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A B S T R A C T   

Effective control of the COVID-19 pandemic via appropriate management of the built environment is an urgent 
issue. This study develops a research framework to explore the relationship between COVID-19 incidence and 
influential factors related to protection of vulnerable populations, intervention in transmission pathways, and 
provision of healthcare resources. Relevant data for regression analysis and structural equation modeling is 
collected during the first wave of the pandemic in the United States, from counties with over 100 confirmed 
cases. In addition to confirming certain factors found in the existing literature, we uncover six new factors 
significantly associated with COVID-19 incidence. Furthermore, incidence during the lockdown is found to 
significantly affect incidence after the reopening, highlighting that timely quarantining and treating of patients is 
essential to avoid the snowballing transmission over time. These findings suggest ways to mitigate the negative 
effects of subsequent waves of the pandemic, such as special attention of infection prevention in neighborhoods 
with unsanitary and overcrowded housing, minimization of social activities organized by neighborhood asso
ciations, and contactless home delivery service of healthy food. Also worth noting is the need to provide support 
to people less capable of complying with the stay-at-home order because of their occupations or socio-economic 
disadvantage.   

1. Introduction 

Since December 2019, a novel beta-coronavirus, known as the severe 
acute respiratory syndrome coronavirus, has spread throughout the 
world, bringing countries to a standstill and dragging the global econ
omy into a dramatic recession (American Journal of Managed Care, 
2020). The disastrous COVID-19 outbreak has been reviewed and 
studied by scholars from different disciplines, such as epidemiology 
(Chen et al., 2020; Millett et al., 2020; Pan et al., 2020), biology (Wang 
et al., 2020; Wu & McGoogan, 2020), medicine (Cai, 2020; Sinclair & 
Abdelhafiz, 2020; Vardavas & Nikitara, 2020; Whittle & Diaz-Artiles, 
2020), demography (Borjas, 2020; Dowd et al., 2020; Pareek et al., 
2020), and psychiatry (Yang et al., 2020). These existing studies have 
identified certain factors significantly correlated with COVID-19 in
fections, including public health interventions, age, gender, minority 

groups, comorbidity and smoking etc. They could basically be catego
rized into three aspects under a research framework for communicable 
disease prevention: protection of vulnerable populations, intervention in 
transmission pathways, and provision of healthcare resources. Never
theless, the impact of more variables in these three aspects, such as 
housing conditions, home-based occupations, community activities and 
the number of Primary Care Physicians, have not been systematically 
studied via an integrated model. 

To unravel the impact of a complexity of potential factors on COVID- 
19 incidence and its working mechanism, this paper includes more 
variables under the research framework for a systematic analysis. 
Counties with more than 100 confirmed cases in the United States are 
selected as the spatial analytical unit. We collected datasets for modeling 
analysis using two scenarios, one during the April 2020 lockdown, and 
one following the July 2020 reopening, a period roughly covering the 
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first wave of the COVID-19 pandemic in the United States (Ioannidis 
et al., 2021; YouTube, 2020). The novelty of this paper lies in two as
pects. On the one hand, we have developed a new research framework 
that uncovers several new variables, the significance of which has not 
been widely studied in the existing literature. We have confirmed their 
significant association with COVID-19 infections by linear regression 
models and structural equation modeling (SEM). On the other hand, 
based on the datasets from two different days, we have further analysed 
the influence pathways among the variables and identified the factors 
affecting COVID-19 transmission during both the lockdown and 
reopening periods by comparing the differences between the two 
scenarios. 

The paper first reviews scholarship on factors associated with 
COVID-19 infections, and then develops a research framework for 
modeling, which is illustrated in the third section. The linear regression 
models and SEM are developed and analysed in the fourth and fifth 
sections. Research findings are then compared with existing studies and 
relevant suggestions are provided for policy-making on prevention and 
control of the COVID 19 pandemic. 

2. Literature review 

Scholars have indicated how differences in demographic features, 
socio-economic attributes, and individual health conditions significantly 
affect COVID-19 incidence or mortality. Ages under 18 or over 65, as 
shown in research on clinical characteristics of infected cases, are 
proven to be risk factors (Sinclair & Abdelhafiz, 2020; Whittle & Diaz- 
Artiles, 2020). Older patients might face greater risk of developing a 
critical or mortal condition (Novel, 2020; Wang et al., 2020; Wu et al., 
2020; Zheng et al., 2020; Zhou et al., 2020). Regarding gender, men are 
at higher risk of COVID-19 infection and mortality than women (Cai, 
2020; Dowd et al., 2020; Pareek et al., 2020; Whittle & Diaz-Artiles, 
2020; Zheng et al., 2020). In relation to ethnicity, analysing confirmed 
cases of New York City neighborhoods, Borjas (2020) discovers that 
probability of infection is higher in neighborhoods with a large popu
lation of African Americans or immigrants. Millett et al. (2020) also 
confirms the vulnerability of African Americans by assessing impacts of 
the virus on different communities via regression analysis. In terms of 
income, studies have found that neighborhoods with low-income 
households present higher COVID-19 incidence rates in counties of the 
U.S. (Mollalo et al., 2020; Whittle & Diaz-Artiles, 2020). Meanwhile, 
several comorbidities, including hypertension, diabetes, cardiovascular 
and respiratory diseases, could greatly affect the prognosis of COVID-19 
(Fang et al., 2020; Guo et al., 2020; Sinclair & Abdelhafiz, 2020; Wang 
et al., 2020; Zheng et al., 2020). Smoking and obesity are also found to 
be associated with the prevalence and adverse outcomes of COVID-19 
(Cai, 2020; Kass et al., 2020; Lighter et al., 2020; Vardavas & Niki
tara, 2020; Zheng et al., 2020). Other risk factors may include air 
pollution. Air pollutants are risk factors for respiratory infections 
because they carry microorganisms and affect human immunity (Becker 
& Soukup, 1999; Xu et al., 2016). COVID-19 is a respiratory disease, and 
significantly positive associations, including a higher mortality risk, 
have been observed between air pollution and the increase in COVID-19 
confirmed cases (Travaglio et al., 2021; Xu et al., 2020; Zhang et al., 
2020; Zhu et al., 2020). Although several studies have found that 
reducing air pollution may contribute to control of the pandemic and 
increase the coping capacity of citizens, this important finding is not yet 
well-explored and warrants more evidence (Sharifi & Khavarian- 
Garmsir, 2020). 

A variety of studies focus on factors related to population density, 
social activities and healthcare resources. Stier et al. (2020) measure the 
relationship between city size and the COVID-19 attack rate in 201 U.S. 
cities and find that populous urban areas have higher infection rates. 
Borjas (2020) also discovers that neighborhoods with a high population 
density and large household size are more susceptible to COVID-19 
infection. Social activities, such as working, commuting, shopping and 

public gathering, may lead to cluster transmission of COVID-19 (Lau 
et al., 2020; Qi et al., 2020). Mobility in these social activities is highly 
correlated with the number of COVID-19 cases and the established inter- 
provincial migrant networks in China played an important role in the 
spread of COVID-19 (Qi et al., 2020; Shen, 2020). Badr et al. (2020) 
demonstrate the positive correlation between mobility patterns and 
COVID-19 case growth in the U.S. counties by calculating the Pearson 
correlation coefficient between these two variables. Thus, travel re
strictions and social distancing policies, which regulate human mobility, 
are helpful for controlling the spread of COVID 19 (Kraemer et al., 
2020). Adequate provision of healthcare resources, including the num
ber of licensed or ICU beds and the number of nurse practitioners, is 
found to be negatively associated with COVID-19 incidence (Grasselli 
et al., 2020; Li et al., 2020; Pan et al., 2020). 

The above factors associated with COVID-19 incidence can be cate
gorized into three aspects under a research framework for communi
cable disease prevention: protection of vulnerable populations, 
intervention in transmission pathways, and provision of healthcare re
sources. Nevertheless, we have identified additional factors in these 
three aspects that might be related to pandemic transmission but which 
have not yet been explored in depth in the existing literature. Although 
some studies show that COVID-19 could be related to a rise in unem
ployment rates (Coibion et al., 2020; Kawohl & Nordt, 2020), few 
analyse unemployment rates as one of the explanatory variables of 
COVID-19 infection. Unemployed people may have lower incomes and 
lack access to health protection; however, they may stay at home most of 
the time during the pandemic. Thus, it is difficult to determine whether 
unemployed people are more vulnerable to COVID-19, which requires 
further examination. In addition, studies on the inter-relationship be
tween occupation and risk of virus exposure show that people working 
from home are less exposed to pathogens (Baker, 2020; Dingel & Nei
man, 2020), and a lower risk of virus exposure is thought to be associ
ated with fewer disease infections (Smith et al., 2005). The proportion of 
home-based occupations may, therefore, be a potential predictor of 
COVID-19 incidence but, to our knowledge, no literature has explored 
this relationship. 

Factors related to community conditions, including the housing 
environment and neighborhood associations, are influential factors for 
the transmission of infectious diseases (WHO, 2018). Individuals in 
crowded dwellings are more susceptible to infectious diseases (Baker 
et al., 2013). Meanwhile, neighborhood associations are assumed to pass 
on information and improve adherence to transmission-reduction pol
icies (Whittle & Diaz-Artiles, 2020), although these associations may 
hold community gathering events leading to person-to-person contact. 
Therefore, the effect of neighborhood association rates on COVID-19 
transmission remains unpredictable. However, the two variables 
receive little attention in relation to their roles in COVID-19 infections. 

It should be noted that the food environment may also influence the 
transmission and infection of COVID 19. In neighborhoods with ready 
access to stores selling fresh and healthy food, people tend to have 
healthier diets, strengthening the immune system (Babey et al., 2008; 
Glanz et al., 2005; Morland & Evenson, 2009) and reducing rates of 
comorbidity (Leddy et al., 2020). This may be associated with lower 
numbers of COVID 19 infections. On the other hand, shopping in 
crowded supermarkets to buy fresh and healthy food may increase the 
chance of close contact, thus increasing the risk of virus transmission. 
Whether the food environment will have a positive or negative effect on 
the spread of COVID-19 is another question waiting to be explored. 

Additionally, the number of Primary Care Physicians is another 
factor that has not received much attention, and we believe it should 
also be a potential indicator of COVID-19 incidence, as Primary Care 
Physicians play an important role in general public healthcare, espe
cially in relation to comorbidity (Starfield et al., 2003). They are usually 
the medical professionals sought by patients when they first encounter 
health problems, and provide initial diagnosis and direct care for pa
tients with different types of diseases. 
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While omitting consideration of the aforementioned potential factors 
affecting COVID 19 infections, existing studies also have limitations in 
their research design and methodology, since most are cross-sectional 
rather than longitudinal studies. Considering the rapidly evolving na
ture of COVID 19, more longitudinal or time-series studies should be 
conducted. Further, current literature generally applies regression 
models and spatial statistical models for correlation analysis (Mollalo 
et al., 2020; Kass et al., 2020; Luo et al., 2020), whereas only a few 
explore the causal relationship between explanatory variables and 
COVID-19 infection rate and mortality rate via SEM (Hamidi et al., 
2020). Therefore, selecting two dates representing the lockdown and 
reopening periods respectively, this study investigates aforementioned 
factors that are potentially associated with COVID-19 transmission via 
linear regression models, and explore causal pathways between vari
ables in COVID 19 infections in different periods via SEM. 

3. Research design and methods 

3.1. Research framework 

As discussed above, the influential factors of COVID-19 incidence 
identified in the existing literature can be categorized into three aspects: 
protection of vulnerable populations, intervention in transmission 
pathways, and provision of healthcare resources (see Fig. 1). 

Additional predictors relevant to these three aspects and worth 
exploring are included to unravel their association with COVID-19 
incidence, namely, unemployment, housing condition, neighborhood 
associations, home-based occupation, food environment and Primary 
Care Physicians. The outcome variables are COVID-19 incidence from 
different scenarios (‘stay-at-home order’ in place vs. lifted) calculated by 
dividing the cumulative number of new COVID-19 cases by the total 
population in U.S. counties. We hypothesize that variables significantly 
affecting COVID-19 incidence vary across different scenarios during the 
lockdown and after the reopening. 

3.2. Case selection and data collection 

We adopt counties in the U.S. as the analytical spatial units because 
this is the smallest geographical unit for which consistent COVID-19 

data can be obtained. Aggregation bias is less likely to occur than in 
analyses performed on a larger spatial unit. 

3.2.1. Outcome variables 
We have chosen incidence as of April 27th, 2020 and incidence as of 

July 8th, 2020 as outcome variables representing scenarios during the 
lockdown and following the reopening, respectively. These two days are 
chosen based on the timing of issuing relevant policy and consider the 
delay between policy announcement and its implementation. April 27th 
is six weeks after the social distancing guidelines were issued and two 
weeks after signing of the Presidential Disaster Declaration for all 50 
states. July 8th is about six weeks after all 50 states lifted their re
strictions. Data for the outcome variables is obtained from the Johns 
Hopkins University GitHub open-source project (2020). 

Moreover, all counties involved in the analysis have more than 100 
confirmed cumulative cases as of April 27th, 2020. This indicates the 
massive transmission in these counties, which could provide suitable 
samples for exploring influential factors of transmission. A total of 634 
counties are selected and illustrated in Fig. 2. 

3.2.2. Explanatory variables 
County-level data for the explanatory variables is categorized ac

cording to the research framework presented in Section 3.1. The data 
relating to vulnerable populations are obtained from a variety of data 
sources:  

• Data on gender, age, and ethnicity are collected from the website of 
County Health Ranking, provided by Census Population Estimates 
(2016). 

• Data on income ratio, unemployment rate, and 20th percentile in
come are obtained from the website of County Health Ranking, 
hosted by the Bureau of Labor Statistics (2018).  

• Data on adult smoking rates are acquired from the website of County 
Health Ranking, provided by the Behavioral Risk Factor Surveillance 
System (2017).  

• Data on adult obese and diabetic rates information are obtained from 
the website of County Health Ranking, hosted by the United States 
Diabetes Surveillance System (2016). 

Fig. 1. Research framework of influential factors of COVID-19 incidence.  
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Fig. 2. Incidence rate in counties in the U.S. as of April 27th, 2020.  

Table 1 
The definition and descriptive statistics of the explanatory variables (full sample, n = 643).   

Variables Definition Unit Mean Std. dev Min Max 

Vulnerable 
population 

% Female The percentage of the population that is female NA  50.850  1.553  34.160  53.850 
% Under 18 The percentage of the population that is under 18 NA  23.010  3.618  7.070  34.190 
% Over 65 The percentage of the population that is over 65 NA  15.110  3.939  7.420  56.310 
% African American The percentage of the population that is African American NA  8.980  15.031  0.210  82.250 
% Asian The percentage of the population that is Asian NA  2.160  4.376  0.220  42.900 
20th percentile income 20th percentile of median household income Dollars  22,741.000  7512.513  7601.000  60,890.000 
Income ratio Ratio of household income at the 80th percentile to income 

at the 20th percentile 
NA  4.500  0.740  3.220  8.930 

% Unemployed The percentage of population aged 16+ unemployed and 
looking for work 

NA  4.800  1.566  2.030  23.520 

% Diabetic The percentage of adults aged 20 and above with 
diagnosed diabetes 

NA  11.000  2.37  3.000  17.000 

% Smokers The percentage of adults that reported currently smoking NA  17.000  3.422  7.000  27.000 
% Obese The percentage of adults that report BMI ≥ 30 NA  30.000  5.046  13.000  42.000 
Average daily PM2.5 Average daily amount of fine particulate matter in 

micrograms per cubic meter 
Per cubic 
meter  

9.800  1.617  0.000  15.400 

Transmission 
pathways 

Population density Measurement of population per unit area Per 
square 
mile  

309.844  3192.247  4.364  71,510.017 

Mobility index the number of people not staying home divided by the 
number of people staying home 

NA  2.650  0.644  0.771  6.956 

% Severe housing 
problems 

The percentage of households with at least 1 of 4 housing 
problems: overcrowding, high housing costs, or lack of 
kitchen or plumbing facilities 

NA  16.000  4.369  8.000  35.000 

Association rate The number of neighborhood associations per 10,000 
population 

NA  9.830  3.363  1.890  27.490 

% Education services The percentage of the total employment that is Education 
Services. 

NA  0.017  0.015  0.000  0.116 

% Finance and insurance The percentage of the total employment that is Finance 
and Insurance 

NA  0.037  0.022  0.000  0.256 

% Information The percentage of the total employment that is 
Information 

NA  0.010  0.009  0.000  0.097 

% Professional, 
scientific, and technical 
services 

The percentage of the total employment that is 
Professional, Scientific, and Technical Services 

NA  0.049  0.033  0.000  0.243 

% Management of 
companies and 
enterprises 

The percentage of the total employment that is 
Management of Companies and Enterprises 

NA  0.006  0.010  0.000  0.083 

Food environment index Indicator of access to healthy foods - 0 is worst, 10 is best NA  7.800  1.119  0  10 
Healthcare 

resources 
PCP ratio Population divided by the number of Primary Care 

Physicians 
NA  1484.000  1519.317  0.000  20,781.000 

Licensed beds rate The number of licensed beds divided by population per capita  0.003  0.003  0.000  0.032 
ICU beds rate The total number of ICU beds, psychiatric ICU beds, and 

Detox ICU beds divided by population 
Per capita  0.000  0.000  0.000  0.003  
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• Data on the average daily PM2.5 are obtained from the website of 
County Health Ranking, hosted by Environmental Public Health 
Tracking Network (2014). 

Data for the variables depicting the transmission pathways are 
mainly related to the built environment and socio-economic activity, 
which are obtained from the following sources:  

• The population density data are downloaded from the website of the 
Open Data Network, provided by the U.S. Census American Com
munity Survey (2018).  

• Data on the percentage of households with severe housing problems 
are acquired from the website of County Health Ranking, provided 
by the Comprehensive Housing Affordability Strategy (CHAS) 
(2016).  

• Data on the Food Environment Index are collected from the website 
of County Health Ranking, provided by USDA Food Environment 
Atlas (2015).  

• Data on neighborhood association are collected from the website of 
County Health Ranking, provided by County Business Patterns 
(2017).  

• Data on occupations are obtained from the website of the Bureau of 
Economic Analysis (BEA) of the U.S. Department of Commerce 
(2020). Here we use five occupations that are more amenable to 
home-based work, including: 1) education services, 2) finance and 
insurance, 3) management of companies and enterprises, 4) infor
mation, and 5) professional, scientific, and technical services.  

• Trip by distance data provided by U.S. Department of Transportation 
(2020) are used to compute the Mobility Index defined by the 
number of people in a county not staying home divided by the 
number of people staying home. 

For healthcare resources, the dataset on the ratio of population to 
Primary Care Physicians, ICU beds, and licensed beds is gathered from 
the website of ESRI COVID-19 Overview (2020), released on March 21st, 
2020. 

The definition and descriptive statistics of explanatory variables are 
presented in Table 1. 

3.3. Analytical methods 

To fully test our hypotheses, the analytical approach is divided into 
two stages. In the first stage, all the explanatory variables are tested for 
significance as predictors of incidence as of April 27th and incidence as 
of July 8th, respectively. We apply the linear regression models to 
disclose correlations between the explanatory variables and COVID-19 
incidence. SPSS 24 statistical software is used to conduct the model 
fitting and data analyses. A Pearson correlation analysis is employed to 
ensure the absence of high correlation between the explanatory vari
ables. All variables are normalised before being fed to the model. 

In the second stage, only the explanatory variables that have statis
tically significant relationships to the outcome variables in the linear 
regression models are included in the SEM, which could effectively 
verify the causal link in our hypothesis. The SEM in this study is esti
mated using Amos 24. Since COVID-19 incidence as the dependent 
variable did not conform to a normal distribution, we chose generalized 
least squares for the estimation. 

4. Results overview 

4.1. Results from the linear regression modeling 

The following overviews are based on the results presented in 
Table 2. We fit the linear regression models using the COVID-19 inci
dence data of counties (N = 643) collected on April 27th, 2020 (model 1) 
and July 8th, 2020 (model 2). The R square of model 1 is 0.543, indi
cating that a large percentage of the variance in COVID-19 incidence is 
explained by the explanatory variables included in the analysis. The R 
square of model 2 is 0.526, also indicating good fitting effect. This 
demonstrates that the proposed models can reveal the characteristics of 
COVID-19 infection in the United States. 

4.1.1. Insights into vulnerable population 
Vulnerability to COVID-19 infection varies among population with 

different demographic and socio-economic characteristics. Both models 
reveal that females are generally at lower risk of COVID-19 infection. 
People under 18 or over 65 are more vulnerable to COVID-19 infection. 
In relation to ethnicity, the percentage of African Americans is found to 
be significantly positively related to COVID-19 incidence, while the 

Table 2 
Results from the linear regression analysis between the county-level explanatory variables and COVID-19 incidence as of April 27th and July 8th (Full sample, n =
643).   

Variables Model 1: April 27th Model 2: July 8th 

B t P B t P  

(Constant)  − 0.008  − 2.130  0.034*  − 0.009  − 1.629  0.104 
Vulnerable population % Female  − 0.022  − 8.474  0.000***  − 0.036  − 8.399  0.000*** 

% Under 18  0.010  4.384  0.000***  0.034  9.190  0.000*** 
% Over 65  0.018  5.484  0.000***  0.024  4.496  0.000*** 
% African American  0.005  3.597  0.000***  0.006  2.701  0.007** 
% Asian  − 0.007  − 2.866  0.004**  − 0.009  − 2.295  0.022** 
20th percentile income  0.017  5.936  0.000***  0.013  2.979  0.003** 
Income ratio  0.014  5.904  0.000***  0.018  4.630  0.000*** 
% Unemployed  − 0.012  − 3.791  0.000***    
% Smokers  0.005  2.574  0.010**    
Average daily PM2.5     − 0.011  − 3.733  0.000*** 

Transmission pathways Population density  0.085  18.659  0.000***  0.117  15.510  0.000*** 
Mobility index     0.010  2.737  0.006** 
% Severe housing problems  0.009  5.488  0.000***  0.016  5.856  0.000*** 
Association rate  0.007  4.116  0.000***  0.018  6.633  0.000*** 
% Finance and insurance     0.010  2.437  0.015** 
% Professional, scientific, and technical services  − 0.011  − 5.047  0.000***  − 0.011  − 3.090  0.002** 
Food Environment index  0.008  3.313  0.001**  0.009  2.316  0.021** 

Healthcare resources PCP ratio  0.017  6.079  0.000***  0.034  7.322  0.000***  

* P < 0.05. 
** P < 0.01. 
*** P < 0.001. 
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percentage of Asians is found to be significantly negatively related to 
COVID-19 incidence. Income (using 20th Percentile Income as the 
proxy) and income inequality (using income ratio as the proxy) show a 
significantly positive association with COVID-19 incidence in both 
models. The percentage of unemployed people and the percentage of 
adult smokers are only significant in model 1, while average daily PM2.5 
is only significant in model 2. 

4.1.2. Formation of transmission pathways 
Interestingly, Mobility Index and the percentage of employment in 

Finance and Insurance are not significant in model 1, but found to be 
significantly positively correlated with COVID-19 incidence in model 2. 
The results of other variables in terms of transmission pathways are 
consistent in both two models. We find that population density is a very 
strong influential factor of COVID-19 infection with the largest standard 
coefficients. The higher the population density, the higher the infectious 
probability will be. The percentage of households with severe housing 
problems, the neighborhood association rate and the Food Environment 
Index are found additionally to correlate positively and significantly 
with COVID-19 incidence. The percentage of employment in Profes
sional, Scientific and Technical Services is negatively correlated with 
COVID-19 incidence. 

4.1.3. Impacts of healthcare resources 
The ratio of population to Primary Care Physicians is positively 

associated with COVID-19 incidence in both models; i.e., the higher the 
number of Primary Care Physicians, the lower the number of COVID-19 
cases. 

4.2. Results from the structural equation modeling (SEM) 

Based on results from the linear regression models, the explanatory 
variables found to be significantly associated with COVID-19 incidence 
are included in the SEM to disclose causal relationships between the 
variables. Fig. 3 shows the best fit model from our SEM analysis, which 
has an acceptable low chi-square relative to the degrees of freedom (chi- 
square/degrees of freedom = 2.322) and an insignificant p value (p 
value = 0.128 > 0.05), indicating a good model fit. Table 3 presents the 
direct and indirect effects of county-level explanatory variables on 
COVID-19 incidence for both April 27th and July 8th. 

Our findings indicate that all the variables originally significantly 
associated with COVID-19 incidence in the linear regression model for 
April 27th have the significant direct effects on COVID-19 incidence as 
of April 27th in the SEM, and the positive and negative direction of the 
effect remains consistent with the results from the regression model. Of 
all the variables, population density has the largest direct effect on 
incidence as of April 27th; its factor loading being the only one above 
0.5. 

The results of the SEM also reveal some interesting findings that have 
not been fully explored in the linear regression model. The incidence as 
of April 27th is found to have a significant and very large direct effect on 
the incidence as of July 8th; its factor loading far outweighing the other 
variables. Notably, seven variables (i.e., the percentage of African 
American, the percentage of Asian, 20th Percentile Income, Income 
Ratio, the percentage of unemployed people, the percentage of 
employment in Professional, Scientific, and Technical Services, and 
Food Environment Index) only have significant direct effect on the 
incidence as of April 27th, while three variables (i.e., average daily 
PM2.5, Mobility Index and the percentage of employment in Finance 
and Insurance) only have significant direct effect on the incidence as of 

Fig. 3. Causal path diagram for COVID-19 incidence as of April 27th and July 8th in terms of the county-level explanatory variables (correlational arrows among 
explanatory variables are not shown to ensure simplicity and clarity). 
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July 8th. 

5. Discussions 

5.1. Discussions on influential factors 

The results of our linear regression models and SEM not only verify 
certain influential factors discovered in the previous studies, but also 
disclose the significant association between COVID-19 incidence and 
several variables not yet well studied. 

5.1.1. Reconfirmation of influential factors verified in existing literature 
From the perspective of vulnerable population, nearly all the factors 

that have been repeatedly validated by existing literature present, once 
more, a statistically significant association with the COVID-19 infection 
in our models. Conforming with the existing literature, gender, age, 
ethnicity, income and smoking are significantly related to incidence. 
Gender differences in immunological function, smoking prevalence/ 
pattern, employment behavior or willingness to engage in public health 
precautions (Chen et al., 2020; Liu et al., 2017; Park et al., 2010) may 
explain why the proportion of females is a variable significantly and 
negatively associated with COVID-19 incidence. Minor and older ages 
are associated with higher risk of infection, probably because of less 
rigorous immune responses, more comorbidities and underlying medical 

conditions in those age groups. Some African Americans might experi
ence lower accessibility to affordable health insurance, and limited 
healthcare system capacity or investment (Millett et al., 2020), resulting 
in inferior health outcomes and high COVID-19 infection risk. Asians are 
found to be at lower risk of COVID-19 infection. Gould and Shierholz 
(2020) point out that this might be because more than a third of Asian 
Americans have the flexibility to work from home, while only one in five 
African Americans can adapt to a pattern of home-based work. 

Income inequity (characterised by Income Ratio) presents significant 
association with higher incidence. This is consistent with existing 
literature highlighting the causal role of income inequity leading to 
negative health outcomes (Pickett & Wilkinson, 2015). Our analysis, 
however, finds that the 20th percentile of household income has a 
positive association with COVID-19 infection, which conflicts with the 
conclusion drawn by many existing studies (Borjas, 2020; Raifman & 
Raifman, 2020; Whittle & Diaz-Artiles, 2020). It does, however, conform 
with one earlier study, which identifies a strong positive correlation of 
COVID-19 incidence with median household income (Mollalo et al., 
2020). One possible explanation is that limited testing resources at the 
early stage of the pandemic were disproportionately allocated to 
wealthier households. Another explanation might be that some high- 
income workers in certain occupations that require face-to-face 
communication are also at higher risk of COVID-19 infection. This 
suggests that policies during the pandemic should be developed not only 
to assist low-income population, but also to restrain some high-income 
groups facing potential high risks of virus exposure due to occupa
tional demands. 

With respect to transmission pathways, population density is posi
tively associated with COVID-19 infection. Existing studies on the link 
between the pandemic and density have presented mixed results (Alirol 
et al., 2011; Borjas, 2020; Hamidi et al., 2020; Qi et al., 2020). Although 
our study provides new evidence for a positive effect of population 
density on COVID-19 transmission, it cannot be conclusive. The defini
tion and measurement of density in different studies could influence the 
observed relationship between density and pandemic transmission. The 
Mobility Index defined in this paper presents a significantly positive 
association with COVID-19 incidence as of July 8th. This result is 
consistent with the existing literature that highlight the crucial effect of 
human mobility on disease transmission (Connolly et al., 2021; Shen, 
2020). 

5.1.2. Insights into potential influencing factors not yet well-explored 
We examine a total of six potential influencing factors not yet well- 

explored and find that all of them associate significantly with the inci
dence of COVID-19. 

The analytical results of unemployment rates show that counties 
with higher unemployment rates present a lower incidence of COVID- 
19. This could be because the unemployed commute less frequently, 
which, in turn, lowers exposure to pathogens. 

This study also confirms that occupations categorized as Profes
sional, Scientific and Technical Services bear a lower risk of COVID-19 
infection. Transmission in these cases may be confined because these 
workers are able to work remotely and have lower interaction with the 
public during a public health emergency (Avdiu & Nayyar, 2020; Baker, 
2020; Dingel & Neiman, 2020). However, the occupations categorized 
as Finance and Insurance are found to face higher risks, which suggests 
that these occupations may still require face-to-face interaction. 

We believe the housing conditions might be relevant to transmission 
of communicable diseases and this conjecture has been verified. Over
crowding, higher housing costs, or lack of kitchen or plumbing facilities 
in dwellings impairs sanitary conditions and negatively affects infection 
prevention. Inferior plumbing facilities without disinfection and good 
sewage systems lead to the spread of the COVID-19 virus (WHO, 2020). 

Counties with more neighborhood associations tend to have a higher 
incidence of COVID-19. This could be explained by the frequent gath
erings and contacts in community social activities held by neighborhood 

Table 3 
Direct and indirect effects of the county-level explanatory variables on COVID- 
19 incidence as of April 27th and July 8th (full sample, n = 643).   

Variables Direct effect on 
incidence as of 
April 27th (i.e., 
indirect effect on 
incidence as of 
July 8th) 

Direct effect on 
incidence as of 
July 8th 

Estimate p 
value 

Estimate p 
value 

Vulnerable 
population 

% Female  − 0.264 ***  − 0.093 *** 
% Under 18  0.181 ***  0.287 *** 
% Over 65  0.216 ***  0.071 ** 
% African American  0.140 ***  0.019 0.495 
% Asian  − 0.104 **  − 0.011 0.672 
20th percentile 
income  

0.362 ***  − 0.068 0.115 

Income ratio  0.283 ***  0.056 0.114 
% Unemployed  − 0.125 ***  0.010 0.710 
% Smokers  0.137 **  − 0.059 * 
Average daily 
PM2.5  

− 0.041 0.178  − 0.077 *** 

Transmission 
pathways 

Population density  0.586 ***  0.072 ** 
Mobility index    0.052 * 
% Severe housing 
problems  

0.217 ***  0.097 ** 

Association rate  0.144 ***  0.114 *** 
% Professional, 
scientific, and 
technical services  

− 0.227 ***  0.009 0.772 

% Finance and 
insurance  

0.023 0.478  0.046 ** 

Food environment 
index  

0.154 ***  − 0.017 0.588 

Healthcare 
resources 

PCP ratio  0.195 ***  0.115 ***  

COVID-19 
incidence as of 
April 27th    

0.713 *** 

Chi-square = 2.322; Degrees of freedom = 1; Chi-square/Degrees of freedom 
=2.322; p value = 0.128; Root mean square error of approximation = 0.045; 
Comparative fit index = 0.999. 

* P < 0.05. 
** P < 0.01. 
*** P < 0.001. 
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associations, increasing exposure to pathogens and possible secondary 
transmissions. Meanwhile, the positive correlation of Food Environment 
Index with COVID-19 infection indicates that better accessibility to 
healthy food may be associated with cluster transmission during shop
ping in crowded supermarkets. 

In addition, counties with a higher ratio of population to Primary 
Care Physicians, meaning fewer Primary Care Physicians per capita, 
show significantly positive association with the number of confirmed 
COVID-19 cases. It is confirmed that adequate numbers of healthcare 
workers play an important role in providing timely detection, quaran
tine and treatment of COVID-19 patients to prevent further spread of the 
disease. This result is consistent with one presented in a recent paper 
stating that the proportion of nurse practitioners was negatively asso
ciated with COVID-19 infection rates (Mollalo et al., 2020). 

5.2. Comparison between the two scenarios 

Because the virus was not under control or conquered before the U.S. 
was reopened, COVID-19 cases resurged. Important issues can be iden
tified in the discussions below by comparing the difference and linkage 
between the model results as of April 27th and July 8th for the two 
scenarios. 

Following the reopening, people's activities and behavior changed 
dramatically. Dining inside restaurants and partying in bars resulted in 
spread of the virus. People engaged in more outdoor activities, espe
cially when the air quality was good, which may have resulted in 
exposure to the virus and pandemic transmission. That may be why air 
quality plays a critical role in COVID-19 transmission in July. Mean
while, it is not surprising to see that the Mobility Index became a posi
tive and significant influential factor in July, because the majority of 
people were staying at home or nearby when the stay-at-home policy 
was imposed, but they socialised more following the reopening when 
face-to-face commerce was allowed to take place, leading to a higher 
risk of infection for those working in the Finance and Insurance industry. 
Our model captures these impacts. Certain premature reopening causes 
the unfortunate resurgence of confirmed cases. 

COVID-19 incidence during the lockdown is found to have a strong 
causal linkage with the incidence after the opening. This can be 
explained by the fact that COVID-19 patients in the U.S. are not all 
quarantined and can still move around, leading to snowballing trans
mission over time. If the pandemic was already widespread during the 
lockdown in April, it can be more difficult to control it after the 
reopening in July, which emphasizes the importance of timely and 
thorough quarantining and treating of patients during the early stage of 
the pandemic. 

Factors related to people's capacity to comply with the stay-at-home 
order directly affect COVID-19 incidence during the lockdown, but no 
longer have significant direct effects on incidence after the opening. 
Asian, unemployed people, and workers in Professional, Scientific, and 
Technical Services occupations were more capable of complying with 
the stay-at-home order during the lockdown and had a lower risk of 
infection. African-Americans and those on a low-income, however, may 
not be in a position to reduce their mobility during the lockdown due to 
engaging in occupations that prevent them from working from home 
(Baker, 2020), obliging them to face a higher infection risk. After the 
reopening, many people resumed their daily outdoor activities, making 
social distancing and other prevention policies, difficult, if not impos
sible, to follow. In these circumstances, people's ability to comply with 
the stay-at-home order is no longer a significant differentiating factor 
and the virus can attack people indiscriminately, resulting in everyone 
becoming vulnerable to the virus. In addition, with the reopening of 
small convenience stores and community grocery stores, some people 
would have multiple choices for purchase of healthy food rather than 
having to shop in crowded supermarkets, which explains why the Food 
Environment Index also does not have a significant direct effect on 
incidence as of July 8th. 

6. Conclusion 

The rapid spread of COVID-19 has become a major threat to the 
global public health systems and economies. To provide decision- 
making assistance in the fight against COVID-19, this paper explores 
COVID-19 incidence and three aspects of its associated influential fac
tors based upon datasets collected from high-incidence counties in the 
United State during the first wave of the pandemic. A research frame
work and experimental results are presented. In addition to factors 
mentioned in the existing literature, we uncover several significant 
variables not yet widely recognized, including unemployment rate, the 
percentage of households with severe housing problems, neighborhood 
association rate, Food Environment Index, the percentage of employ
ment in Professional, Scientific and Technical services as a home-based 
occupation, as well as ratio of population to Primary Care Physicians. 
Based on the datasets from different scenarios, the results provide 
insight into ways to make effective decisions to subdue the virus and 
mitigate the infectious risk. 

For all counties and regions throughout the world, we recommend 
that attention should focus on changes in groups of vulnerable pop
ulations during the lockdown and after the reopening, so that timely 
support can be made available. During the lockdown, there is a partic
ular need to protect and assist vulnerable people who are less capable of 
complying with the stay-at-home order because of their occupations or 
socio-economic disadvantage, including minorities, those on a low- 
income and others in occupations less amenable to home-based work. 
After the reopening, workers in the Finance and Insurance industry 
should receive attentions. Those in the under 18 and over 65 age groups 
need to be protected both during the lockdown and after the reopening. 
To protect vulnerable populations and ensure socio-economic stability 
during such crises, social protection schemes (e.g., medical insurance, 
relief grants, vaccination supplies) should be in place to help people 
cope with economic uncertainties or virus exposure. Policies should be 
developed to provide additional workplace protection and to initiate 
more jobs that can be conducted from home with flexible hours. 

To cut off the transmission chain, it is important to quarantine and 
treat patients timely, maintain social distancing after the reopening, and 
issue additional policies focussing on housing conditions, healthy food 
and neighborhood associations. Timely and thorough quarantining and 
treating of patients is essential to avoid the snowballing transmission of 
COVID-19 over time. Following a long lockdown, people are eager to go 
out, especially when the air quality is good, and it is necessary to remind 
them to take personal protection and maintain social distancing while 
outdoors. In addition, special policies and planning should be made to 
improve neighborhoods with unsanitary and overcrowded housing to 
reduce the risk of cluster transmission in high-density environments. 
This is particularly important in countries and regions with high popu
lation density and large numbers of overcrowded housing. Policies are 
also needed to ensure that people have safe access to healthy food during 
a pandemic, preferably by providing a contactless home delivery service 
of healthy food, or by strictly controlling customer flow in the super
markets. Neighborhood associations should be warned of the impor
tance of minimising face-to-face community social activities during an 
outbreak. 

Finally, the healthcare workforce plays a crucial role in lowering 
contagious risk and preventing the wide spread of the disease. Govern
ments with limited healthcare resources should improve and invest 
more on their public health systems to ensure that adequate healthcare 
resources are available in the event of a pandemic outbreak. 

This study on the influential factors of county-level COVID-19 inci
dence in the United States presents early findings and proves the effects 
and significance of lockdown. The above policy recommendations, 
based on these findings, are critical for stopping an outbreak in the early 
stages before the pandemic gets out of control, and provide suggestions 
for mitigating the negative effects of subsequent waves of the pandemic. 
It also brings clues to develop diverse supportive policies to protect the 
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public from the virus after the reopening. As the COVID-19 pandemic 
continues to spread around the globe and the number of deaths and 
infections increase daily, the factors identified in this study and their 
corresponding policies may provide referable solutions for other coun
tries in their ongoing fight against the pandemic. 
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