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Abstract

Many macro- and micro-level factors affect the spread of an infectious disease. Among them are
sociodemographic, socioeconomic, sociocultural, health care system infrastructure, use of alcohol
or substances, level of life disruptions because of chronic illnesses. Because of accuracy and
timeliness issues, officials are often forced to make one-size-fits-all decisions across all regions. This
paper offers a framework to analyze and quantify the interrelationships between a wide set of
sociodemographic factors and the transmission speed of the pandemic to facilitate custom-fitted
regional containment measures. The purpose of this paper is to investigate the role of a
comprehensive set of sociodemographic factors in the diffusion of COVID-19 analytically. Our
findings suggest that diverse sets of sociodemographic factors drive the transmission during different
stages of the pandemic. In specific, we show that variables such as gender, age groups, daily
commuting distances, modes of employment, poverty and transportation means are found to be
statistically significant in the transmission speed of COVID-19. Our results do not suggest a
statistically significant relationship between transmission speed and migration-related variables. We
also find that the importance levels for the statistically significant variables vary across different
stages of the pandemic. Our results point out a variety of public policy insights and implications.
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1. Introduction

COVID-19 first surfaced in late 2019 in the city of Wuhan, China. Since then, the virus has spread
worldwide, infecting more than 188 million individuals and resulting in about 4 million deaths (as
of 16 July 2021, from John Hopkins Coronavirus Research Center). The pandemic has attracted
broad attention from researchers. Compared with other outbreaks, such as MERS, SARS and AIDS,
the impact of COVID-19 on countries is significantly more severe. According to health experts and
economists, the pandemic will continue unless at least 60% of the global population is immunized
(Atkeson & Hall, 2020) — via natural immunity or vaccines. Until then, governments will keep
enacting various restrictive policies (such as social distancing, curfews, lockdowns and national
quarantines) at different levels to control the pandemic. Among the most critical factors that
aggravate the spread of COVID-19, the following are well-researched: (i) environmental, (ii)
hygiene and isolation, (iii) human mobility and (iv) socioeconomic and sociodemographic.

Environmental factors: The extant literature on the spread of COVID-19 suggests that
environmental factors (such as temperature, humidity, air quality) and the spread or the
severity of the disease are linked. Studies report conflicting results about transmission rates
and temperature. For example, Shahzad et al. (2020) reports a positive relationship with
temperature for Wuhan, but negative relationships for Zhejiang and Shandong. Poirier et al.
(2020) and Luo et al. (2020), on the other hand, report that environmental variables cannot
account for variabilities in transmission rates. Kifer et al. (2020) studied the effect of
temperature and humidity on the severity of the disease on 6,911 patients in Europe and
China. They detected significant decreases in terms of both severity and hospital stay
durations as temperatures rise. Low relative humidity levels of air also significantly increase
the severity of COVID-19 (Kifer et al., 2020; Ma et al., 2020; Wang et al., 2020). In their
study on air quality and transmissibility of COVID-19, Manoj et al. (2020) reported that
increased levels of aqueous atmospheric aerosols, or air pollution, can facilitate a pathway
for a higher rate of transmission. Zhang et al. (2020) reported similar results.

Hygiene and isolation factors: Studies focusing on hygiene and isolation factors and the
transmission speed of COVID-19 transmission reported important, yet not surprising,
results. The studies suggested a strong negative link between transmissibility of COVID-19
and hand hygiene (Rundle et al., 2020; G. Q. Zhang et al., 2020), nail hygiene (Wu & Lipner,
2020), oral hygiene (Gonzalez-Olmo et al., 2020), wearing facemasks (Liu & Zhang, 2020;
Mittal et al., 2020), and isolation rooms (G. Q. Zhang et al., 2020).

Mobility factors: Similar to many other pandemics, decreasing population mobility can help
curb the spread of COVID-19. Delen et al. (2020) investigated the relationship between the
cellular network mobility patterns and the transmission rates across many countries. They
found a strong link between increased mobilities and higher transmission rates. Other studies
reported identical results (Badr et al., 2020; Kraemer et al., 2020; Xiong et al., 2020).

Socioeconomic and sociodemographic factors: This set of factors are central to the present
research. We, therefore, provide a more in-depth review of the literature on socioeconomic
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and demographic factors and the COVID-19 pandemic. Demographic data include statistical
presentation of the socioeconomic information, such as income, unemployment and
ethnicity. There are few studies that explore the role of (some) demographic variables in the
diffusion of COVID-19. The literature suggests that variations in demographic structures
across different populations account for the differences in transmission speeds. This subset
of studies considers micro-, mezzo- and macro-level factors, such as poverty, ethnicity,
immigration, genetic profiles, environmental hazards, health demographics and household
population. For example, Martin et al. (2020), suggested that different sociodemographic
heterogeneity indicators, such as larger households, produce different transmission rates
across populations.

Dowd et al. (2020) examined the role of demographics (age structure) in Italy and South
Korea to understand the fatality rates of COVID-19. Their results showed an extremely
higher burden of mortality in older populations compared with younger ones. Mogi and
Spijker (Mogi & Spijker, 2020) used the COVID-19 dataset and European Social Survey in
20 European countries to study the relationship between social, demographic, and economic
features and reported case numbers in one-month period. The variables comprise three
groups: “socially and economically vibrant”, “high-educated and not aged”, and “densely
populated and traditional”. They claimed that the “socially and economically vibrant” group
is significantly associated with increased COVID-19 cases. Bayer and Kuhn (2020) explore
the intergenerational ties and COVID-19 fatality rates. In particular, they analyze how
variations in living arrangements of multiple generations contribute to cross-country
variations. Their findings show a significant relationship between the share of working-age
families living with their parents and COVID-19 incidences in each country. Other studies
investigate gender effects and found that male sex was an independent risk factor (Walter et
al., 2020) . Eryarsoy et al. (2020) studied age disparities of COVID-19 patients regarding
incidents such as hospitalizations, ICU usages, and deaths.

Besides age and gender, disparities involving other demographic items have also been
extensively studied. Migration and ethnicity are among the more widely studied
demographic factors. The relationship between the presence of national and international
migrants and the transmission rates of infectious diseases has been extensively studied.
Earlier literature emphasizes the role of immigrants and refugees in various outbreaks,
including biblical plagues, 1918 influenza, AIDS outbreak, and SARS pandemic (Freifeld
et al., 2020). In a few cases, a specific subgroup of immigrants introduced a contagious
disease into native populations. For instance, a significant portion of HIV virus diffusion
can be attributed to immigrant sex workers (Steen et al., 2020). Migrants, as one of the
mobile social groups due to their strong bonds with their country of origin, may magnify the
risk of introducing potential infectious diseases to host countries. In societies, non-citizens
are typically more mobile than citizens. Therefore, for countries with a large percentage of
immigrants like the US (14.4% of the population are immigrants), it is crucial to investigate
the interrelationships between the characteristics of immigrant groups and the dynamics of
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the spread of disease during pandemics. Keller and Wagner (2020) discussed the policies to
keep the rights of immigrants in the US. They argue that keeping immigrants in overcrowded
facilities will ultimately increase the chance of an outbreak. Lodge and Kuchukhidze (2020)
compared the response to HIV and COVID-19 infections among migrant workers and
identified them as one of the most vulnerable groups. Migrant workers are compelled to
expose the risks of the exodus to their home, since they don’t have enough social and
economic resources to protect themselves.

The literature also includes studies that focus on the role of other important demographic
items such as heterogeneity, education, income and poverty. Merler and Ajelli (2010) use a
stochastic spatially individual-based model to study the effect of population heterogeneity
and various human mobility factors on the spread of influenza pandemic in 37 European
countries. According to their findings, the attack rates depend significantly on
sociodemographic characteristics, including the size of household groups and the
proportions of students in target populations, as they typically have higher contact rates.
Bogg and Milad (2020) studied the patterns and psychosocial relations of COVID-19
guideline adherence. They tested the relationship among demographic features (age, sex,
ethnicity, education, income, relationship status, and presence of children), personality
characteristics, adherence to COVID-19 guidelines and related social cognition in a sample
of 501 US citizens over a two-week period. Their findings showed the health relevance of
personality features. Pullano (2020) considered age groups and mobilities. While our study
has similarities, we consider a wider selection of demographic variables and transmission
speeds, and two analysis stages.

In this paper, we investigate the role of population demographics and the transmission speed
of COVID-19. In particular, we try to find statistically significant demographic
characteristics that affect the spread of COVID-19. We itemize our principal contributions
to the existing literature as follows:

(i) Comprehensive set of sociodemographic variables: Existing literature considers
only very limited (1-5) demographic items. We use a comprehensive set of
demographic items to study their links to COVID-19 transmission rates.

(ii) Low level of data granularity: We conduct county-level analysis (for the US).
For policymakers, it is essential to know which demographic factors are driving the
spread of disease and whether factors such as the presence of migrants in an area or
heterogeneity increase the diffusion of COVID-19. This enables policymakers to
better understand underlying differences across regions and make region-specific
decisions. We give details about our datasets in Section 2.1.

(iii) Two-stage research design: We design a two-stage research setup based on the
susceptible, infected, recovered (SIR) and regression models. We use SIR model’s
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output as the dependent variable of the regression analysis. The research design is
provided in Section 2.2.

2. Data and methods

2.1. Data

After the COVID-19 outbreak, the New York Times published daily statistics of COVID-19
pandemic in the US at state- and county-levels in their GitHub account. The US Census
Bureau releases data containing a variety of statistics, including migration and ethnicity. We
merged the two datasets to explore the relationship between the sociodemographic
information of US counties and the transmission spread of COVID-19. At the time of writing
most of this article (in 2020), confirmed cases of the disease were still increasing in the US
and in most of the regions in the world. In the meantime, many regions started reducing
restrictive policies and permitted many businesses to get back to work. We summarize the
attributes for both datasets in Table 1.

COVID-19 data

We used the data provided by the New York Times for COVID-19 cases and deaths at the
county level (New York Times, 2020). The dataset incorporates three attributes: 1) Time
(since January 21, 2020), 2) Geographic Information (county, state, Federal Information
Processing Standard (FIPS)), and 3) COVID-19 incident statistics (reported cases and
deaths). The dataset provides reported incidences about the pandemic since earlier days of

Table 1. New York Times COVID-19 data and ACS data

COVID-19 New York Times ACS
Data
Starting Date January 21, 2020 N/A®
Num of Weeks 17 N/A
States (n) 50 50
Counties (m) 1744 3007
Variables
1 Date Population
2 County Gender
3 State Age
4 FIPS Economic
5 Cases Ethnicity
6 Deaths Workforce
7 — Mobility Means
“Not Applicable
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its recognition. Therefore, our COVID-19 data started on January 21, 2020, and spans 17
weeks. It consists of 273,314 rows. The dataset includes only 1,805 counties, out of 3,143.
This is mostly because there was no available data on the number of COVID-19 cases in
other counties.

American Community Survey Data

In this research, our goal is to test the relationship between reported COVID-19 cases and
the sociodemographic characteristics of US citizens and migrants. To this end, updated
demographics of the population in the US, both at state and county levels, are used.

We extract the required data from the 2014-2018 American Community Survey (ACS)
dataset (2019). Our dataset includes five groups of attributes: socio-demographics (total
population, number of foreign-born, citizens, and non-citizens, gender [men, women], age
groups [18 to 24, 25 and above]), economic factors (employed, unemployment rate, income,
income per cap, poverty, child poverty), ethnicity and diversity (Hispanic, white, black,
native, Asian-Pacific), workforce (professional, service, office, construction, production,
work at home, private work, public work, self-employed, and family work), and mobility
means (drive, carpool, transit, walk).

It is worth noting that the terms ‘foreign-born’ and ‘non-citizen’ have different meanings in
ACS dataset. The foreign-born population consists of individuals who did not have US
citizenship at birth, including lawful immigrants (naturalized citizens), temporary lawful
migrants (e.g. international students), lawful permanent residents (refugees and asylum
seekers), and unauthorized immigrants. On the other hand, a non-citizen is an individual
who does not hold US citizenship. Hence, the foreign-born population includes non-citizens
as well.

We merge COVID-19 and ACS datasets, and limit our analysis to the counties present in
the New York Times dataset. After row-wise removal of counties with missing values and
inclusion of state-level data from 50 states, we end up with 1,843 rows. We then further
filter our dataset to include only the counties with over 500 reported cases during earlier
days (between week 4 and week 11) of the pandemic. The threshold of reported cases is set
to 500 to reduce sampling bias. Our final dataset consists of 555 counties.

2.2 Methods

The first stage of our two-stage analysis is to measure the transmission speed of COVID-
19. Looking at reported incident statistics is misleading, as the same number of incidents
during the early days versus during the peak days of a pandemic translates into different
diffusion speeds. Therefore, a special coefficient corresponding to the spread speed is
needed. This, in epidemic modeling, corresponds to a coefficient known as the transmission
rate. We use susceptible, infected, recovered (SIR) model to calculate the transmission rate
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(Kermack and McKendrick, 1991). We then use transmission rates as our dependent variable
in our regression analysis.

SIR model

In our study, we are interested in a measure of the transmission speed of COVID-19. During
pandemics, various models are used to forecast the spread. One of the most common ones
are the compartmental models such as SIR model. For each time period, it is used to forecast
the number of people susceptible to the disease, already infected by the disease, and have
recovered from the disease. A distinctive feature of the SIR model is its simplicity that
enables researchers to model infection behavior with only two parameters. We use SIR
model to determine the response variable representing the transmission rates of the infection
for each region and stage. We use these rates in the second stage of our analysis to identify
the relationships between regional sociodemographic factors and regional spread speeds of
the virus.

B Y

Susceptible (§) ——— > Infectious (/)

Y

Recovered (R)

Figure 1. General framework of SIR model

We depict the general framework of the SIR model in Figure 1. The SIR model consists of
three distinct compartments: susceptible (S), infected (1), and recovered (R). In its original

form, it includes two parameters: effective contact rate (f) and recovery rate (y). While the
former parameter controls the transition from S to /, the latter controls the transition from /
to R. In particular, § corresponds to the average number of transmissions per person, and it
accounts for the number of new cases over time. f is sensitive to various governmental
interventions such as curfews, closing schools, social distancing and quarantines. While
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these intervention strategies can change the transition of individuals from S to 7, the
transition from 7 to R exclusively depends on the time span that a person is contagious. This
rate is captured by y. So, a shorter mean infectious time (1/y) infers a faster transition from

I to R. Equations (1) to (3) are differential equations that represent the transitions among
these three compartments where N (S+/+R) and ¢ stand for the population size and time,

respectively.

Table 2. List of attributes for regression analysis

Field Explanation Variable Type
Region County or State ID
FromPeriod Starting period for the calculated Beta variable. (4-16) Date
TillPeriod Ending period for the calculated Beta variable (5-17) Date
TotPop®  Total population of the county
Foreign® % of foreign-born population
Citizen* % of US citizens
NonCitizen® % of US non-citizens
Gender® Male/Female ratio
18 25" % of population aged between 18 and 25
25Plus” % of population older than 25
Hispanic® % of Hispanic/Latino population Ethnicity, Diversity, Demographics
White* % of White population
Black” % of Black population
Native® % of Native population
Asian® % of Asian population
Pacific® % of Pacific population
Diversity” A single value corresponding to ethnical diversity, calculated using
entropy
Income” Median household income (8)
IncomePerCap®  Income per capita ($)
Poverty” % of population under poverty level
ChildPoverty” % of children under poverty level Economic
EmployedPerc®  1- % of unemployment
SelfEmployed” % of population self-employed
FamilyWork™ % of population in unpaid family work
Professional® % of employed people in management, business, science, and arts
Service® % of people employed in service jobs
Office® % of people employed in sales and office jobs
.« % of people employed in natural resources, construction, and
Construction .
maintenance Workforce
Production® % of people employed in production, transportation, and material
movement
PrivateWork™ % of population employed in private industry
PublicWork™ % of population employed in public jobs
Drive” % of people commuting alone in a car, van, or truck
Carpool® % of people carpooling in a car, van, or truck
Transit” % of people commuting on public transportation
Walk™ % of people walking to work Mobility Means
OtherTransp” % of people commuting via other means such as biking
WorkAtHome" % of population working at home
MeanCommute® Mean commute time (minutes)
Ber+x  Effective contact rate/spread speed for time interval [t, t + k| Target variable

*County level ACS community survey data (ACS, 2019)
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Figure 2. Data analysis procedure

Regression and SIR model

At this stage, our dataset included a large number of covariates. All-inclusive regression
models may suffer from multicollinearity problems, therefore, may not generalize well. We
refer to this as over-specification bias. Even statistically significant models may not be
interpretable (statistical significance issues).

There are different ways to avoid such pitfalls. For example, one may perform a method
called best-subset selection, which is an exhaustive search using all possible variable
combinations to find the best fit with statistical significance while avoiding
multicollinearity. The best-subset problem involves evaluating exponentially many
regressions and is known to be NP-hard (Natarajan, 1995). The problem is not
computationally feasible for a large number of covariates.

An alternative is to use stepwise regression procedures for achieving results much faster.
The stepwise procedure allows features to enter or leave sequentially according to criteria
such as Bayesian Information Criterion (BIC) (Schwarz, 1978), Akaiki Information
Criterion (AIC) (Akaike, 1998), or Adjusted R2 (Burnham & Anderson, 2002).
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Multicollinearity is typically addressed by a post-regression estimation of variance inflation
factor (VIF = 1/(1 — R?)). As arule of thumb, a variable with a VIF of less than [5-10] is
included in the model (Menard, 2002; Neter et al., 1989). While stepwise regression has
been extensively used in the literature, it is only “locally optimal”, meaning for larger
models the approach doesn’t warrant the best-subset selection. A recent approach by
Zambom and Kim (Zambom & Kim, 2018) offered a significance-controlled stepwise
variable selection procedure. The method aims at maximizing adjusted R’ while maintaining
a desired level of significance. Another alternative is using regularization parameters.
Tibshirani (1996) suggested adding regularization parameters to regression to tackle the
multicollinearity issue. The two major regularization methods are Ridge and Lasso. Lasso
regression has a tendency to choose only one of the highly correlated variables to tackle the
collinearity problem, therefore, it performs feature selection.

We divided the spread into two periods to capture the relationship between the spread speed
and other ACS data variables: (i) initial period corresponding to weeks 6 through 11, and
(if) subsequent period corresponding to weeks 12 through 17. The initial period in our
analysis corresponds to a period of fewer precautions in COVID-19 in the US timeline,
compared to the late period.

We explore the relationship between f; and other variables, including the presence of
immigrants. To this end, we use a linear regression analysis with ; as dependent variable.
To estimate [5; values we fit SIR model by using Subplex (Nelder-Mead method on the order
of subspaces) (Rowan, 1990), Broyden—Fletcher—Goldfarb—Shanno a quasi-Newton
algorithm (BFGS)(Byrd et al., 1995), and Multilevel Single Linkage (Kucherenko, 2005)
methods simultaneously to ensure the stability of calculated error-minimizing f parameters.
In this paper, we only use the best-obtained value with respect to the average squared error.
Except for a few instances (<10, depending on time periods), all algorithms return almost
identical f; values. We exclude such instances with significantly different 5, values from
our analysis.

Prior to running linear regression, normalization is usually performed to overcome the
normality assumption of the outcome. In addition, normalization scales variables and
increases the interpretability of the regression coefficients while setting the intercept at zero.
We normalize our data by trying different normalizing transformations including Yeo-
Johnson (Yeo & Johnson, 2000), Box Cox (Box & Cox, 1964), and ordered quantile
transformations (Peterson & Cavanaugh, 2020). The one that yields the lowest Pearson P-
test statistic for normality is selected and the variable is normalized accordingly. For
regression, we use Zambom and Kim’s (2018) stepwise method and checked for VIF. Our
earlier research on several other datasets suggested using this method produces identical to
other novel methods, such as the Bertsimas et al. (2016) optimal best-subset selection and
is magnitudes faster.
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3. Results

We coded all our analyses in R. In the first stage of our analysis, we look at the relationship
between the percentage of the non-citizen population in each region and the diffusion speed.
The literature includes studies that link immigrants (as disadvantaged minority groups) and
their likelihood of being more adversely affected by COVID-19. While the immigrants have
been targeted by remarks regarding their roles in spreading the COVID-19 faster, to the best
of our knowledge this study is the first to analyze the relationship between immigrants (or
diversity) and speedier transmission rates.

3.1. Immigrants and the spread of COVID-19

For this part of our analysis, we investigate the relationship between spread speeds (f5;) and
immigrant ratios. We first create three different cross-sectional datasets (corresponding to
initial, subsequent, and all periods). We then calculate correlation scores between ratio of
immigrants and regional transmission speeds of COVID-19 (B, values).
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Figure 3. Results of regression analysis from week 4 to week 10 (US states)
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We aggregate these cross-sectional datasets and calculate correlation scores between ratio

of immigrants and the transmission rates of COVID-19 (S, values). We first calculate R?

value at the state-level corresponding to the transmission rates and immigration as 0.0002.
We then calculate R? value at county level as R? = 0.000004. These R? values show that the
pair-wise relationships between migration (non-citizen ratio), diversity and spread speed is
very small. Correlation table in the appendix gives the coefficients corresponding to the
entire period of study, from week 4 to week 17 of the pandemic.

We give an illustration of this in Figure 3 and
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Figure 4. These results suggest that the presence of migrants has no effect on the diffusion
speed of COVID-19 both at state and county levels. Figure 3 reports the scatter plot for
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weeks 4-10 at state level.
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3.2. Comparison of early and late spread speed

The county-level dataset suffers from slight inconsistencies. For example, we expect the
cumulative number of cases by date to be a non-decreasing series of numbers. In our dataset,
however, occasionally some counties reported decreasing cumulative number of cases on
some cases. This is possibly because of reporting differences, and can interfere with
computing pandemic transmission rate accurately. Therefore, we conclude that the earliest
days of pandemic bring about a lot of uncertainties. Thus, we decide to limit our analysis to
week 4 and onwards. We then regressed ACS covariates on 5,_4, values we calculated using
SIR model (Table 4). As there are factors other than sociodemographic ones at play,
expecting high R2 values is not realistic. Even though the model was significant, adjusted
R? was not high (0.07). This is possibly due to different spread dynamics in place during
different periods of the spread. We, therefore, create three separate datasets: cross-sectional
dataset for the initial (weeks 4-10), for the subsequent (weeks 11-17), and overall (weeks 4-
17) periods. We standardize each of the dataset variables. Stepwise regression procedures
may eliminate variables of particular interest such as immigration and diversity, despite
being statistically significant (because of collinearity). We, therefore, first check if average
B: values of counties lying on opposite sides regarding migration ratios and county
diversities are different (Table 3).

Table 3. f-values corresponding to different county groupings regarding migration and
diversity

County (# of counties) B, ={4,10} B, ={11,17} B, ={4,17}
Counties with higher migration (275) 0.079 0.028 0.122
Counties with lower migration (277) -0.025 -0.121 -0.070
Counties with higher diversity (277) -0.047 -0.077 -0.014
Counties with lower diversity (275) 0.093 0.016 0.059
All Counties (555) <0.0001 <0.0001 <0.0001

Source: Based on ACS community survey data (ACS, 2019)

We perform unpaired #-tests to check if average [, values corresponding to high/low
migration counties, and high/low diversity countries are statistically different. The tests
indicate that differences in 8; values are nonsignificant at 0.05 level (p=0.22 for migration
during early periods, p=0.085 for migration during late periods, p=0.10 for diversity during
early periods, p=0.47 for late periods). We looked at the spread of COVID-19 regarding
other covariates using stepwise regression analysis in Zambom and Kim (2018). We give
the two different regression results in Table 4.

Table 4 refers to three time intervals: initial (weeks 4-10), subsequent (weeks 11-17) and all
(weeks 4-17). The table contains standardized coefficients from three separate regression
models built following significance-controlled covariate selection procedure by Zambom
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and Kim (2018). The inclusion of covariates in their respective models, in addition to their
coefficient signs and magnitudes, laid the basis for comparing different periods. The first
interval corresponding to the initial stage of the spread is linked to the lower levels of
awareness and milder intervention strategies, hence expected to have higher normalized £,
values (Table 3). Table 4 suggests that variables that may relate to migration such as
ethnicity diversity, percent of foreign-born population, or percent of US citizens are not
found to be significant (except for ethnicity diversity coefficient that is negatively signed).
This may be due to existing multi-collinearities in the data.

Table 4. Regression results for standardized data

Variable Corresponding standardized coefficients and VIFs
Early Periods Late Periods All
VIF VIF VIF
4-10 11-17 Periods

Ethnicity, Diversity, Demographics
County’s total population 315 2398
% of US non-citizens
Ethnical diversity

Male/Female ratio

% of population aged between 18 and 25 130" 2.84
Economic
Income -.285™ 3.128

Income per capita ($)

% of population under poverty level
% of children under poverty level
% of population self-employed -.209™ 1.583 .108* 1.7
% of population in unpaid family work

% of unemployment 120"

Workforce
% of employed people in professional career -.303" 2.057
% of people employed in service jobs
% of people employed in sales and office jobs

% of people employed in construction

% of people employed in production -.302" 1.94  318™

% of population employed in private industry 135™ 1.202

% of population employed in public jobs 243
Mobility Means

% of people commuting alone in a car 234" 2.071

% of people carpooling in a car 201" 2.428

% of people commuting on public transportation 206" 1.921

% of people walking to work 247 2.447 =322 1.918

% of people commuting via other means =202 1.921 173 1.876  -.158™

% of population working at home .140*

Mean commute time 122° 2.206 - 182" 1.784 -162™
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Adjusted R-squared: 0.149 0.231 0.076

Signif. codes: *** p<.0001; ** p<.001; * p<.01, N=555

To study the covariates more in depth we, therefore, conduct a separate regression analysis
including only the following covariates: “percent of foreign-born population”, “percent of
US non-citizens”, “Male/Female ratio”, and “ethnicity diversity”. Our aim is to see if the
omissions of these variables in Table 4 were due to multicollinearity issues. The results for
the initial period yielded: (7) positive signed “Male/Female ratio” variable significant at
p=0.07 level indicating males to female ratio correlates with spread speed, and negative
signed “ethnicity diversity” variable significant at p=0.02 level. This was also suggested in
a variety of news resources and academic papers mentioning gender disparities. However,
none of these coefficients were found to be statistically significant for subsequent period
(weeks 11-17). The results also suggest a distinct statistically significant set of variables
during the initial period and the subsequent period. The comparison of the regression

analysis results for two periods reveals interesting patterns.

According to our findings, while the percentage of people working in private industry is a
significant factor in the virus's spread in the initial period, it is not a significant factor in the
late period anymore. Instead, the percentage of people working in public jobs becomes
significant. In fact, this observation can help explain the major influences of government’s
interventions across two job sectors.

The percentage of the young population aged between 18 and 25 turns out as a significant
factor only in the subsequent period. Controlling this segment of the population is a
challenging task for authorities. As COVID-19 precautions continue to deprive the youth of
social engagement with their social circles, it may become more difficult to limit the
socialization of the youth. Note that the other age-related variable “Percent of population
older than 25” is not significant in the later period, although the exposed group to the virus
are as likely as 18 to 25 group to become infected.

Another significant factor in the diffusion of COVID-19 in the subsequent period is “Median
household income”. According to Table 4, as pandemic proceeds, the level of income
negatively affects the transmission speed of COVID-19. Indeed, the higher the income
people earn, the lower the risk of being infected they have. One of the most thoroughly
studied relationships in economics is the link between income and education (Apolloni et
al., 2013). People with higher education tend to earn more. Therefore, education is one of
the key variables in curbing the spread of the virus.

The coefficient of variable “Percent of population self-employed” in the initial period is
negative. However, in the subsequent period, its sign turns positive. This may be because of
precautions and regulations coming into effect later on. While in the earlier weeks of the
pandemic the higher amount of self-employment in regions prevents the faster spreads, later
as all sorts of worker mobility are limited the sign becomes negative.
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Similarly, in Table 4 the variable “Percent of people walking to work™ in the early and late
periods has opposite signs. The variable has the highest impact (largest of the coefficients)
among other variables on the diffusion of the infection in earlier days (0.298). During the
initial period, the virus spreads faster in regions where the number of people walking to
work is higher. However, later the direction is reversed, which indicates the efficiency of
government intervention in applying policies such as limiting the mobility of workers,
working from home and social distancing.

Another interesting observation is the change in the coefficient sign of the variables “Percent
of people commuting via other means” (such as biking) and “Mean commute time” distances
after the transition from the initial period. While the percentage of people using other means
for transport is negatively related to the spread speed of the disease in the initial period, the
coefficient changes sign in the subsequent period. One likely reason for this change could
lie in the fact that when the use of public transport is reduced during the pandemic, people
switch to other means of transportation, which may aggravate the in the spread. Therefore,
policymakers should take the effect of alternative transportation means into account while
imposing restrictions. This direction change is more interesting in the variable “Mean
commute time”. The coefficients of this variable are 0.136 and -0.145 in the early and late
periods, respectively. This indicates the effectiveness of interventions in transportation
policies as the higher average time of commuting decreases the spread of the virus.

4. Summary and conclusion

This study demonstrates the importance of sociodemographic features coupled with
mobility factors in the spread of COVID-19 in the US. Since the beginning of the pandemic
policymakers have been struggling to identify critical aggravating and mitigating factors to
enact efficient restrictive policies. The literature suggests that varying diffusion patterns
could be region specific. There has also been some speculation about the link between
regional immigrant population densities and the spread speed of the COVID-19 pandemic.
While the literature is clear on immigrants being among the vulnerable groups, to the best
of our knowledge this is the first study that questioned the link between immigrant
population density and the spread speed of the pandemic. Our study highlights that
combating outbreaks based on regional characteristics is crucial. Our analysis of real
COVID-19 data and a wide selection of sociodemographic variables indicate that the ratio
of immigrants or foreigners, and the spread speed, are not related at state- or county-levels.
The regression model is capable of serving decision-makers to tailor their prevention and
control tactics continuously based on county-level socioeconomic data. The findings also
confirm the necessity for effective interventions such as social distancing to slow down the
spread of COVID-19.

The results of our two-period regression analysis may help policymakers to implement
dynamic intervention strategies at different stages of a pandemic. A significant observation
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is the direction change of significant coefficients such as “Percent of people walking to
work” and “Mean commute time” while transitioning from the initial period to the
subsequent period. We hope that our results help researchers and decision makers to take
sociodemographic traits into account while implementing prevention strategies regionally.

One limitation of this study is the lack of other variables, such as education and migrant’s
age group in the dataset. Similar factors might be associated with the spread of COVID-19
in the US. To analyze the transmission speed of the infection, we used the SIR model with
varying transmission rates. One future direction could use other compartmental models (e.g.,
susceptible exposed infected recovery, susceptible infected susceptible, and susceptible
infected recovered deceased, among others) to measure other dimensions of infection
diffusion. Furthermore, a similar analysis can be performed in other countries where
demographic information of the population is publicly available.
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Appendix: Correlation table for period from 4 to 17
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TotalPop | 1.00
RatioForeign | 022  1.00
CitizenRat | 43 031 100
NonCitizenRat | 023 030 -L00 100
M F Rat | 014 006 4016 016 100
XI18 25Rat | 010 004 003 013 006 100
Pacific | 017 011 427 027 031 0.06 100
Income | 035 013 4020 020 013 42 004 100
IncomePerCap | 043 011 001 001 009 04 004 090 100
Poverty | 04 014 00 004 05 025 40 4 46 100
ChildPoverty | 04 005 00 004 020 012 007 A7 06 095 100
Professional | 001 005 400 003 A6 00 005 060 066 0.3 008 100
Service | 036 410 011 A1 000 000 0.02 045 04 073 070 003 100
Office | 010 42 001 000 -2 018 002 000 000 024 026 030 038 100
Construction | 6 16 015 013 027 04 007 4% 050 055 055 44 053 029 100
Production | 066 02 000 002 005 A0 00 0350 5 063 0.66 016 036 020 0.65 100
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