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Abstract

Objective: To perform a geospatial and temporal trend analysis for coronavirus disease 2019 (COVID-19)
in a Midwest community to identify and characterize hot spots for COVID-19.
Participants and Methods: We conducted a population-based longitudinal surveillance assessing the
semimonthly geospatial trends of the prevalence of test confirmed COVID-19 cases in Olmsted County,
Minnesota, from March 11, 2020, through October 31, 2020. As urban areas accounted for 84% of the
population and 86% of all COVID-19 cases in Olmsted County, MN, we determined hot spots for
COVID-19 in urban areas (Rochester and other small cities) of Olmsted County, MN, during the study
period by using kernel density analysis with a half-mile bandwidth.
Results: As of October 31, 2020, a total of 37,141 individuals (30%) were tested at least once, of whom
2433 (7%) tested positive. Testing rates among race groups were similar: 29% (black), 30% (Hispanic),
25% (Asian), and 31% (white). Ten urban hot spots accounted for 590 cases at 220 addresses (2.68 cases
per address) as compared with 1843 cases at 1292 addresses in areas outside hot spots (1.43 cases per
address). Overall, 12% of the population residing in hot spots accounted for 24% of all COVID-19 cases.
Hot spots were concentrated in neighborhoods with low-income apartments and mobile home com-
munities. People living in hot spots tended to be minorities and from a lower socioeconomic background.
Conclusion: Geographic and residential risk factors might considerably account for the overall burden of
COVID-19 and its associated racial/ethnic and socioeconomic disparities. Results could geospatially guide
community outreach efforts (eg, testing/tracing and vaccine rollout) for populations at risk for COVID-19.
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T he fast spread of the infectious corona-
virus disease 2019 (COVID-19),
caused by severe acute respiratory syn-

drome coronavirus 2, has created a worldwide
pandemic with high morbidity and mortality
rates since January 2020.1 Current research
on COVID-19 largely focuses on clinical and
biological factors for the risk of COVID-19,
whereas public communications, community
health interventions, and allocation of re-
sources could benefit from community-based
contextual data of patients and populations
such as precise geographic distributions and
residential units, given the well-recognized
health effects of the places in which people
live,2 and other social determinants of health
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(SDHs).3-5 For example, despite the reported
geographic clusters nationally4,5 and limited
access to centralized COVID-19 testing facil-
ities, testing and tracing efforts could be
guided by more precise geospatial clusters of
COVID-19 cases and their associated charac-
teristics. Because COVID-19 vaccines are
now available, how best to prioritize and reach
out to populations with disproportionate bur-
dens of COVID-19 is critical.

Some surveillance research performed geo-
spatial analysis for COVID-19 at either county
or state levels in the United States6-9; however,
to date, no studies have performed longitudi-
nal geospatial analysis to identify hot spots
(high geographic clusters of COVID-19 cases)
;5(5):916-927 n https://doi.org/10.1016/j.mayocpiqo.2021.06.011
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at a community level or to characterize popu-
lation characteristics of those residing in iden-
tified hot spots on the basis of contextual
factors, for example, type of residential unit
and socioeconomic environment. This infor-
mation could help us better understand
racial/ethnic disparities of the burden of
COVID-1910-13 and the extent to which
SDHs (socioeconomic, geospatial, and residen-
tial building features) account for such dispar-
ities. To address these gaps, we performed a
longitudinal geospatial analysis for COVID-
19 in Olmsted County, Minnesota, a commu-
nity of the Midwestern region.
PARTICIPANTS AND METHODS

Study Setting
Olmsted County, MN, contains both urban
and rural areas defined by the US census.
The city of Rochester has low white/African
American dissimilarity index of 29.5 in 2010
(vs 82.5 for Chicago, Illinois).14,15 According
to the 2010 census, the population of Olmsted
County was 86% white, 5% African American,
5% Asian, and 4% Hispanic.16 Olmsted
County has a higher median family income
($66,252 in 2009-2013) than the national
average ($53,046).16 Olmsted County, MN,
is an excellent setting to conduct a longitudi-
nal population-based study because medical
care is virtually self-contained within the com-
munity. Medical recordsebased COVID-19
research of the Olmsted County population
is possible through access to Mayo Clinic
COVID-19 testing laboratory data and the
Rochester Epidemiology Project (REP). The
REP, a National Institutes of Healthefunded
medical record linkage system including virtu-
ally all Olmsted County residents, contains all
inpatient and outpatient clinical diagnoses as
well as address information of Olmsted
County residents. More than 95% of residents
authorize their medical information for
research use.17

The United States declared a national emer-
gency for the COVID-19 pandemic on March
13, 2020, and the state of Minnesota issued a
shelter-in-place (lockdown) order from March
27, 2020, to May 13, 2020. The first COVID-
19 case in Olmsted County was reported on
March 11, 2020. Since then, as of the end of
October (study period), the total number of
Mayo Clin Proc Inn Qual Out n XXX 2021;5(5):916-927 n https://do
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COVID-19 cases were 142,311 in the state of
Minnesota and 3402 in Olmsted County (as
of October 29, 2020).18 The study was
approved by the Mayo Clinic and Olmsted
Medical Center institutional review boards.

Study Design and Cohort
This is a population-based longitudinal sur-
veillance that assessed the temporal (semi-
monthly) and geospatial trends of the
prevalence of test confirmed COVID-19 cases
in Olmsted County, MN, from March 11,
2020, through October 31, 2020. Severe acute
respiratory syndrome coronavirus 2 polymer-
ized chain reaction test results for Olmsted
County (n¼43,750) were obtained from the
REP. Testing for severe acute respiratory syn-
drome coronavirus 2 was performed at the
Department of Laboratory Medicine and Pa-
thology at Mayo Clinic. For people tested mul-
tiple times, the date of the first negative test
result was retained for temporal analysis pur-
poses, unless superseded by a positive test
result. In that case, the date of the first positive
test result was used for temporal analysis. The
unit of analysis was persons tested, not tests.
For calculating the prevalence of COVID-19
cases, we used the REP census for Olmsted
County urban population (denominator)
(n¼123,939). Case density was weighted as
described in the Geospatial Analysis section
below by following our previously reported
geographic information system analysis
methods.19,20

Geospatial Analyses
1. Geocoding: The addresses of all persons who
were tested during the study period were geo-
coded using parcel-based geocoding methods.
Doing so enabled us to identify the precise in-
dividual and household location, including
housing characteristics (eg, apartment [APT],
mobile home community [MHC], or single
family house [SFH]) and neighborhood char-
acteristics, in relation to the epidemiology of
COVID-19.
2. Weighting: To account for undertesting of
some populations or neighborhoods, persons
testing positive were weighted by a factor
derived using the formula W¼(BGpop/tot-
pop)/(BGTP/TotTP), in which W is the weight,
BGpop is the census block group population,
totpop is the total county population, BGTP
i.org/10.1016/j.mayocpiqo.2021.06.011 917
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TABLE 1. Characteristics of Study Individualsa,b,c

Characteristic
Not tested
(n¼86,798)

Negative
(n¼34,708)

Positive
(n¼2433)

Total
(N¼123,939) P value

Age at the laboratory test date <.001d

N 86,798 34,708 2433 123,939
Mean � SD 39.9�24.0 41.4�22.8 36.7�18.8 40.3�23.6
Median 37.9 38.2 33.6 37.9
Q1, Q3 18.9, 59.1 24.8, 59.2 22.4, 49.6 21.0, 59.0
Range 1.8-119.8 0.0-107.2 0.5-96.5 0.0-119.8

Age group <.001e

0-5 y 5341 (6.2) 1897 (5.5) 57 (2.3) 7295 (5.9)
6-19 y 17,366 (20.0) 4459 (12.8) 394 (16.2) 22,219 (17.9)
20-44 y 28,672 (33.0) 14,253 (41.1) 1226 (50.4) 44,151 (35.6)
45-64 y 20,166 (23.2) 7735 (22.3) 541 (22.2) 28,442 (22.9)
�65 y 15,253 (17.6) 6364 (18.3) 215 (8.8) 21,832 (17.6)

Female/not female <.001e

Female 44,611 (51.4) 19,858 (57.2) 1291 (53.1) 65,760 (53.1)
Not female 42,187 (48.6) 14,850 (42.8) 1142 (46.9) 58,179 (46.9)

Race <.001e

AI/H/PI/Oth/Mix 6179 (7.1) 2118 (6.1) 232 (9.5) 8529 (6.9)
African American 7359 (8.5) 2342 (6.7) 642 (26.4) 10,343 (8.3)
Asian 6028 (6.9) 1881 (5.4) 149 (6.1) 8058 (6.5)
Refusal/unknown 1374 (1.6) 639 (1.8) 56 (2.3) 2069 (1.7)
White 65,858 (75.9) 27,728 (79.9) 1354 (55.7) 94,940 (76.6)

Ethnicity <.001e

Hispanic 6278 (7.2) 2357 (6.8) 275 (11.3) 8910 (7.2)
Non-Hispanic 80,520 (92.8) 32,351 (93.2) 2158 (88.7) 115,029 (92.8)

Housing-Based Socioeconomic
Status index quartile

<.001e

Q1 26,678 (30.7) 7947 (22.9) 687 (28.2) 35,312 (28.5)
Q2 17,577 (20.3) 6032 (17.4) 334 (13.7) 23,943 (19.3)
Q3 20,225 (23.3) 7191 (20.7) 497 (20.4) 27,913 (22.5)
Q4 20,577 (23.7) 7789 (22.4) 423 (17.4) 28,789 (23.2)
N/A 1741 (2.0) 5749 (16.6) 492 (20.2) 7982 (6.4)

aAI/H/PI/Oth/Mix, American Indian, Hawaiian, Pacific Islander, Other, and Two or More Races; N/A, non-applicable (e.g., PO box ad-
dresses); Q1, Q2, Q3, Q4, quartiles 1, 2, 3, 4.
bData are presented as No. (percentage) unless indicated otherwise.
cReport generated on January 6, 2021.
dKruskal-Wallis test.
eChi-square test.
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is the number of tested persons in the census
block group, and TotTP is the number of
tested persons in the county. The resulting
weights were then applied to each positive
test in subsequent analysis steps. This proced-
ure was applied for each semimonthly period
and cumulatively for the March through the
end of the study period. For the combined
analysis for the entire study period (March
through October 2020), we determined rela-
tive hot spots in urban areas over the period
from the first positive test result through the
end of the analysis by using kernel density
Mayo Clin Proc Inn Qual Out n XXX 2021
analysis with a half-mile bandwidth. Urban
areas had a population density sufficiently
high to enable using a half-mile bandwidth
in kernel density analysis, enabling more pre-
cise location of hot spots. We limited the anal-
ysis to geocoded cases. Hot spots for the
combined analysis (March through October)
were defined as case concentrations that (1)
were in the 95th percentile of case density
and (2) had a relative difference equivalent
to at least 33% higher than the expected case
density. The relative difference was derived us-
ing the formula RD¼(OCDw�ECD)/ECD, in
;5(5):916-927 n https://doi.org/10.1016/j.mayocpiqo.2021.06.011
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TABLE 2. Characteristics of Residents Residing Within and Outside Hot Spotsa,b,c

Characteristic
Does not live in

hotspots (n¼109,288)
Lives in

hotspots (n¼14,651)
Total

(N¼123,939) P value

Test result <.001d

N/A test 76,195 (69.7) 10,603 (72.4) 86,798 (70.0)
Negative 31,250 (28.6) 3458 (23.6) 34,708 (28.0)
Positive 1843 (1.7) 590 (4.0) 2433 (2.0)

Age at the laboratory date <.001e

N 109,288 14,651 123,939
Mean � SD 40.9�23.8 35.3�21.9 40.3�23.6
Median 38.7 32.3 37.9
Q1, Q3 21.6, 59.8 17.2, 51.3 21.0, 59.0
Range 0.0-119.8 0.0-117.8 0.0-119.8

Female/not female .088d

Female 58,083 (53.1) 7677 (52.4) 65,760 (53.1)
Not female 51,205 (46.9) 6974 (47.6) 58,179 (46.9)

Race <.001d

AI/H/PI/Oth/Mix 6619 (6.1) 1910 (13.0) 8529 (6.9)
African American 6353 (5.8) 3990 (27.2) 10,343 (8.3)
Asian 6883 (6.3) 1175 (8.0) 8058 (6.5)
Refusal/unknown 1722 (1.6) 347 (2.4) 2069 (1.7)
White 87,711 (80.3) 7229 (49.3) 94,940 (76.6)

Ethnicity <.001d

Hispanic 6864 (6.3) 2046 (14.0) 8910 (7.2)
Non-Hispanic 102,424 (93.7) 12,605 (86.0) 115,029 (92.8)

Housing-Based Socioeconomic
Status index quartile

<.001d

Q1 (lowest SES) 27,316 (25.0) 7996 (54.6) 35,312 (28.5)
Q2 21,394 (19.6) 2549 (17.4) 23,943 (19.3)
Q3 25,418 (23.3) 2495 (17.0) 27,913 (22.5)
Q4 (highest SES) 28,363 (26.0) 426 (2.9) 28,789 (23.2)
N/A 6797 (6.2) 1185 (8.1) 7982 (6.4)

aAI/H/PI/Oth/Mix, American Indian, Hawaiian, Pacific Islander, Other, and Two or More Races; N/A, non-applicable (e.g., PO box ad-
dresses); Q1, Q2, Q3, Q4, quartiles 1, 2, 3, 4; SES, socioeconomic status.
bData are presented as No. (percentage) unless indicated otherwise.
cReport generated on January 6, 2021.
dChi-square test
eKruskal-Wallis test.
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which RD is the “relative density”, OCDw is
the weighted observed case density, and
ECD is the expected case density based on
the average incidence applied to the REP pop-
ulation. In many rural areas of Olmsted
County, the population density was low
enough that the expected case density would
be close to zero. Focusing on the cumulative
time period from March 11 through October
31 limited hot spots to 10 areas, all within
the city of Rochester. Thus, we focused our
geospatial analysis on COVID-19 epidemi-
ology in the city of Rochester.
3. Temporal trend analysis: To determine tem-
poral differences in the spatial locations of
Mayo Clin Proc Inn Qual Out n XXX 2021;5(5):916-927 n https://do
www.mcpiqojournal.org
hot spots, we mapped urban hot spots. We
examined cases and testing over the following
periods: all of March 2020 (March 3 to March
31), early April (April 1 to April 15), late April,
early May, late May, and so on. For urban
areas (operationalized as areas within munic-
ipal boundaries), we mapped the kernel den-
sity of weighted positive cases by using a
half-mile bandwidth and identified hot spots
as defined above.

Data Analyses
Apart from the geospatial and temporal trend
analysis for COVID-19 cases in the community,
we compared study individuals who were tested
i.org/10.1016/j.mayocpiqo.2021.06.011 919
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for COVID-19 and those with positive COVID-
19 test results by using descriptive analysis.
Similarly, we compared populations residing
within and outside hot spots in the community.
We characterized study individuals with age,
sex, race/ethnicity, and a validated individual
level socioeconomic measure called Housing-
Based Socioeconomic Status index21-42 with re-
gard to their COVID-19 test status (Table 1)
and residence status in hot spots (Table 2). Geo-
spatial analysis was performed using ArcMap
10.4.1 (produced by Esri).
RESULTS

Characteristics of Study Individuals
Of 123,939 Olmsted County urban residents
included in the analysis, 65,760 (53%) were
women and the mean age was 40.3�23.6
years (Table 1). On the basis of self-report,
94,940 (77%) were white, 10,343 (8%) Afri-
can American, and 8058 (7%) Asian; 8910
(7%) reported Hispanic ethnicity. Addresses
were successfully geocoded for 97% of the
full county sample (n¼140,829). The popula-
tions residing in urban areas (the city of
Rochester and other small cities) in Olmsted
County, MN, account for 88% of the Olmsted
County population (123,939).
Prevalence of COVID-19, Temporal Trends,
and Characteristics of COVID-19 Cases
As of October 31, 2020, a total of 37,141 in-
dividuals (30% of urban residents) were tested
Month
pr May Jun Jul Aug Sep Oct

Test result Positive

nds of coronavirus disease 2019 in urban areas of
sota.
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at least once, of whom 2433 (2%) tested pos-
itive, accounting for 86% of the total number
of COVID-19 cases in Olmsted County, MN,
during the study period. Since the first
COVID-19 case was confirmed on March 11,
the total number of new cases per month
initially increased until July and decreased
during summer. Subsequently, the total num-
ber of cases markedly increased since
September and reached a peak in October
(Figure 1). Figure 2 depicts temporal (semi-
monthly) trends of COVID-19 cases in relation
to demographic characteristics for age
(Figure 2A), sex (Figure 2B), race/ethnicity
(Figure 2C), and socioeconomic status (SES)
(Figure 2D). The proportion of African Amer-
icans (8% [10,383/123,939] of the Olmsted
County urban population) among COVID-
19 cases were substantially higher between
April and June (45% [324/721]) than that of
whites (77% [94,940/123,939] of population,
30% [219/721] of cases) and dramatically
decreased since then (34% [129/383] of ur-
ban cases in July and 5% [34/629] in
October). A majority of positive cases since
July was driven by whites, especially from
September (77% [596/774] of urban cases).
Despite disparities in COVID-19 cases, no
differences in testing rates were found: 29%
[2984/10,343] (black), 30% [2632/8910]
(Hispanic), 25% [2030/8058] (Asian), and
31% [29,082/94,940] (white). Populations
from the lowest socioeconomic background
(quartile 1) consistently had a higher burden
of COVID-19 up to July 2020, and since
then, populations from quartile 3 and quartile
4 (highest SES) had a higher burden of
COVID-19.

Geospatial Trends of COVID-19 in the
Community
The results of the longitudinal (semimonthly)
geospatial analysis for COVID-19 are pre-
sented in the Supplemental Figure (available
online at http://www.mcpiqojournal.org).
The combined geospatial analysis results based
on the entire study period are presented in
Figure 3.

During the early phase (March) of COVID-
19, hot spots were concentrated in all housing
types including APTs, MHCs, and SFHs in
most regions of Rochester. However, from
mid-April, hot spots exhibited clear new
;5(5):916-927 n https://doi.org/10.1016/j.mayocpiqo.2021.06.011
www.mcpiqojournal.org
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trends of being concentrated in APTs and
MHCs, primarily in northwest and southeast
regions, with less affecting population residing
in SFHs and southwest areas, which were
Mayo Clin Proc Inn Qual Out n XXX 2021;5(5):916-927 n https://do
www.mcpiqojournal.org
relatively persistent until September. Since
September, hot spots exhibited in almost all
regions in Rochester, and in October, popula-
tions were affected regardless of housing types,
i.org/10.1016/j.mayocpiqo.2021.06.011 921
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which coincided with the peak of COVID-19
cases in the community, as shown in
Figure 1. According to the geospatial analysis
for the entire study period as shown in
Figure 3, overall, urban hot spots were
concentrated in 3 types of areas: (1) low-
income family APT complexes, (2) MHCs,
and (3) nearby moderate-income SFH residen-
tial areas.
Comparison of Population Characteristics
Between Those Residing in Hot Spots and
Those Outside Hot Spots
Table 2 summarizes characteristics between
those residing in hot spots and those outside
hot spots. Ten urban hot spots meeting the
95th percentile and relative difference of
0.33 or higher thresholds were limited to
only the city of Rochester. Urban cases affected
Mayo Clin Proc Inn Qual Out n XXX 2021
1512 addresses with 2433 persons tested pos-
itive. Ten urban hot spots accounted for 590
cases at 220 addresses (2.68 cases per address)
as compared with 1843 cases at 1292 ad-
dresses in areas outside hot spots (1.43 cases
per address). Overall, 12% (14,651/123,939)
of the population residing in hot spots
accounted for 24% (590/2433) of all urban
COVID-19 cases (n¼590). People living in
hot spots tend to be minorities (eg, African
American and Hispanic) and from a lower so-
cioeconomic background.
DISCUSSION
To our knowledge, this is the first longitudinal
geospatial analysis for COVID-19 epidemi-
ology at a county level in the United States.
Our geospatial trend analysis revealed that
hot spots for COVID-19 are a major
;5(5):916-927 n https://doi.org/10.1016/j.mayocpiqo.2021.06.011
www.mcpiqojournal.org
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FIGURE 3. Geospatial analysis and hot spots for coronavirus disease 2019 (COVID-19) in the city of
Rochester, Minnesota, from March 11, 2020, through October 31, 2021. Overall, urban hot spots were
concentrated in 3 types of areas with low-income family apartment (APT) complexes, mobile home
communities (MHCs), and nearby moderate-income single family house residential areas. RD, relative
density.
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unrecognized geographic risk factor for
COVID-19 and appears to be concentrated
in neighborhoods with lower-income APTs
and MHCs. Minorities and socioeconomically
underresourced populations with COVID-19
disproportionately resided in hot spots. These
significant disparities occurred despite the
reported community factors mitigating health
disparities such as low dissimilarity index
and higher mean family income than the na-
tional average. Our temporal trend analysis
revealed distinctive patterns of COVID-19
epidemiology at a community level.

Overall, 12% population residing in hot
spots for COVID-19 accounted for 24% of ur-
ban COVID-19 cases and such hot spots
appear to be concentrated in areas of urban
lower-income APTs and MHCs. These results
are novel and suggest that hot spots for
Mayo Clin Proc Inn Qual Out n XXX 2021;5(5):916-927 n https://do
www.mcpiqojournal.org
COVID-19 and their associated housing types
could be a major unrecognized geographic risk
factor for COVID-19, which might account for
widely recognized racial/ethnic and socioeco-
nomic disparities in COVID-19 cases4,43-45 as
individuals residing in hot spots were more
likely to be minorities (eg, African American
and Hispanic) and those from a lower socio-
economic background. These results might
imply that combinations of both crowded res-
idential units and minorities and those with
lower SES might pose substantially increased
risks of transmission of COVID-19 in popula-
tions residing in APTs or MHC settings in the
community. These observations may provide
important implications for policy prescription
and public health interventions. For example,
although testing and tracing is a major mitiga-
tion strategy for the pandemic apart from the
i.org/10.1016/j.mayocpiqo.2021.06.011 923
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recommended public health measures (we did
not observe differences in access to COVID-19
testing among different race/ethnic groups in
our study),46,47 families living in a crowded
housing unit who had a COVID-19eaffected
family member might not have much choice
other than all members being exposed and
developing COVID-19.4,48-50 This finding
highlights the importance of the role of
SDHs, such as housing or even arranging a
temporary place for isolation or quarantine
of the affected family members for those living
in crowded residential units (eg, APTs)
beyond testing and tracing to mitigate the
risk of COVID-19 transmissibility in the
community.45,51,52

Another important implication of our geo-
spatial analysis results is to provide geospatial
guidance to reach out to underresourced pop-
ulations with a higher burden of COVID-19,
which is useful for prioritizing COVID-19 vac-
cines to populations at risk instead of contro-
versial race/ethnicity-based prioritization.53

For example, a community outreach team of
clinical practice used our geospatial analysis,
which identified high-priority neighborhoods
for influenza vaccination (“Pop-Up Flu Immu-
nization Clinic”) and its potential locations to
reach out to underresourced populations for
influenza vaccination on the basis of geospatial
data on SES, burden of COVID-19, and high-
risk conditions for influenza (unpublished
data). These underresourced populations
would not have otherwise had access to influ-
enza vaccination. A recent study identified
racial/ethnic, sex, age, language, and socioeco-
nomic differences in accessing telemedicine
(an important communication measure) for
primary care during the pandemic, which
may exacerbate existing inequities in care
among vulnerable populations.54 Thus, this
geographically targeted approach guided by
geospatial analysis can be valuable for priori-
tizing COVID-19 vaccine delivery for popula-
tions at risk in the community and public
health education, given the reported low likeli-
hood of getting a COVID-19 vaccine in
African American individuals and those with
lower educational backgrounds despite their
disproportionately higher burden of
COVID-19.55

Apart from our geospatial analysis, our
temporal geospatial trend analysis of
Mayo Clin Proc Inn Qual Out n XXX 2021
COVID-19 epidemiology reveals a few note-
worthy findings. First, it appears that there
are 3 phases of COVID-19 epidemiology dur-
ing the study period. During the early phase
(March) of COVID-19 in our community,
the pandemic started with a geographically
widespread outbreak in the community rela-
tively without regard to housing types and
geographic locations. We postulate that this
phase might reflect a relatively uninformed
phase of the community to COVID-19 since
the first case reported on March 10, 2020.
During the second phase from April through
July, the community became cognizant of the
pandemic and the state of Minnesota issued a
shelter-in-place (lockdown) order from
March 27, 2020, to May 13, 2020. During
this phase, significant disparities in the
burden of COVID-19 cases emerged, dispro-
portionately affecting the minority popula-
tion and socioeconomically underresourced
population. Many minorities and underre-
sourced populations are employed as essen-
tial workers, which substantially increased
the risk of COVID-19 transmission within
their household.4,11,43-45,56 We postulate
that this phase reflects a phase when SDHs
operated their effects on the acquisition and
transmission of COVID-19 and their out-
comes. During the third phase after July
(summer), a majority of positive cases was
driven by whites and those with relatively
higher SES, whereas the total number of
COVID-19 cases drastically reduced in mi-
norities and those from a lower socioeco-
nomic background. People from a higher
socioeconomic background and white people
seem to be associated with the second spike
of COVID-19 (first spike during July). Small
gatherings have been one of the main sources
of the second spike per the Olmsted County
Public Health Services according to their
epidemiological investigation (M. Sherden,
MPH, oral communication, December 2020)
and tracing as recognized by the Centers for
Disease Control and Prevention.57 This phase
might reflect relaxation of restrictions, politici-
zation of some protective matters (eg, mask-
ing),58,59 and pandemic fatigue in some
subgroups of populations becoming nonadher-
ent to the recommended public health mea-
sures in addition to other factors.60 These
observations provide an important insight
;5(5):916-927 n https://doi.org/10.1016/j.mayocpiqo.2021.06.011
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into the effect of changes in distinctive popula-
tion behaviors and the time-dependent differ-
ential effect of SDHs during the pandemic
over time on the risk of transmission of
COVID-19 at a community level. It may pro-
vide an important policy prescription for pre-
paring the community for future inevitable
pandemics.

Our study has a few important strengths.
First, our study is a population-based study
leveraging a self-contained health care environ-
ment and REP, electronic data repository for
our community population. Second, our study
is the first longitudinal temporal geospatial
analysis for COVID-19 epidemiology in a Mid-
west community with low dissimilarity index.
Third, the prevalence of COVID-19 was
weighted by the number of tests and popula-
tion size and was characterized by individual
level SES for the study population. Also, our
study has some limitations. Some COVID-19
tests and cases might be missed in our data sur-
veillance system if they were performed outside
our study setting, and 5% of the population did
not authorize to use their medical records for
research. Our study setting has a unique feature
such as a higher proportion (22%) of health
care workers, which might affect the interpreta-
tion of our study results with caution. Our geo-
spatial analysis results were not tested for
statistical significance given the frequent update
of the results (semimonthly).
CONCLUSION
Our longitudinal geospatial analysis reveals
novel geographic and residential risk factors
that might considerably account for the over-
all burden of COVID-19 and its associated
racial/ethnic and socioeconomic disparities
in the community. The results could geospa-
tially guide community outreach efforts (eg,
public health education, testing/tracing, and
vaccine rollout) for populations at risk for
COVID-19.
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