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Abstract 

Background COVID-19 is an important public health concern due to its high morbidity, mortality and socioeco-
nomic impact. Its burden varies by geographic location affecting some communities more than others. Identifying 
these disparities is important for guiding health planning and service provision. Therefore, this study investigated 
geographical disparities and temporal changes of the percentage of positive COVID-19 tests and COVID-19 incidence 
risk in North Dakota.

Methods COVID-19 retrospective data on total number of tests and confirmed cases reported in North Dakota 
from March 2020 to September 2021 were obtained from the North Dakota COVID-19 Dashboard and Department 
of Health, respectively. Monthly incidence risks of the disease were calculated and reported as number of cases per 
100,000 persons. To adjust for geographic autocorrelation and the small number problem, Spatial Empirical Bayes-
ian (SEB) smoothing was performed using queen spatial weights. Identification of high-risk geographic clusters of 
percentages of positive tests and COVID-19 incidence risks were accomplished using Tango’s flexible spatial scan sta-
tistic. ArcGIS was used to display and visiualize the geographic distribution of percentages of positive tests, COVID-19 
incidence risks, and high-risk clusters.

Results County-level percentages of positive tests and SEB incidence risks varied by geographic location ranging 
from 0.11% to 13.67% and 122 to 16,443 cases per 100,000 persons, respectively. Clusters of high percentages of 
positive tests were consistently detected in the western part of the state. High incidence risks were identified in the 
central and south-western parts of the state, where significant high-risk spatial clusters were reported. Additionally, 
two peaks (August 2020-December 2020 and August 2021-September 2021) and two non-peak periods of COVID-19 
incidence risk (March 2020-July 2020 and January 2021-July 2021) were observed.

Conclusion Geographic disparities in COVID incidence risks exist in North Dakota with high-risk clusters being identi-
fied in the rural central and southwest parts of the state. These findings are useful for guiding intervention strategies 
by identifying high risk communities so that resources for disease control can be better allocated to communities in 
need based on empirical evidence. Future studies will investigate predictors of the identified disparities so as to guide 
planning, disease control and health policy.
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Introduction
Coronavirus disease 2019 (COVID-19) was declared a 
pandemic on 11 March 2020 by World Health Organ-
ization [1], and since then United States (US) has 
reported the highest number of confirmed cases and 
deaths as of 22 March 2022 [2]. The state of North 
Dakota (ND) identified the first COVID-19 case on 11 
March 2020, which was followed by an upsurge in the 
number of cases in all counties in the state resulting in 
significant impact to both the health and economic well 
being of the state [3]. Therefore, the governor of ND 
declared COVID-19 pandemic a major disaster on 29 
March same year [4] with the state reporting a total of 
239,672 positive cases with 2,242 deaths by 22 March 
2022 [2].

There is evidence that the incidence and severity of 
COVID-19 vary by geographical region due, at least in 
part, to differences in population characteristics such as 
socio-economic, demographic, and chronic health condi-
tions [5–8]. For example, previous studies have reported 
higher COVID-19 incidence risks in geographic regions 
with a high proportion of Black/or Hispanic individu-
als [9–11]. The American Public Media Research Lab 
reported that the COVID-19 mortality rate was 2.3 times 
higher in Black people as compared with White Ameri-
cans [12]. Other social determinants, including access to 
healthcare, income inequality, high population density, 
and cultural beliefs may influence disease incidence and 
burden. In addition, certain occupations (e.g. doctors, 
nurses, laboratory professionals, road workers) may also 
be at higher risks of the disease [13–15].

Population differences in levels of mobility is another 
factor that might contribute to geographic differences 
in COVID-19 risks. Previous studies found high cor-
relations between mobility and the COVID-19 burden 
in counties of China and the US [16, 17]. Chang and his 
co-workers reported that the COVID-19 infection rates 
were higher among low socio-economic groups [18] than 
higher income groups. This is attributed to the fact that 
individuals in low-income brackets tend to work in more 
crowded environments and are more likely to use public 
transport system. Therefore, they are more likely to be 
exposed to COVID-19 resulting in higher disease inci-
dence in these populations [18]. Moreover, low-income 
populations tend to experience household overcrowding 
which also increases risk of exposure to COVID-19 [10, 
19, 20].

Identifying geographical disparities of COVID-19 risk 
is important for guiding health planning and policies for 
disease control and prevention. Unfortunately, very lit-
tle is known about geographic disparities of COVID-19 
risk in ND. Therefore, the objective of this study was to 
identify geographic disparities and temporal changes of 

percentage of positive COVID-19 tests and COVID-19 
incidence risk in ND to guide control efforts.

Methods
Ethics approval
This study was approved by the University of Tennes-
see Institutional Review Board (IRB number: UTK IRB-
22–07032-XM) and all study methods were carried out in 
accordance with relevant guidelines and regulations. The 
investigators did not contact the subjects.

Study area
The study area included all 53 counties of North Dakota 
(ND), which has a population of 760,394 comprised of 
51% males and 49% females [21]. Geographically, the 
state lies between 97°-104° W and latitude  45o55’-49o N 
and ranks  19th by area in the United States. As of 2020, 
the most populated county was Cass county with 179,937 
people, while Slope County was the least populated 
[21]. The racial composition is 86.9% White, 3.4% Afri-
can American, 5.6% American Indian, and 1.7% Asian. 
Although 97% of North Dakota’s land is mainly rural, 
only 39.4% of the total population lives in rural areas 
[22]. A total of 39 of the 53 counties are classified as com-
pletely rural, 3 counties are mostly rural, and 11 counties 
are urban (Fig. 1).

Data source and preparation
This retrospective study used secondary data that 
included confirmed COVID-19 cases reported from 
March 2020 to September 2021 and obtained from North 
Dakota Department of Health and Human Services 
(NDDHHS). Data of total number of COVID-19 tests 
[Polymerase Chain Reaction (PCR) or Antigen (Ag)] per-
formed in North Dakota during the study period were 
downloaded from the North Dakota COVID-19 Dash-
board [23]. County-level percentages of positive tests 
were computed and expressed as number of positive 
COVID-19 PCR tests per 100 tests. County-level inci-
dence risks were computed based on confirmed COVID-
19 cases reported during the study period and expressed 
as number of cases per 100,000 population. The 5-year 
population estimates for the time period 2015–2019, 
used as the denominator for calculating county level 
COVID-19 incidence risks, were obtained from the 
American Community Survey [21]. County-level carto-
graphic boundary file was downloaded from the United 
States Census Bureau TIGER Geodatabase [24] and used 
for all spatial displays.

Temporal and geographical distribution of COVID‑19
Descriptive statistics of percentages of positive tests and 
COVID-19 incidence risks were calculated using SAS 9.4 
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[25]. To assess the changes in geographic disparities over 
time, percentages of positive tests and incidence risks 
were computed for four time periods (March 2020-July 
2020, August 2020-December 2020, January 2021-July 
2021, and August 2021-September 2021). Peak periods 
(August-December 2020 and August–September 2021) 
were classified as those with incidence risks ≥ 500 per 
100,000 population in a month otherwise they were con-
sidered non-peak periods (March-July 2020 and January-
July 2021). Temporal changes in incidence risks over the 
four time periods were displayed graphically in Microsoft 
Excel [26].

County-level Spatial Empirical Bayesian (SEB) 
smoothed incidence risks were computed in GeoDa [27–
29] to adjust for spatial autocorrelation and small num-
ber of cases/population sizes of some counties.

Spatial clusters detection method
Tango’s flexible spatial scan statistic (FSSS) was com-
puted in FleXScan [30] to identify counties with signifi-
cantly high percentages of positive tests and COVID-19 
incidence risks [31]. Scanning for spatial clusters was 
done using a maximum spatial scanning window of 15 
counties specifying restricted log likelihood ratio (LLR) 
and an alpha of 0.2. A critical p-value of 0.05 and 999 
Monte Carlo simulations were used to identify the statis-
tically significant clusters. Potential clusters were ordered 
based on their restricted LLR. The cluster with the largest 
value of the restricted LLR was considered the primary 
cluster. Only high-risk clusters with relative risks ≥ 1.10 
were considered meaningful.

Cartographic display
All cartographic displays were performed in ArcGIS ver-
sion 10.8.1 [32]. Choropleth maps, generated in ArcGIS 
version 10.8.1 (ESRI) [32], were used to visualize the 
distribution of percentages of positive tests and both 
unsmoothed and smoothed COVID-19 incidence risks 
using Jenk’s optimization classification scheme. The cho-
ropleths maps were generated for the four-time periods; 
March 2020-July 2020, August 2020-December 2020, 
January 2021-July 2021, and August 2021-September 
2021. Identified high risk spatial clusters were also dis-
played using ArcGIS.

Results
Spatial distribution
Percentages of positive tests varied across the state rang-
ing from 0.11% to 13.67%. Higher percentages of posi-
tive tests were observed in August-December 2020 and 
August–September 2021 (0.72%-13.67%) compared to 
March-July 2020 and January-July 2021 (0.11%-5.83%) 
(Fig. 2). Counties located in the western part of the state 
had consistently high percentages of positive tests dur-
ing peak and non-peak periods. Several counties in the 
easternmost part of the state, on the other hand, had high 
percentages of positive tests in non-peak periods. Addi-
tionally, high percentages of positive tests were observed 
in central ND counties from March 2020 to July 2021. 
More than half of the counties had ≥ 5% positive tests 
in August-December 2020 (Fig.  2).The total number of 
COVID-19 confirmed cases over the study period was 
117,617. The spatial patterns in the unsmoothed maps 

Fig. 1 Geographic Distribution of Urban/Rural counties and major cities in North Dakota, USA
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(Fig.  3) were not as apparent as those in the smoothed 
maps (Fig. 4). The county-level SEB incidence risks var-
ied by geographical region and ranged from 122 to 16,443 
cases per 100,000 population (Fig. 4). Higher risks were 
observed in August-December 2020 and August–Sep-
tember 2021 whereas the lowest risks in most counties 
were observed during March-July 2020. The higher inci-
dence risk tends to occur in the middle and southwestern 
parts of the state. It is also worth noting that most of the 
counties with high incidence risks were located in rural 
areas although some urban counties (Cass, Burleigh, and 
Morton) also had high incidence risks.

Clusters of COVID‑19 incidence risks
Similar to the geographic distribution of percentages of 
positive COVID-19 tests, significant clusters of high per-
centages of positives tests were consistently identified in 
the western part of the state (Figs. 2 and 5). However, a 

few small clusters of high percentages of positive tests 
detected in August-December 2020 were located in the 
central part of state (Table 1, Fig. 5).

Significant high-risk spatial clusters of COVID-19 inci-
dence were identified in the middle and southern-west 
parts of the state (Fig. 6), which were consistent with the 
spatial distribution of COVID-19 incidence risks (Figs. 3 
and 4). The number of counties involved in the spa-
tial clusters increased between 2020 and 2021 (Table  2, 
Fig.  6). During August-December 2020, two high-risk 
clusters were detected. The primary cluster with a relative 
risk (RR) of 1.15 was identified in central North Dakota, 
containing six counties (Fig. 6). A high-risk spatial cluster 
with relative risk 1.71 was also detected in the central and 
western part during August 2021-September 2021. This 
cluster included seven counties and, except for inclu-
sion of Ward and Mclean counties, was generally similar 
to the primary cluster found in August 2020-December 

Fig. 2 Distribution of positive COVID-19 PCR tests per 100 tests in North Dakota from March 2020 to September 2021

Fig. 3 Distribution of unsmoothed COVID-19 incidence risks per 100,000 population in North Dakota from March 2020 to September 2021
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2020 time period. On the other hand, a primary cluster 
with only three counties (McKenzie, Williams, Golden 
Valley) was detected in the middle and western part dur-
ing January 2021-July 2021. Furthermore, two secondary 
clusters were identified in the Eastern part of the state 
during August-December 2020. Interestingly, no second-
ary cluster was detected in the August–September 2021 
time period.

Temporal pattern
The overall number of COVID-19 cases increased from 
2020 to 2021. Two peaks of incidence risk were observed: 
(i) August-December 2020 and (ii) August–September 
2021 (Fig.  7). The highest risk, 4500 cases per 100,000 
persons was identified in the month of November 2020. 
The two non-peak periods were March-June 2020, and 
January-July 2021 which showed risks less than 500 cases 
per 100,000 population.

Discussion
This study investigated geographic disparities and tem-
poral patterns of county-level COVID-19 incidence risks 
in North Dakota. The findings of this study are useful for 
identifying communities with high COVID-19 incidence 
risks so as to guide planning and intervention efforts.

The observed high risks in August to December 2020 
followed by a decline in the Summer, and then a steady 
increase in August to September 2021 are comparable to 
findings reported by the Centers for Disease Control and 
Prevention (CDC) and other previous studies in the US 
[33–35]. This might be due to the fact that temperature 
and humidity played a role in human behavioral patterns 
and viral survival, which favored severe acute respiratory 
syndrome coronavirus-2 (SARS-CoV-2) transmission 
[36–39]. Vaccination could be another explanation for 
the observed temporal pattern since the Food and Drug 
Administration (FDA) first authorized the COVID-19 

Fig. 4 Distribution of SEB smoothed COVID-19 incidence risks per 100,000 population in North Dakota from March 2020 to September 2021

Fig. 5 High-risk spatial clusters of percentage of positive COVID-19 tests identified in North Dakota from March 2020 to September 2021
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vaccine on December  10th 2020, and mass vaccination 
throughout the US was started a few days later [40].

There was evidence of geographical disparities in 
COVID-19 incidence risks with most of the high risks 
being observed in rural communities. This is probably 
due to high rates of poverty, smoking, respiratory dis-
eases, high blood pressure, and obesity in the rural areas 
compared to urban areas [41]. Some previous studies also 
found that behavioral and demographic factors such as 
smoking history and co-morbidities are associated with 
COVID-19 incidence [42–46]. The observed high risk in 

rural areas may also be due to lower healthcare resources 
since rural areas tend to have lower access to health facil-
ities compared to urban areas [47].

The high incidence risks and high-risk clusters 
observed in the central and south-western parts of the 
state may be due to low levels of education attainment in 
these areas. Statistics show that the percentage of post-
secondary degree attainment is substantially higher in 
the eastern regions compared to the west and central 
parts of North Dakota [48]. A recent study conducted 
by Das et al. in St. Louis, Missouri reported a significant 

Table 1 Purely spatial clusters of high percentages of positive COVID-19 tests identified in North Dakota from March 2020-September 
2021

a Relative Risk

Period Cluster Total no. of tests Observed 
positive tests

Expected 
positive tests

No. of 
counties

RRa p‑value

March 2020-July 2020 Cluster 1 81,928 2,925 1,716 1 1.70 0.001

Cluster 2 17,354 465 364 5 1.28 0.001

August 2020-December 2020 Cluster 1 136,239 14,648 10,791 8 1.36 0.001

Cluster 2 9,949 1,125 788 3 1.43 0.001

Cluster 3 14,276 1,408 1,131 1 1.25 0.001

Cluster 4 11,920 1,121 944 2 1.19 0.001

Cluster 5 5,232 499 414 1 1.20 0.020

January 2021-July 2021 Cluster 1 39,304 1,351 673 4 2.01 0.001

Cluster 2 155,799 3,419 2,667 1 1.28 0.001

Cluster 3 15,805 406 271 2 1.50 0.001

Cluster 4 3,280 121 56 2 2.16 0.001

Cluster 5 12,548 281 215 2 1.31 0.005

August 2021-September 2021 Cluster 1 106,696 6,148 4,546 10 1.35 0.001

Cluster 2 9,416 641 401 2 1.60 0.001

Cluster 3 2,147 165 92 2 1.80 0.001

Cluster 4 8,904 499 379 3 1.32 0.001

Fig. 6 High-risk spatial clusters of COVID-19 incidence risks identified in North Dakota from March 2020 to September 2021
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association between COVID-19 incidence risk and 
higher education [49]. This may be closely related to the 
abilities of individuals with lower levels of education to 
observe preventive measures such as social distancing. 
Compared to individuals with lower levels of educa-
tion, those with high levels of education are more likely 
to work from home and observe social distancing and 
hence reduce chances of infection with COVID-19 [50, 
51]. Geographical differences in vaccination coverage 
might be another reason for these disparities. The per-
centage of the population that received at least one dose 
of COVID-19 vaccine was comparatively higher in the 
eastern regions compared to the west and central [52]. 

Lack of health insurance coverage among the residents of 
central and south-western parts of North Dakota might 
be a reason for the lower number of vaccinations. There 
is evidence that health insurance coverage for individuals 
under 65 years old was significantly higher in the eastern 
counties compared to the other counties of North Dakota 
[53]. Although COVID-19 immunizations are free to all, 
it might be possible that uninsured individuals may not 
understand that COVID-19 vaccination is free for all.

Racial differences in population distribution may 
also account for the observed disparities. A previ-
ous study reported that minority populations tend to 
work in high-contact occupations (hotel, restaurant, 

Table 2 Purely spatial clusters of high COVID-19 incidence risk identified in North Dakota from March 2020-September 2021

a Relative Risk

Period Cluster Population Observed cases Expected cases No. of 
counties

RRa p‑value

Mar 2020-Jul 2020 Cluster 1 176,975 2,925 1,540 1 1.90 0.001

Cluster 2 94,793 944 825 1 1.14 0.008

Cluster 3 6,873 92 60 1 1.54 0.035

Aug 2020-Dec 2020 Cluster 1 243,600 30,519 26,613 6 1.15 0.001

Cluster 2 128,851 16,033 14,077 8 1.14 0.001

Cluster 3 16,735 2,049 1,828 2 1.12 0.001

Jan 2021-Jul 2021 Cluster 1 50,387 1,309 858 3 1.53 0.001

Cluster 2 176,975 3,419 3,014 1 1.13 0.001

Cluster 3 176,520 3,407 3,006 8 1.13 0.001

Cluster 4 13,645 345 232 2 1.48 0.001

Aug 2021-Sep 2021 Cluster 1 185,480 6,073 3,542 7 1.71 0.001

Fig. 7 Temporal pattern of COVID-19 incidence risk from March 2020 through September 2021
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road construction, and food service), which increases 
the probability of SARS-CoV-2 infection [54]. Similarly, 
some previous studies also documented that minority 
race is associated with low household income, which is 
significantly associated with COVID-19 risk [55–58]. It 
is also possible that the unequal distribution of health 
facilities, distrust by some minority populations, and dis-
crimination may play a role in the observed disparities. 
Geographical differences in COVID risks among male 
and female populations might be another reason of these 
observed disparities. There is evidence that counties with 
high percentages of females are located in the central 
and southwest parts of ND [59]. Furthermore, accord-
ing to NDDHHS, higher risks of COVID-19 was detected 
among females (52.7%) than males (47.3%) [60]. Simi-
larly, a recently published article reported that counties 
with more females had higher rates of COVID-19 cases 
and deaths [61]. This might be due to the fact that two 
thirds of the workers in the frontline industries (health-
care, childcare and social service, pharmacy technicians, 
cashier, and customer service representatives) during the 
pandemic were female [62] and hence they were at higher 
risk of exposure and infection.

The high percentage of COVID-19 positive tests, as 
well as high risk clusters of the positive tests, also showed 
a similar distribution. The western parts of the state 
tended to have high percentages of positive tests com-
pared to the other parts of North Dakota. This might 
be due to the high proportions of Hispanic population 
in these areas [63]. Hispanic people tend to live in high 
deprivation areas with low access to health care facili-
ties. A previous study conducted by Lewis et. al. in Utah 
reported that the percentage of test positivity increased 
with the level of deprivation [64].

Strengths and weaknesses
This is the first study in North Dakota that has investi-
gated geographical disparities of COVID-19 incidence 
risks using a rigorous spatial statistics approach. The 
strengh of Tango’s FSSS used in this study is that it does 
not involve multiple comparisons and can identify both 
circular and irregularly-shaped clusters. The findings of 
this study are helpful for guiding resource allocation for 
control efforts. The current study revealed geographic 
disparities across North Dakota from March 2020 to Sep-
tember 2021. Performing such investigations on a regu-
lar basis will be beneficial in identifying if the geographic 
distribution of high risk clusters are consistent or if they 
change over time. Therefore, such investigations should 
be part of regular health surveillance programs to guide 
resource allocation geared at reducing disparities. How-
ever, this study is not without limitations. It used admin-
istrative/surveillance data which may inherently have 

geographic differences in case attainment and reporting. 
Although the SEB smoothed rates improved visualization 
of spatial patterns, they can only be used for visualization 
and should not be used for statistical analyses and infer-
ence. Additionally, although Tango’s FSSS can identify 
non-circular clusters more accurately, it has low power 
for detecting circular clusters. Furthermore, the study 
only investigated disparities at the county level which 
may not reveal lower level geographic disparities.

Conclusion
There is evidence of geographic disparities of COVID-
19 incidence risks in North Dakota with high risk clus-
ters being observed in the rural central and southwest 
parts of the state. The findings of this study will be use-
ful in guiding health equity programs aimed at reducing 
disparities in the burden of COVID-19 in North Dakota. 
These investigations should be part of regular health sur-
veillance programs to provide the most current infor-
mation to guide health planning and service provision. 
Future studies will investigate predictors of the identified 
disparities to guide planning, disease control and health 
policy.
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