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Purpose: To determine the association of social factors with Covid-19 mortality and identify high-risk 

clusters. 

Methods: Data on Covid-19 deaths across 3,108 contiguous U.S. counties from the Johns Hopkins Uni- 

versity and social determinants of health (SDoH) data from the County Health Ranking and the Bureau 

of Labor Statistics were fitted to Bayesian semi-parametric spatiotemporal Negative Binomial models, and 

95% credible intervals (CrI) of incidence rate ratios (IRR) were used to assess the associations. Exceedance 

probabilities were used for detecting clusters. 

Results: As of October 31, 2020, the median mortality rate was 40.05 per 10 0, 0 0 0. The monthly urban 

mortality rates increased with unemployment (IRR adjusted :1.41, 95% CrI: 1.24, 1.60), percent Black popula- 

tion (IRR adjusted :1.05, 95% CrI: 1.04, 1.07), and residential segregation (IRR adjusted :1.03, 95% CrI: 1.02, 1.04). 

The rural monthly mortality rates increased with percent female population (IRR adjusted : 1.17, 95% CrI: 

1.11, 1.24) and percent Black population (IRR adjusted :1.07 95% CrI:1.06, 1.08). Higher college education rates 

were associated with decreased mortality rates in rural and urban counties. The dynamics of exceedance 

probabilities detected the shifts of high-risk clusters from the Northeast to Southern and Midwestern 

counties. 

Conclusions: Spatiotemporal analyses enabled the inclusion of unobserved latent risk factors and aid in 

scientifically grounded decision-making at a granular level. 

© 2021 Elsevier Inc. All rights reserved. 
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According to the Johns Hopkins University (JHU) data dash- 

oard [1] , as of April 13, 2020, more than 31 million people 

ave been infected and almost 562,0 0 0 have died from the novel 

ars-coronavirus-2 (Covid-19) in the U.S. While Covid-19 has been 

ermed a social equalizer [2] , it has disproportionally impacted 
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lacks and other minorities. About 13% of the U.S. population is 

lack [3] . However, 52% of the Covid-19 infections and 58% Covid- 

9 related deaths occurred in the Black population [4] . The Covid- 

9 positivity rate among the Latino population, the group with his- 

orically low insurance and healthcare utilization rates [5] , was 40% 

n Baltimore-DC area [6] , and counties with a higher percentage of 

he Latino population had increased Covid-19 infection rates [7] . 

World Health Organization (WHO) defines SDoH as the “con- 

itions in which people are born, grow, live, work, and age” [8] . 

he healthypeople.gov [9] emphasized the five domains of SDoH 

hat impact health: 1. Economic Stability, 2. Education, 3. Social 

nd Community Context, 4. Health and Health Care, and 5. Neigh- 

orhood and Built Environment. A large body of evidence [10] has 

inked social factors such as income level, education, and work 

onditions to adverse health outcomes. These factors dispropor- 

ionately affect minorities [11] , placing them at high risk of Covid- 

https://doi.org/10.1016/j.annepidem.2021.05.006
http://www.ScienceDirect.com
http://www.annalsofepidemiology.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.annepidem.2021.05.006&domain=pdf
mailto:Rajib.Paul@uncc.edu
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9 infection and mortality [ 4 , 7 ]. Clinically it has been postulated

hat the stress levels due to low socioeconomic status, social in- 

qualities, and unhealthy behaviors increase cytokine interleukin- 

 (IL-6) and immune system dysfunction, which trigger Covid-19 

omplications [12] . 

The transmission of most infectious diseases depends on space 

nd time [13] . Spatiotemporal research methods for infectious dis- 

ases can be broadly classified into [14] : space-time statistical 

odeling [15] and spatial transmission dynamic modeling [16] . The 

rst approach addresses the dynamics of disease clusters, while 

he latter provides a plausible experimental system to understand 

he mechanisms in which the hosts and their movement patterns 

n space and time contribute to disease transmission. 

The majority of the quantitative research on SDoH and Covid- 

9 has focused on racial and ethnic disparities [ 4 , 17 , 18 ]. While re-

earchers studied the spatial associations of SDoH with Covid-19 

ortality [94] , there is a lack of understanding about the spa- 

iotemporal dynamics of Covid-19 and how it relates to social fac- 

ors, which is important for state and county-level resource allo- 

ations and safe operations of schools and businesses. There are 

imited research [19-22] on the spatiotemporal cluster analysis of 

ovid-19. A recently published study [20] considered Social Vulner- 

bility Indices (SVI) but did not consider differential effects of ru- 

ality on SVI. In the U.S., rural/urban residence status creates major 

ealthcare access and health outcomes disparities [23] . The Covid- 

9 pandemic that started in urban communities has now spread to 

ural communities [22] . Rural areas lack ventilators and ICU beds 

24] and often face challenges with healthcare workforce retention 

25] . Rural residents are at greater risk of obesity and chronic dis- 

ases due to aging and lack of exercise, nutritional food, education, 

ncome [ 26 , 27 ], and preventive care [28] . All of these factors place

ural areas at a significant disadvantage for fighting the Covid-19 

nfection. 

The U.S. spends 18% of its GDP on healthcare but among the 11 

ndustrialized countries, it ranks last on healthcare outcomes and 

quity [29] . Lack of investment in social sectors has contributed 

o health inequities [30] and structural disparities leading to poor 

ealth outcomes, especially among the vulnerable communities. 

The objectives of this study were 

1) to determine via spatio-temporal analysis, the association of 

ounty-level SDoH variables with county-level Covid-19 mortality 

ates, and 2) to detect the temporal shifts of high-risk mortal- 

ty clusters in urban and rural counties via estimated county-level 

tandardized mortality ratios (SMR) and exceedance probabilities. 

aterials and methods 

We used monthly counts (for T = 7 months, April through Oc- 

ober 2020) of county-level Covid-19 deaths from N = 3, 108 coun- 

ies and county-equivalents across the 48 contiguous U.S. states 

nd District of Columbia obtained from the JHU repository [31] as 

ur outcome measure. The 2019 County-level population estimates 

rom the U.S. Census Bureau [32] were used for calculating SMRs. 

We defined SDoH based on its five domains [33] . SDoH vari- 

bles were obtained from the 2020 estimates of the County Health 

ankings and Roadmaps (CHRR) [34 , 35] . 

Neighborhood and Built Environment: The p ercent population 

nder severe housing cost and residential segregation were consid- 

red. County-level percent of the population under severe hous- 

ng cost represents the proportion of households that spent at 

east half of their income on housing between 2014 and 2018. 

ounty-level residential segregation, ranging from 0 to 100, with 

ow and high values indicating integration and segregation, respec- 

ively, represents the index of dissimilarity between Blacks and 

hites. 
52 
Economic Stability: The county-level unemployment rates, per- 

ent of uninsured individuals, and income inequality ratio, defined 

s the ratio of average household income at the 80th percentile 

ompared to the 20th percentile, were included. 

Education: Most recent county-level estimates of the percent of 

he population with a college or associate degree were extracted 

rom the Economic Research Services of the U.S. Department of 

griculture (USDA) [36] . 

Social and Community Context: The county-level data on the 

ercent of individuals aged 65 years and older, the percent of the 

on-Hispanic Black population, and the percentage of females were 

xtracted from the 2018 U.S. Census Bureau data [34] . 

Health and Healthcare: Health and healthcare were defined us- 

ng six county-level measures extracted from the CHRR [37] – per- 

ents in frequent physical and mental distress during the past 30 

ays, diabetes and obesity percentages, and HIV (per million) rates, 

nd percent of adult smokers. 

Rural/Urban Designation: Counties were defined as either ru- 

al or urban using the Rural-Urban Commuting Area (RUCA) codes 

38] based on 2010 Census data. Counties identified as either rural, 

mall-town, or micropolitan low commuting were defined as rural 

hile metropolitan and micropolitan area core and high commut- 

ng were defined as urban counties. 

tatistical analyses 

Crude mortality rates (CMR), SMR, medians, and interquartile 

anges for all independent variables by rural or urban designa- 

ion of the counties were computed. The chance of getting in- 

ected increases with population density. Thus, a binary variable 

ndicating rural or urban designation was used as an effect mod- 

fier. Time series plots of CMRs and maps of SMRs were used for 

xploratory examination of the mortality trends. Mann-Whitney U 

ests [39] were used to assess differences in the independent vari- 

bles across rural and urban counties. 

Due to multicollinearity, we used the variance inflation factor 

40] , stepwise selection procedure [41] , and Watanabe Akaike In- 

ormation Criteria (WAIC) [43] to decide the independent variables 

or the final adjusted model. Lower values of WAIC indicate a bet- 

er fit. 

Denoting by y(s i , t) the total number of deaths from Covid-19 

n the i th county over month t, we assumed a Poisson distribu- 

ion for y(s i , t) with mean parameter μ(s i , t) ω(s i , t) . Subsequently,

 Gamma distribution with shape and rate parameters τ was as- 

umed for ω(s i , t) . Integrating out ω(s i , t) will result in a Nega-

ive Binomial distribution for y(s i , t) with overdispersion parameter 
2 (s i , t)/ τ . The mean parameters, μ(s i , t), were modeled using a set

f county-specific independent variables, X i , a set of basis functions 

 i specified using county centroids (see supplementary document), 

 set of regression coefficients, β , an autoregressive random walk 

rocess of order one, νt , and spatio-temporal random effects, ε(s i , 

) as: 

 og ( μ( s i , t) ) = l og ( E( s i , t) ) + βX i + νt K i + ε ( s i , t ) , 

i = 1 , ..., N; t = 1 , . . . , T , (1) 

here, E(s i , t) , the expected count was used as an offset term and

btained by multiplying the total population of the i th county by 

he overall mortality rate of t th month for all counties; SMR for the 

 

th county at month t was obtained by y(s i , t)/ E(s i , t) . The spatio-

emporal random effects terms, { ε(s i , t), I = 1 ,…, N, t = 1, …, T } ,

ere assumed to follow independently and identically distributed 

ero-mean Gaussian distribution with variance σ 2 . One can inter- 

ret this as a nugget variance. Spatial covariances modeled via ba- 

is functions provide better flexibility and predictive power com- 

ared to traditional spatial conditional autoregressive models for 

real data [42] . 
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Fig. 1. Monthly median county-level crude mortality rates per 10 0, 0 0 0 population. 
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Our spatiotemporal model described in Eq. (1) decomposes a 

patiotemporal process into two parts, a systematic component, 

hich is a function of independent variables that accounts for the 

arge-scale variations, and the random component that takes into 

ccount the small-scale variations over space and time. Bayesian 

nalyses require prior distributions on all parameters. We used 

ostly noninformative priors, such as zero-mean Gaussian priors 

ith variance 10 5 on regression coefficients β . Inverse Gamma pri- 

rs were used for variance parameters with shape and scale pa- 

ameters as 0.001 and 0.001, respectively. Bayesian models were 

tted using Integrated Laplace Approximation (INLA) [43] in Linux 

perating systems. We used R/RStudio version 4.0.3 [44] , and R- 

NLA [43] and Semipar [95] packages. An independent variable was 

onsidered to be substantially influential if the 95% credible inter- 

al (CrI) of the corresponding IRR (exponentiated β) did not in- 

lude one. 

Independent variables that we considered in Eq. (1) are esti- 

ates based on census data, they are prone to uncertainties. We 

onducted sensitivity analyses using Berkson [45] measurement er- 

or type models on independent variables that are based on popu- 

ation estimates to assess the bias in incidence risk ratio estimates. 

he details are provided in the supplementary document. 

County-level exceedance probabilities [22] of 50% excess from 

he expected mortality rates were calculated and used for identi- 

ying spatial clusters of high-risk counties and monitoring the dy- 

amic shifts of these clusters over the seven-month study period. 

MRs and exceedance probabilities were mapped in ArcGIS Pro- 

esktop version 10.8 [46] . 

esults 

Our descriptive analyses started with observing the median 

MRs of urban and rural counties from April through October 2020 

 Fig. 1 ). The median CMR for urban counties was 3.36 per 10 0, 0 0 0

n April and increased to 5.66 per 10 0, 0 0 0 by the end of October

020. The median CMR for rural counties remained at 0 per 100, 

 0 0 till July, and then it increased at a steeper rate to 7.02 per 100,

 0 0 by the end of October 2020. 

Our inferential analyses started with comparing SDoH vari- 

bles across rural and urban counties using Mann-Whitney U tests 

 Table 1 ). We found that percent of the severe housing cost bur- 

en, residential segregation, percent of the Black population, and 

IV rates per million were significantly higher in urban counties. 

ural counties had a significantly higher older population above 
53 
5 years of age, obesity rates, percent uninsured, frequent physical 

nd mental distress, diabetes rates, and percent of adult smokers 

 TABLE 1 ). 

Under the unadjusted models, all independent variables turned 

ut to be substantially associated with Covid-19 mortality rates. 

or a 5% increase in the percent under severe housing cost 

urden, in rural counties, the mortality increased by 13.4% 

IRR unadjusted = 1.13, 95% CrI = 1.10, 1.17) and in urban coun- 

ies, the mortality increased by 17.6% (IRR unadjusted = 1.18, 95% 

rI = 1.14, 1.21). The percent of people in frequent mental and 

hysical distress, obesity rates, and percent of adult smokers were 

ubstantially associated with increased mortality rates. However, 

hey were dropped in the adjusted model due to multicollinearity. 

In the adjusted analyses, a 5 units increase in the residen- 

ial segregation index, in urban counties, increased the monthly 

ovid-19 mortality rate by 3.4% (IRR adjusted = 1.03, 95% CrI = 1.02, 

.04), whereas, for a 5% increase in the unemployment rates and 

ercent of uninsured population, the monthly mortality rate in- 

reased by 41% (IRR adjusted = 1.41, 95% CrI = 1.24, 1.60) and 9% 

IRR adjusted = 1.09, 95% CrI = 1.04, 1.13). In rural counties, for a 5% 

ncrease in uninsured population, the monthly mortality rate in- 

reased by 22% (IRR adjusted = 1.22, 95% CrI = 1.18, 1.26) and for a 

% increase in older population above 65 years, we noticed mortal- 

ty rate decreased by 5% (IRR adjusted = 0.95, 95% CrI = 0.93, 0.98). 

Monthly Covid-19 mortality rates in urban and rural counties 

ubstantially decreased (20% in urban and 8% in rural counties) 

ith a 5% increase in the rates of college education and asso- 

iate degrees, whereas, for a 5% increase in the Black population, 

oth in urban and rural counties, the monthly rates increased by 

% (IRR adjusted = 1.05, 95% CrI = 1.04, 1.07) and 7% (IRR adjusted 

 1.07, 95% CrI = 1.06, 1.08), respectively. Diabetes, percent of the 

emale population, and HIV rates were also associated with ele- 

ated Covid-19 mortality rates in both urban and rural counties. 

ur sensitivity analysis using Berkson error type models indicated 

hat under the assumption of an average 95% margin of error of ±
%, there is no substantial impact on the incidence risk ratio esti- 

ates (see Table S1 in the supplementary document). 

The county-level SMRs and exceedance probabilities of SMR to 

e greater than 50% helped in identifying clusters of counties with 

igh mortality rates ( Figs. 2 and 3 ). In April, mortality rates were

igher in northeastern counties including New York City, south- 

astern Michigan that includes Detroit, and southern counties of 

ouisiana. In May and June, mortality rates started increasing in ru- 

al and southern counties. From July onwards, while the high-risk 

lusters in the northeast and New York cleared up, new clusters 

tarted appearing in the southern states of Texas, Louisiana, Geor- 

ia, and Florida. Finally, in September and October, the high-risk 

lusters started appearing in Midwest counties of North and South 

akotas ( Figs. 2 and 3 ). 

iscussion 

The spatio-temporal analyses presented in this article revealed 

he dynamics of the Covid-19 severity from April through October 

020. In April, New York City became the epicenter of Covid-19 

nfections and deaths. In a city that is a residence for more than 

ight million people with diverse racial and ethnic backgrounds, 

oor, uninsured, and people of color were disproportionately af- 

ected, and eastern Brooklyn was in dire need of resources [47] . 

In May and June, we saw high death rates in Navajo and Apache 

ounties of Arizona. According to the 2010 Census [48] , in Apache, 

2.9% of the population was Native Americans, and in Navajo, 

3.4% of the population was American Indian. The indigenous pop- 

lation was disproportionately affected due to structural inequities 

n their access to food, safety, and clean water [49] . 
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Table 1 

Summary statistics of the independent variables across rural ( n = 2, 107) and urban counties 

( n = 997) 

Variables Rural Urban p-value 

Neighborhood and Built Environment 

Percent Severe Housing Cost Burden 10.23 (3.91) 12.25(4.57) < 0.0001 

Residential Segregation Index 33.54 (46.63) 45.27 (22.24) < 0.0001 

Economic Stability 

Percent Unemployed 3.80 (1.70) 3.50 (1.20) < 0.0001 

Percent Uninsured 11 (7) 10 (6) < 0.0001 

Income Inequality Ratio 4.39 (0.87) 4.42 (0.84) 0.02882 

Education 

Percent Some College or Associate Degree 30.75 (7.30) 30.10 (6.05) < 0.0001 

Social and Community Context 

Percent Black population 1.28 (5.06) 7.02 (15.07) < 0.0001 

Percent Above 65 years 19.87 (4.96) 16.58 (4.79) < 0.0001 

Percent Female population 50.11 (1.66) 50.74 (1.23) < 0.0001 

Health and Health Care 

Percent Frequent Physical Distress 12.14 (3.53) 11.70 (2.75) < 0.0001 

Percent Frequent Mental Distress 13.16 (2.96) 12.70 (2.35) < 0.0001 

Percent Diabetes 12.10 (5.60) 11.10 (4.50) < 0.0001 

HIV Rate Per Million 610 (1280) 1500 (1730) < 0.0001 

Percent of Adult Smokers 17.26 (4.98) 16.715 (4.49) < 0.0001 

Percent Obesity 34 (7) 32 (8) < 0.0001 

Medians and interquartile ranges, IQR, were used as summary statistics and rural-urban differ- 

ences were compared using Mann-Whitney two-sample tests. 

Table 2 

Unadjusted and adjusted incidence rate ratios for mortality rates using spatio-temporal negative binomial regressions 

Variables Unadjusted Adjusted 

Rural Urban Rural Urban 

Neighborhood and Built Environment 

Percent Severe Housing Cost Burden 1.13 (1.10, 1.17) 1.18 (1.14, 1.21) − −
Residential Segregation Index 1.01 (1.01, 1.02) 1.03 (1.02, 1.04) 1.01 (1.00, 1.01) 1.03 (1.02, 1.04) 

Economic Stability 

Percent Unemployed 1.41 (1.30, 1.53) 1.69 (1.54, 1.86) 1.08 (0.97, 1.20) 1.41 (1.24, 1.60) 

Percent Uninsured 1.32 (1.30, 1.35) 1.34 (1.30, 1.37) 1.22 (1.18, 1.26) 1.09 (1.04, 1.13) 

Income Inequality Ratio 1.01 (1.01, 1.01) 1.01 (1.01, 1.01) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Education 

Percent Some College or Associate Degree 0.79 (0.78, 0.81) 0.78 (0.76, 0.80) 0.92 (0.90, 0.95) 0.80 (0.77, 0.83) 

Social and Community Context 

Percent Black Population 1.11 (1.10, 1.12) 1.10 (1.08, 1.11) 1.07 (1.06, 1.08) 1.05 (1.04, 1.07) 

Percent 65 Years and Above 0.91 (0.89, 0.93) 0.92 (0.90, 0.95) 0.95 (0.92, 0.98) 1.03 (0.98, 1.07) 

Percent Female Population 1.19 (1.14, 1.26) 1.20 (1.14, 1.26) 1.17 (1.11, 1.24) 1.3 (1.22, 1.38) 

Health and Health Care 

Percent Frequent Mental Distress 1.26 (1.17, 1.34) 1.32 (1.22, 1.42) − −
Percent Frequent Physical Distress 1.21 (1.17, 1.34) 1.31 (1.22, 1.40) − −
Percent Diabetes 1.09 (1.06, 1.12) 1.13 (1.09, 1.17) 1.09 (1.06, 1.13) 1.06 (1.01, 1.11) 

HIV Rate per Million 1.12 (1.11, 1.13) 1.05 (1.04, 1.06) 1.02 (1.01, 1.03) 1.01 (1.00, 1.02) 

Percent Adult Smoker 1.10 (1.06, 1.14) 1.14 (1.09, 1.18) − −
Percent Obesity 1.17 (1.15, 1.20) 1.18 (1.15, 1.20) − −

Posterior medians of the incidence risk ratios and within parentheses its 95% Credible Intervals are exhibited under 5 units change 

in the independent variable. The independent variables in the final adjusted model were included based on multicollinearity anal- 

yses, variable selection procedures, and Watanabe Akaike Information Criterion (WAIC). The adjusted model with all the variables 

had WAIC = 73,258.29 and the adjusted model without Percent Severe Housing Cost Burden, Percent Frequent Mental Distress, 

and Smokers Rate had WAIC = 73,384.38. There is no substantial change in WAIC values between the two models. 
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After the 4th of July weekend, Covid-19 infections and deaths 

ecame widespread in the southern U.S, including Florida, where 

he percent of the population above 65 years is about 21% 

50] . In September and October, the severity of the disease be- 

ame widespread in Midwestern states, to name North and South 

akota. These states are predominantly rural and lack healthcare 

nfrastructure [51] . 

Our findings suggest that in urban counties, increased mortality 

ates were associated with residential segregation and unemploy- 

ent rates. While urban residents have access to rich infrastruc- 

ure in healthcare and education, several barriers exist, and peo- 

le of higher socioeconomic status [52] disproportionately bene- 

t from such infrastructure [53] . Urban inequities stem from vari- 

tions in individual residence status, such as slum areas, inner 

ities, middle-income communities, and higher-income neighbor- 
54 
oods [54] . Residential segregation is detrimental to keeping good 

ealth and contributes to structural racism and creates socioeco- 

omic immobility [55] and geographic disparities in health [ 56 , 57 ]. 

One’s adaptation of a healthy lifestyle and well-being through- 

ut life heavily depend on educational level [58] . Higher education, 

mployment status, and good health are interlinked [ 59 , 60 ]. Lack 

f education and unemployment elevate the risk of poor health, 

ocial isolation, and chronic diseases [61-63] , including the comor- 

id conditions for Covid-19 such as heart disease [64] , lung disease 

65] , and diabetes [66] . Adults with lower education often work in 

obs that do not provide them the opportunity to maintain public 

ealth safety guidelines and disproportionately expose them to the 

isk of Covid-19 infection [ 67 , 68 ]. In our study, the unemployment

ate was positively associated with county-level monthly mortality 

n urban counties, whereas higher education was negatively asso- 
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Fig. 2. County-level crude standardized mortality ratios (SMR) over 7 months from April through October 2020. 

Fig. 3. County-level exceedance probabilities of SMR to be greater than 50% over 7 months from April through October 2020. The exceedance probabilities were estimated 

from the final adjusted model via spatiotemporal Negative Binomial regression. 
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iated with Covid-19 mortality in rural and urban counties. Also, in 

ural counties, we found that the income inequality ratio was pos- 

tively associated with increased Covid-19 mortality. In this study, 

ounties with a higher percentage of the uninsured population 

ere associated with increased mortality from Covid-19 in both ru- 

al and urban regions. Similar associations were also observed by 

ielding-Miller et al. [69] when they conducted county-level anal- 
55 
ses across U.S. Lack of insurance coverage is higher among the 

ommunities of color and as a result, they delay or unable to cover 

heir treatment for chronic conditions and comorbidities, placing 

hem at increased risks of Covid-19 infections and mortality [70] . 

We found a significant association of HIV rates with Covid- 

9 mortality. Data on HIV infections as a comorbid condition for 

ovid-19 are limited. However, a recent study [71] found that 
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ovid-19 complications may increase in patients with HIV who are 

lready immunocompromised and the presence of other underly- 

ng comorbid conditions in conjunction with HIV elevates the risk 

f Covid-19 mortality [72] . Further research is needed for a bet- 

er understanding of the risk factors that place HIV patients at in- 

reased risk of Covid-19 mortality. 

Counties with a higher percentage of the Black population faced 

igher Covid-19 mortality rates [ 4 , 17 , 73 , 74 , 94 ]. In this study, the

ssociation of the percent of the Black population with elevated 

ovid-19 mortality was similar in both urban and rural counties. 

ationally, 25% of the essential workforce is Black [75] , but the 

lack population has experienced disproportionately higher mor- 

ality rates from Covid-19 infection [76] . Higher risks of chronic 

iseases, such as diabetes [77] , chronic obstructive pulmonary dis- 

ases (COPD) [78] , and severe heart conditions [79] , among Black 

dults, increase their risk of Covid-19 mortality [80] . Our county- 

evel analyses also found positive associations between diabetes 

ates and Covid-19 mortality in urban and rural counties, consis- 

ent with findings from other researchers [ 81 , 82 , 83 ]. We observed

hat an increase in the county-level proportion of the older popu- 

ation (65 years and above) was associated with lower death rates. 

his county-level pattern of mortality among the older population 

hould not be misconstrued for the individual-level risk associ- 

ted with increasing age [ 84 , 85 ]. Increasing age is a risk factor for

ovid-19 mortality [ 84 , 85 ], although a recent study found that age,

n the absence of existing co-morbid conditions, was not a pre- 

ictor of Covid-19-related mortality [86] . Our analysis is ecological, 

e looked at the associations at the county level rather than at the 

ndividual level. We cannot make any causal statements from this 

nalysis but only comment on associations. One possible explana- 

ion could be that older people have less mobility and thus they 

ad less exposure. While the areas with a higher percentage of the 

ounger population had a lot more exposure and older people liv- 

ng in areas with a high younger population are at higher risk of 

xposure and death. 

The field of infectious disease epidemiology on respiratory dis- 

ases, vector-borne illnesses, and sexually transmitted diseases 

enefitted from the spatio-temporal analysis by monitoring how 

ime spent at a particular location contributes to disease emer- 

ence and virus circulation [14] . Space-time disease surveillance 

elps with the early detection of pandemics for timely implemen- 

ation of public health mitigation efforts [87] . 

Jia et al. [88] used spatio-temporal analyses to study the growth 

atterns of Covid-19 infections based on population outflow from 

uhan, China. A spatio-temporal Tobit-type model on prevalence 

ates helped Paul et al., [22] to assess how Covid-19 progressed 

rom urban counties to rural areas in the U.S. Based on space-time 

ata from Spanish provinces, Briz-Redón et al. [89] found no evi- 

ence that Covid-19 infection rates decreased with an increase in 

aily temperature. The importance of the spatio-temporal approach 

n mitigating Covid-19 spread and deaths is further underscored by 

he National Science Foundations’ Spatiotemporal Innovation Cen- 

er [90] , which created a task force that facilitates data science- 

ased approaches to aid in policy decisions, environmental factors 

etection, disease spread monitoring, and sentiment analyses [91] . 

The innovation in our approach is the inclusion of spatiotempo- 

al latent factors, νt K i , in Eq. (1) . While one of our study aims was

nvestigating associations of SDoH with monthly Covid-19 county- 

evel mortality rates, it is imperative to understand that other un- 

nown latent factors impact the disease mortality. By enabling the 

nclusion of latent risk factors, spatio-temporal factor analyses im- 

roved the predictive power of the model’s fit. Though our model 

onsidered a time-invariant systematic component, a function of 

ovariates that do not change with time, it assumed that the rela- 

ionship between the death rates and SDoH variables remain con- 

tant over time. However, according to our model, the fluctuations 
56 
n death rates that we have seen over seven months are accounted 

or by the small-scale variations, that are due to short-term lo- 

al events, such as, enacting and uplifting of state/county restric- 

ions, holiday events, beach season, summer travel, etc. The time- 

nvariant assumption of the effect of SDoH is not unrealistic, as 

ver these seven months there was no major policy change oc- 

urred that was specifically tied to SDoH variables considered in 

he analysis (other than the CARES [92] act). 

Our study has certain limitations. Our analysis was based on 

ggregated county-level data, that are prone to ecological fallacy. 

hus our aggregate level analyses should not be used to address 

ndividual-level risk factors to draw causal inferences. While re- 

earchers [ 4 , 22 , 93 ] considered the JHU data repository to be the

ost comprehensive and reliable, certain errors, such as underre- 

orting are unavoidable. Despite these limitations, spatio-temporal 

nalyses could be a useful tool for detecting high-risk clusters and 

rioritizing resources. 

onclusions 

The use of spatio-temporal analyses helped identify social fac- 

ors that predisposed high-risk and vulnerable communities to 

ovid-19 mortality. Counties with a higher percent of Black, resi- 

ential segregation, unemployment, uninsured, and comorbidities, 

uch as diabetes and HIV had substantially high SMR and ex- 

eedance probabilities. 

Spatiotemporal analysis also helped detect the dynamics of 

igh-risk clusters and identify the population residing in those 

lusters so that effective mitigation effort s including the supply 

f test kits, personal protective equipment, ventilators, financial 

eeds for businesses and schools, and prioritization of vaccine dis- 

ributions, can be effectively designed. Decisions on the supply 

f resources, lockdowns, and phased reopenings are often made 

t a granular level, and space-time analyses aid in data-driven, 

vidence-based, and scientifically grounded decision process. 

upplementary materials 

Supplementary material associated with this article can be 

ound, in the online version, at doi: 10.1016/j.annepidem.2021.05. 

06 . 
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