable in space (calibrated for each focal county/local model).
In conventional OLS regression, covariates with larger varian-
ces tend to have larger standardized coefficients, making coef-
ficient comparisons problematic.21 However, under the
MGWR framework, each variable has its own bandwidth, and
the comparison is specific to the population of a given county.
As such, the concern about coefficient comparison is not
directly applicable to this specificity measure.
RESULTS

Owing to the space constraint, the discussion about the
descriptive statistics of the variables is presented in
Appendix Table 1 (available online), and the regression
results in Table 1 are explained below. Column (a) of
Table 1 presents the OLS (i.e., global) standardized
coefficient estimates, and the variance inflation factors
among the independent variables are included in col-
umn (b). Columns (c)−(g) are the summary statistics
of the MGWR local estimates, and Column (h) shows
the Monte Carlo test results. Several findings can be
drawn from Columns (a) and (b). First, the OLS stan-
dardized coefficients suggest that the percentage of
Republican votes has the strongest and negative associ-
ation (b= �0.71) with the fully vaccinated rate, net of
other covariates. Second, in the global model, the
demographic covariates seem to play a more important
role than the socioeconomic variables in explaining the
fully vaccinated rate. For example, among socioeco-
nomic variables, only median household income shows
a positive relationship with the fully vaccinated rate
(with marginal statistical significance). By contrast,
& 2022
except for the percentages of male population and older
adults, all other demographic variables are significantly
associated with the fully vaccinated rate. Finally, all the
variance inflation factors are <6, suggesting that multi-
collinearity among the independent variables is not a
concern.
Regarding the MGWR results (Columns [c]−[h]), it is

important to note that the Monte Carlo test results sug-
gest that 4 variables show spatial nonstationarity, namely
percentage of Republican votes, percentage of older adults,
percentage of non-Hispanic Blacks, and median house-
hold income. Among these variables, the local estimates
vary in both direction and magnitude. For example, the
estimated association between the percentage of Republi-
can votes and fully vaccinated rate ranges between ‒1.82
and 0.50, and a wider range is observed for the percentage
of non-Hispanic Blacks (minimum= �1.15; maxi-
mum=2.81). Although these 4 variables all show spatial
nonstationarity, their calibrated bandwidths vary from 46
to 602, suggesting that the spatial process underlying these
variables is different. The MGWR model fits the data bet-
ter than the OLS model, as reflected in a smaller corrected
Akaike Information Criterion (5,302.26 vs 7,076.37) and a
higher adjusted r-squared (0.74 vs 0.43).
Figure 1 illustrates the spatial nonstationarity with

the MGWR local estimates for the percentage of
Republican votes (Figure 1A), percentage of non-His-
panic Blacks (Figure 1B), and median household
income (Figure 1C). Two findings are worth noting.
First, although percent of Republican votes and percent
of non-Hispanic Blacks have comparable calibrated
bandwidths (i.e., 48 and 46), their local estimates show
different spatial coverages and patterns. Specifically,
almost all counties show a significant and negative
local association between the percentage of Republican
votes and fully vaccinated rate, except for the north-
eastern region, parts of the Mid-Atlantic, and parts of
Nevada/California. The strongest negative associations
can be found in Georgia and Florida. By contrast, the
local associations between non-Hispanic Blacks and
fully vaccinated rate are positive (red/green areas) in
West Virginia and California/Nevada, and these associ-
ations are negative (blue areas) in Maine, parts of the
Plains and Mid-West, and eastern Black Belt states.
Second, even though median household income has a
relatively large bandwidth (i.e., 602), the local estimates
are almost all positive, and the strongest and most sig-
nificant estimates are regional in scale concentrated in
the North East and Great Lakes regions. The local esti-
mates in the Pacific region are also significant, but the
magnitude of the association is weaker.
The MGWR results help to identify the 3 dimen-

sions of each independent variable in Table 2.



Table 1. OLS and MGWR Results of COVID-19 Fully Vaccinated Rate

Variables

Global
estimates

(a)
VIFa

(b)
Mean
(c)

SD
(d)

Min
(e)

Median
(f)

Max
(g)

Monte Carlo
p-value
(h)

MGWR
Bandwidth

(i)

Percentage Republican votes �0.71*** 3.46 �0.63 0.28 �1.82 �0.62 0.50 <0.001 48

Percentage aged ≥65 years 0.01 1.66 0.07 0.21 �1.22 0.08 0.84 <0.001 52

Percentage males �0.01 1.19 �0.04 0.09 �0.32 �0.03 0.20 0.35 144

Percentage non-Hispanic Blacks �0.31*** 2.13 �0.06 0.48 �1.15 �0.08 2.81 <0.001
Percentage Hispanics 0.07*** 1.25 0.13 0.00 0.13 0.13 0.13 0.86 3,104

Percentage married 0.14*** 3.24 0.05 0.00 0.05 0.05 0.06 0.90 3,104

Percentage bachelor’s degree
and above

0.01 3.40 0.03 0.00 0.03 0.03 0.03 0.91 3,104

Poverty rate �0.01 4.26 �0.09 0.03 �0.15 �0.09 �0.02 0.18 1,210

Unemployment rate �0.00 2.00 �0.02 0.09 �0.35 �0.03 0.32 0.09 203

Percentage on public assistance �0.02 1.35 �0.04 0.03 �0.08 �0.03 0.00 0.28 1,556

Median household income 0.06 5.65 0.08 0.09 �0.11 0.07 0.24 <0.001 602

Intercept 0.00 ¡ 0.12 0.17 �0.43 0.15 0.57 <0.001 225

AICC 7,076.37 5,302.26

Adjusted R2 0.43 0.74

Note: Boldface indicates statistical significance (***p<0.001).
aVIFs among the independent variables are all <6, indicating that multicollinearity is not a concern.
AIC, Akaike Information Criterion; Max, maximum; MGWR, multiscale geographically weighted regression; Min, minimum OLS, ordinary least squares;
VIF, variance inflation factor.
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Following the definitions discussed previously, varia-
bles were dichotomized into primary and secondary
influencers on the basis of the total population within
the counties affected. Five variables are primary (e.g.,
percentage of Republican votes), and 6 are secondary
(e.g., unemployment rate). For example, 68.6% of the
population in lower 48 states live in counties where
poverty is a significant determinant, which is a pri-
mary influencer. Furthermore, compared with the
global bandwidth (i.e., 3,106), 6 independent variables
are classified as local factors because their bandwidths
are <777 (i.e., 3,106 £ 0.25). Three are global determi-
nants because their bandwidths are >2,330 (i.e.,
3,106 £ 0.75). Another 2 variables have regional influ-
ence given the bandwidths falling between the 25%
and 75% of the global bandwidth. Finally, the percent-
age of Republican votes is the strongest determinant
of fully vaccinated rate in most counties, and the spec-
ificity dimension was visualized in Figure 2. Across the
lower 48 states, the percentage of Republican votes has
the strongest association with fully vaccinated rate in
82% (2,556/3,106 £ 100%) of counties. The percentage
of non-Hispanic Blacks is the most dominant factor in
almost 10% (302/3,106 £ 100%) of the counties, and
these counties are found in clusters including South-
ern California/Nevada, central Appalachia, and Maine.
Median household income has the strongest relation-
ship with fully vaccinated rate in 122 counties, many
of which are in New England and Virginia.
DISCUSSION

This study aims to investigate whether the spatial pro-
cess underlying the fully vaccinated rate is universal
across a range of social determinants in U.S. counties.
By exploiting the recently developed MGWR method,20

this study argues that the local estimates and calibrated
bandwidth for each independent variable provide details
about the spatial process that generates the observed pat-
terns. Specifically, this study defines and operationalizes
3 dimensions of spatial process for each social determi-
nant (i.e., level of influence, scalability, and specificity)
and then shows how these dimensions shed new light on
how social determinants are associated with fully vacci-
nated rates in U.S. counties. Although some studies have
applied the MGWR to COVID-19 research,6,10 no previ-
ous research has proposed and investigated the 3 dimen-
sions of spatial process. The findings indicate that not all
social determinants share the same spatial process. For
example, only 13.9% of the population live in counties
where unemployment rate is associated with fully vacci-
nated rate (Table 2), but >80% of the population resides
in counties in which the percentage of Republican votes
is related to the fully vaccinated rate. That is, the influ-
ence of a factor on full vaccination rates varies across U.
S. counties.
The multiscale perspective allows users to classify

social determinants into local, regional, and global fac-
tors on the basis of bandwidths. Accordingly, the
www.ajpmonline.org



Figure 1. (A) Local estimated relationship between the per-
centage of Republican votes and fully vaccinated rate. (B) Local
estimated relationship between the percentage of non-Hispanic
Blacks and fully vaccinated rate. (C) Local estimated relation-
ship between median household income and fully vaccinated
rate.
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percentage of Hispanics, percentage of the married pop-
ulation, and percentage of the population having at least
a bachelor’s or professional degree are globally/univer-
sally important. In Table 1, the variations in local esti-
mates of these factors are low. Moreover, the percentage
of Republican votes was found to have the strongest rela-
tionship with the fully vaccinated rate in 2,556 of 3,106
total counties, making this indicator the most dominant
factor across space.
The different levels of spatial heterogeneity (e.g., local/

regional) echo the argument that social processes appear
to be nonstationary18 because spatial variation in norms
and preferences (or different administrative, political, or
other contextual factors) produces different responses to
the same stimuli. Specific to this study, the county is an
appropriate level of analysis because it functions
administratively as a coherent unit of local government
and in many parts of the county corresponds to aggre-
gate level daily routines and social interactions. More
importantly, counties are embedded within larger gov-
ernmental and administrative units such as metropolitan
areas and in particular, states. States serve as a decision-
making entity that has been prominent in guidelines and
mandates regarding area-based COVID-19 policy and
action.
Several additional tests were conducted to examine

whether the findings and conclusions are sensitive to unat-
tended covariates or measurements. For example, consid-
ering other covariates, such as COVID-19 case rate, in the
analysis does not alter the findings and conclusions.
Because the causality between fully vaccinated rate and
COVID-19 case rate may be reciprocal, it is not included
in this study. Furthermore, regarding the potential nonlin-
ear relationships between key independent variables and
fully vaccinated rates, the analysis found that only the per-
centage of Republican votes has a small quadratic effect,
and the vertex does not exist within the range of the per-
centage of Republican votes (results available on request).
In addition, a composite social disadvantage index was
created with the socioeconomic conditions,22 and this
index yields similar substantive MGWR results. Finally,
using more stringent criteria to define scalability (e.g., 10%
and 90% thresholds) does not change the conclusions.

Limitations

This study is subject to several limitations. First, given the
cross-sectional research design, the findings cannot make
any causal inferences between fully vaccinated rates and
the independent variables. Second, this ecological study is
subject to the modifiable areal unit problem,23,24 and the
results could not be generalized to the individual level.
Third, because the unit of analysis is the county, the



Table 2. Three Dimensions of Multiscale Spatial Process for Each Independent Variable Based on the MGWR Models

Variables (bandwidth) Level of influencea Scalabilityb Specificityc

Percentage Republican votes (48) Primary (83.6%) Local 2,556 (82.3%)

Percentage aged ≥65 years (52) Secondary (42.5%) Local 82 (2.6%)

Percentage male (144) Secondary (33.7%) Local 15 (0.5%)

Percentage non-Hispanic Blacks (46) Secondary (29.8%) Local 302 (9.7%)

Percentage Hispanics (3,104) Primary (100.0%) Global 24 (0.8%)

Percentage married (3,104) Primary (100.0%) Global 0

Percentage bachelor’s degree and above (3,104) Secondary (0.0%) Global 0

Poverty rate (1210) Primary (68.6%) Regional 5 (0.2%)

Unemployment rate (203) Secondary (13.9%) Local 0

Percentage on public assistance (1556) Secondary (37.9%) Regional 0

Median household income (602) Primary (55.6%) Local 122 (3.9%)
aIf the variable affects >50% of the total population, it is a primary influencer; otherwise (i.e., ≤50%), it is a secondary influencer. The percentage of
the population affected by a factor is included in parentheses.
bIf the bandwidth of a variable is >75% of the global bandwidth (i.e., 2,330), it is a global determinant; if the bandwidth is <25% of the global band-
width (i.e., 777), it is a local determinant; if the bandwidth is between 75% and 25% of the global bandwidth, it is a regional determinant.
cThe number and percentage of counties that the focal variable has the strongest significant impact on the dependent variable (i.e., the largest abso-
lute value of the coefficients that are statistically significant).
MGWR, multiscale geographically weighted regression.

6 Yang et al / Am J Prev Med 2022;000(000):1−8

ARTICLE IN PRESS
analysis may mask spatial heterogeneity at a finer geo-
graphic unit, such as ZIP code or census tracts. Finally,
because the pandemic is ongoing, the analysis focuses on
the early phase of vaccination roll out in the U.S. As such,
boosters and other vaccination recommendations are not
considered in this study, and using data from an extended
(or shorter) time period may alter the conclusions.
Figure 2. Specificity dimension of multiscale spatial process of fully
Some scholars have used social media data to predict
COVID-19 hospitalization and case rate25 and conducted
a sensitivity analysis with environmental modeling
approaches.26 Such approaches are valuable, but they do not
examine different levels of spatial process with correlated
data. Future research should incorporate these perspectives
into county-level analysis, including vaccination rates.
vaccinated rate in U.S. counties.

www.ajpmonline.org
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CONCLUSIONS

Situating this study in the emerging COVID-19 eco-
logical research,27 this study has advanced the litera-
ture in 2 ways. Substantively, previous studies largely
focus on COVID-19 cases and deaths,9,28,29 and as
yet little attention has been paid to COVID-19 vacci-
nation rates.6,30 The MGWR results offer robust evi-
dence identifying bipartisanship as playing a
significant role in the differences observed in county-
level fully vaccinated rates, net of other potential
demographic and socioeconomic conditions. The
specificity dimension further highlights the spatially
varying patterns and offers insight into place-based
policies aiming to increase fully vaccinated rates.
Methodologically, this study introduces the 3 dimen-
sions of spatial process to the literature and suggests
that these dimensions improve the understanding of
how ecological social determinants shape the spatial
patterns of population health outcomes, such as
COVID-19 fully vaccinated rates. Without detailed
information about the spatial process of individual
ecological factors, it is difficult to assess their impacts
on health.
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