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Objective: To understand the degree of spatial clustering of COVID-19 and population vulnerability in
counties in the contiguous U.S.
Overview: In this analysis, we highlight red counties that have combinations of a high percentage of
vulnerable populations and high rates of COVID-19, and that are also adjacent to counties with similarly
high values. We calculate and map a Local Indicator of Spatial Association (LISA) for pairs of variables in
counties in the contiguous United States.
Methods:
Percent of population with COVID-19
We first assembled an indicator of COVID-19 infection for counties. We calculated a “Percent of
population with confirmed positive COVID-19 cases” by dividing the total number of confirmed COVID19 cases by the total number of people in each county. COVID-19 cases were obtained from Johns
Hopkins University researchers (CSSE 2020) and represent the total of cases as of 14 April 2020. County
population data came from the American Community Survey’s county-level population estimates for
2012-2016, as provided by the CDC’s Social Vulnerability Index (CDC n.d.). We note that these numbers
do not reflect the true infection rate in a community because as of this writing, large swaths of the
population were not being tested.
Socio-demographic vulnerability variables
We assembled county-level variable indicators of population vulnerability to environmental stressors to
compare against the percent of confirmed COVID-19 cases to evaluate the degree of spatial clustering of
extreme values in rates of COVID-19 and population vulnerability. These variables are:
•
•
•
•

Percent Age 65 or Older: Percentage of persons aged 65 and older
Percent Not White: Percentage of the population that are not white, non-Hispanic
Percent without Health Insurance: Percentage uninsured in the total civilian noninstitutionalized
population
Percent in Poverty: Percentage of persons below poverty

Maps of local clustering of COVID-19 vs. population vulnerability
Spatial cluster analysis of public health threats can help inform containment and mitigation strategies that
cannot be easily addressed independently by one jurisdiction (Zhang et al. 2019). The United States
Centers for Disease Control and Prevention (CDC) suggests consideration of epidemiology in surrounding
counties in their guidelines for local implementation of mitigation strategies for community spread of
COVID-19 (CDC n.d.). Thus, spatial cluster analysis is a more useful method to identify spatially proximate
groups of counties with extreme minima and maxima of COVID-19 and population vulnerability indicators
than simply mapping COVID rates together with population indicators.
We used an exploratory spatial data analysis (ESDA) method to identify spatial clusters of high and low
values of percent of population with COVID-19 and, individually, the population vulnerability variables
listed above. ESDA is an extension of exploratory spatial analysis (EDA) to explore the spatial properties

of data (Haining, Wise, and Ma 2002). For counties in the contiguous US, we calculated the Local Indicator
of Spatial Association (LISA, Anselin 1995). LISA works by finding combinations of extreme values in the
distribution of both variables and identifying the degree to which those combinations are clustered in
space. Clustering in space requires a spatial weights matrix for observations (counties in this analysis) to
specify the definition of a neighboring observation. We used a queen first-order contiguity algorithm
(illustrated below—as the Queen moves in chess) to determine the spatial weights matrix, indicating that
any county that has coincident boundaries with a county of interest is considered a neighbor. We
implemented LISA in R (R Core Team 2019) and obtained similar results to those in the GeoDA software
package, the reference implementation of LISA (Anselin, Syabri, and Kho 2006).

Figure 1. Queen contiguity spatial weights matrix. Adapted from Bellefon, Loonis, and Le Gleut (2018).

The color coding in the illustrative legend below applies to all maps (but ignore the number in
parenthesis). We only mapped LISA clusters in the High-High and Low-High categories that also had pvalues <=0.05. LISA computes the four possible outcomes of extrema for two variables:
•
•
•
•

both variables in counties are high and surrounded by similarly high values in neighboring
counties (red; this combination is particularly what we are interested in);
both variables in counties are low and surrounded by similarly low values in neighboring counties;
one variable in counties is low and surrounded by high values in neighboring counties (light
purple);
one variable in counties is high and surrounded by low values in neighboring counties (pink).

Figure 2. Illustrative map legend of LISA cluster analysis maps.
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