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A B S T R A C T   

Over two years into the COVID-19 pandemic, it is apparent that some populations across the world are more 
susceptible than others to SARS-CoV-2 infection and spread. Understanding how populations with varying de
mographic patterns are impacted by COVID-19 may highlight which factors are most important in targeting to 
combat global suffering. The first objective of this study was to investigate the association of various socio
economic status (SES) parameters and confirmed COVID-19 cases in the state of Ohio, USA. This study examines 
the largest and capital city of Ohio (Columbus) and various small-medium-sized communities. The second 
objective was to determine the relationship between SES parameters and community-level SARS-CoV-2 con
centrations using municipal wastewater samples from each city’s respective wastewater treatment plants from 
August 2020 to January 2021. SES parameters include population size, median income, poverty, race/ethnicity, 
education, health care access, types of COVID-19 testing sites, and social vulnerability index. Statistical analysis 
results show that confirmed (normalized and/or non-normalized) COVID-19 cases were negatively associated 
with White percentage and registered hospitals, and positively associated with registered physicians and various 
COVID-19 testing sites. Wastewater viral concentrations were negatively associated with poverty, and positively 
associated with median income, community health centers, and onsite rapid testing locations. Additional ana
lyses conclude that population is a significant factor in determining COVID-19 cases and SARS-CoV-2 wastewater 
concentrations. Results indicate that community healthcare parameters relate to a negative health outcome 
(COVID-19) and that demographic parameters can be associated with community-level SARS-CoV-2 wastewater 
concentrations. As the first study that examines the association between socioeconomic parameters and SARS- 
CoV-2 wastewater concentrations as well as confirmed COVID-19 cases, it is apparent that social determinants 
have an impact in determining the health burden of small-medium sized Ohioan cities. This study design and 
innovative approach are scalable and applicable for endemic and pandemic surveillance across the world.   

1. Introduction 

By March 11, 2020, the World Health Organization (WHO) had 
classified the novel coronavirus disease 2019 (COVID-19) as a global 
pandemic (World Health Organization, 2020). As of January 14, 2022, 
WHO has reported over 585 million cases globally and 91.3 million 
cases in the United States alone (World Health Organization, 2022a). 
While the introduction of vaccinations began in December 2020, there 
are still large populations who remain vulnerable to SARS-CoV-2, the 

virus responsible for COVID-19. 
Over the last few decades, many epidemiological studies have 

increasingly emphasized the role of socioeconomic status (SES) in 
determining health outcomes across the globe (Adler and Stewart, 
2010). Communities with lower SES inequalities tend to be more sus
ceptible to health inequalities (Fiscella and Williams, 2004). Amidst the 
pandemic crisis, it is also apparent that social vulnerability plays a sig
nificant role in COVID-19 infection and mortality (Aromí et al., 2021; 
Karmakar et al., 2021; Magesh et al., 2021; Sandhu et al., 2021; Zhu 
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et al., 2021). Huang et al. (2021), determined that COVID-19 cases and 
mortality rates were positively associated with social vulnerability in 
South Carolina counties. This study hypothesized that public health 
resources were not fully utilized in rural South Carolina counties, which 
could explain the disproportionate COVID-19 cases in rural counties 
compared to urban counties. In addition to socioeconomic factors, re
searchers are also considering that healthcare systems serve as potential 
social determinants of health, which can affect and be affected by other 
social predictors of health (Baum et al., 2009; Marmot et al., 2008; 
O’Donnell et al., 2016). While the majority of studies have focused on 
country-level and large cities across the world, few studies examine the 
relationship between demographic parameters and confirmed 
COVID-19 clinical cases in small and medium-sized cities of the United 
States. The first objective of this study is to investigate the association of 
SES (median income, poverty, race/ethnicity [White, Black, Asian], 
education, access to health care [patient to clinician ratio, registered 
hospitals, registered physicians, without health insurance, COVID-19 
testing sites], and social vulnerability index) on confirmed COVID-19 
cases in the state of Ohio, USA. 

In Ohio alone, 3,096,557 total cases, 125,230 hospitalizations, and 
39,576 deaths have been reported through September 9, 2022 (Ohio 
Department of Health, 2022b). Franklin County, which includes the 
capital city (Columbus), represents the highest Ohio county count at 
10.87% (336,627) of all Ohio confirmed cases (Ohio Department of 
Health, 2022b). This study will analyze data from Columbus and several 
other small-medium-sized Ohio cities varying in socioeconomic status. 

In order to track SARS-CoV-2 levels at a community level, 
wastewater-based surveillance has successfully been used to monitor 
SARS-CoV-2 load in a given catchment area since majority of the 
infected (asymptomatic and symptomatic) individuals excrete the virus 
via their waste (Ahmed et al., 2020; Gonzalez et al., 2020; Hart and 
Halden, 2020; Lodder and Husman, 2020; Medema et al., 2020; Wurtzer 
et al., 2020). In central and southeastern Ohio, Ai et al., 2021 reported 
the significant correlation between SARS-CoV-2 concentrations detected 
from municipal wastewater and the confirmed COVID-19 cases within 
the nine Ohio sewersheds. Yet previous studies indicate rural and/or low 
SES communities are typically underserved by healthcare systems, 

which can include restricted COVID-19 testing availability and lower 
physician/hospital ratio per population density (Melvin et al., 2021; 
Rader et al., 2020). Therefore, this study acknowledges that 
wastewater-based surveillance is an efficient approach for tracking in
fectious diseases within communities, regardless of these potential 
healthcare barriers, and has the potential to serve as a complementary 
tool for evaluating community socioeconomics (Choi et al., 2020). 
Hence, the second objective of this study is to determine the association 
between socioeconomic status parameters and community level 
SARS-CoV-2 wastewater concentrations using municipal wastewater 
samples. While the approach and study design used in this study is 
scalable and applicable anywhere in the world, this study may aid in 
implementing future prevention strategies prior to the next epidemic. 

2. Methods 

2.1. Data collection 

2.1.1. Clinical COVID-19 cases 
The eight cities (Athens, Circleville, Columbus, Lancaster, Marietta, 

Marysville, Newark, and Zanesville) covered in this study are located in 
central and southeastern Ohio (Fig. 1). Columbus is located in an urban 
county, while the remaining 7 cities are located in rural Ohio counties 
(Ohio State University, 2021). Confirmed COVID-19 case data was 
retrieved from the Ohio Department of Health Coronavirus Dashboard, 
Ohio Coronavirus Wastewater Monitoring Network (Ohio Department of 
Health, 2021a). For all eight cities, data collection includes August 1, 
2020 through January 31, 2021. Confirmed COVID-19 case counts are 
defined as the total number of daily onset cases with residences located 
within the boundaries of each county’s sewershed catchment area. For 
each city, daily case counts were summated to determine the total cases 
per month, which were then averaged into one value for each of the 6 
months included. These 6 monthly averages were further averaged into 
one final case value (average monthly cases). The average monthly case 
value was further divided by each city’s respective population and 
multiplied by 100,000 to calculate the normalized COVID-19 cases per 
100,000. 

Fig. 1. Map of the eight city locations investigated in central and southeastern Ohio and cumulative COVID-19 case count. Confirmed COVID-19 case data, 
wastewater viral concentration data, and socioeconomic population parameters were collected from each of these eight locations. This study focuses on Columbus 
(star), which is the capital city of Ohio and the largest city in Ohio. The surrounding cities (Athens, Circleville, Lancaster, Marietta, Marysville, Newark, and 
Zanesville) vary in small-medium population size and socioeconomic status. Cities illustrated via red dot and their respective county borders outlined in light gray. 
Heat gradient of confirmed COVID-19 cases are shown with cumulative case count in parenthesis from August 1, 2020 through January 31, 2021. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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2.1.2. Socioeconomic parameters 
The following socioeconomic status (SES) data were retrieved from 

the 2019 United States Census Bureau Quick Facts (United States 
Department of Commerce, 2019) for each of the 8 cities:  

i. Total city population and respective county population (July 1, 
2019). All persons are “usually resident” in the corresponding 
city and county boundary.  

ii. Median Income (2015–2019). Income within the last 12 months 
of the householder and all other individuals 15 years and older 
within the household, regardless of being related.  

iii. Poverty (2015–2019). Percentage of city population in poverty is 
defined by a family’s total income being less than the Census 
Bureau family’s threshold, then every individual in the family is 
considered in poverty. For information on how the Census Bureau 
Measures Poverty: https://www.census.gov/topics/income-pove 
rty/poverty/guidance/poverty-measures.html  

iv. Ethnicity (2019). Each of the following categories of race is in 
percentages. 

a. White alone: “A person having origins in any of the original 
peoples of Europe, the Middle East, or North Africa. It in
cludes people who indicate their race as “White” or report 
entries such as Irish, German, Italian, Lebanese, Arab, 
Moroccan, or Caucasian.” 
b. Black or African American alone: “A person having origins 
in any of the Black racial groups of Africa. It includes people 
who indicate their race as “Black or African American,” or 
report entries such as African American, Kenyan, Nigerian, or 
Haitian.” 
c. Asian alone: “A person having origins in any of the original 
peoples of the Far East, Southeast Asia, or the Indian sub
continent including, for example, Cambodia, China, India, 
Japan, Korea, Malaysia, Pakistan, the Philippine Islands, 
Thailand, and Vietnam. This includes people who reported 
detailed Asian responses such as: “Asian Indian,” “Chinese,” 
“Filipino,” “Korean,” “Japanese,” “Vietnamese,” and “Other 
Asian” or provide other detailed Asian responses.” 

v. Education (2015–2019). Data are shown in percentages calcu
lated by dividing the number of persons with an education degree 
(aged 25 and older) by the city population. 

a. High School Degree or Higher: Persons whose highest de
gree was a high school diploma or its equivalent, people who 
attended college but did not receive a degree, and people who 
received an associate’s, bachelor’s, master’s, or professional 
or doctorate degree. 
b. Bachelor’s Degree or Higher: Persons who have received a 
bachelor’s degree from a college or university, or a master’s, 
professional, or doctorate degree. 

vi. Without Health Insurance (2015–2019). Percent of the city pop
ulation, below the age of 65 years, that do not have health 
insurance. 

However, Columbus city boundaries, as denoted by the US Census 
Bureau, do not represent all populations served by the Jackson Pike and 
Southerly wastewater treatment plants. Thus, this study utilizes SES 
parameters from 14 additional districts, served by Jackson Pike or 
Southerly Wastewater Treatment Plants, to determine collective SES 
values that are representative of the entire Columbus area (Table 1). 

In addition to the proportion of individuals without health insurance, 
the following healthcare parameters were utilized: patient-to-clinician 
ratio, registered hospitals, registered physicians, and COVID-19 testing 
sites. Patient to Clinician Ratio data were retrieved from Data USA 
(https://datausa.io/). The 2018 collection year data is based on 2015 
County Health Rankings & Roadmaps county levels (https://www. 
countyhealthrankings.org/). For example, a patient to clinician ratio 
of 1,000 indicates that primary care physicians saw an average of 1,000 Ta
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patients per year. The registered number of hospitals and physician data 
was retrieved from the Ohio Development Services Agency’s 2020 
County Profiles, prepared by the Office of Research (Ohio Development 
Services Agency, 2021). Hospital counts include facilities registered as 
general medical, surgical, or children’s hospitals. During the 2020 
collection of data, some hospitals were not “registered” and were 
therefore considered “pending.” Additionally, total number of registered 
physicians used supplementary data from the State Medical Board of 
Ohio, 2018) Annual Report (State Medical Board of Ohio, 2018). 
Registered hospital count and registered physicians count were divided 
by each county’s respective population to determine normalized values. 

COVID-19 testing site data was retrieved from the ODH COVID-19 
Dashboard (Ohio Department of Health, 2021c). Testing sites consist 
of 4 types: testing location, community health center, rapid test – at 
home, and rapid test – onsite. Data includes all testing sites within each 
county border, but the majority of sites tend to be within city bound
aries. Each of the 4 testing sites were summated and normalized using 
county population data for all 8 counties. For each county, an overall 
cumulative count of all 4 types of testing sites was summated as “cu
mulative testing centers” and then normalized. In addition, the 2 largest 
testing site counts (testing locations and community health centers) 
were summated and normalized together to create one final COVID-19 
testing center parameter, “testing location and community health 
centers.” 

The social vulnerability index (SVI) data retrieved from the Centers 
for Disease Control and Prevention/Agency for Toxic Substances and 
Disease Registry (Agency For Toxic Substances and Disease Registry, 
2021), ranks the social vulnerability of each county in Ohio. The SVI 
utilizes 15 social factors that may weaken a county’s preparation and 
response to a hazardous event, natural disaster, and/or disease 
outbreak, such as COVID-19. The SVI ranks each of the individual 15 
social factors and categorizes them into 4 related themes (Socioeco
nomic Status, Household Composition and Disability, Minority Status 
and Language, Housing Type and Transportation) and one Overall 
Vulnerability summary rank. Percentile rankings range from 0 to 1, with 
a higher value indicating higher social vulnerability and a lower value 
indicating low social vulnerability. For this study, the SVI rankings of 
the 4 themes and Overall Vulnerability were utilized. 

2.1.3. Wastewater SARS-CoV-2 concentrations 
All wastewater viral concentration data was recovered from the Lee 

Lab in the College of Public Health at The Ohio State University. Details 
on the cities’ wastewater treatment plants can be seen in Ai et al., 2021’s 
study. Timeline follows August 1, 2020 to January 21, 2021. Data from 
August 1, 2020, through the first week of January 2021 is a subset of 
data from Ai et al. (2021), with the addition of new data for the second 
and third week of January 2021. Influent wastewater composite samples 
were collected twice a week from each of the cities’ wastewater treat
ment plant (Athens, Circleville, Columbus, Lancaster, Marietta, Marys
ville, Newark, and Zanesville). From Columbus, samples were collected 
from the two wastewater treatment plants, Jackson Pike and Southerly. 
Wastewater samples were transported to the lab where sample pro
cessing, filtration, viral concentration, and SARS-CoV-2 RNA extraction 
occurred. 

As demonstrated in Ai et al. (2021), raw wastewater was centrifuged 
at 4 ◦C, 2,500×g for 10 min, and further filtered via 0.45 μM sterile filter 
units to remove large solid particles. Next, Hollow Fiber Polysulfone 
Concentrating Pipette Select tips (0.05 μm) concentrated the filtrate, 
producing the viral eluent concentrate. Nucleic acid extraction and 
reverse transcription were conducted to produce cDNA, which was 
further used for SARS-COV-2 gene quantification via droplet digital 
polymerase chain reaction (ddPCR) to target the SARS-CoV-2 nucleo
capsid gene (N1 and N2) and envelope (E) gene. Genetic signaling 
allowed the quantification of wastewater viral load concentrations in 
gene copies per liter (GC/L). Positive and negative control assays for 
each of the three target genes were conducted and referenced when 

setting an appropriate threshold for quantifying positive droplets (Ai 
et al., 2021). In addition, regular testings of PCR inhibition, virus re
covery efficiency, and human fecal viral indicators were performed. 

Monthly averages of wastewater concentrations (GC/L) were calcu
lated for each WWTP, which were then calculated into one total aver
aged value representative of all months (August 2021 through January 
2021). This final wastewater concentration value (GC/L) of each WWTP 
was used for determining potential associations with SES parameters. 

2.2. Statistical analysis 

2.2.1. Univariate data analysis 
Descriptive statistics suggested that COVID-19 case, SES parameter, 

and wastewater viral concentration data failed to meet normality as
sumptions. Therefore, the two non-parametric regression analyses uti
lized were the Spearman Rank Correlation and Kendall Rank Correlation 
to determine the individual association between each socioeconomic 
parameter and COVID-19 cases, and the association between each so
cioeconomic parameters and wastewater viral concentrations. Alpha 
levels of 0.05 and 0.10 were used to determine relative strong and weak 
significance. 

Along with the statistical methods listed above, multiple linear 
regression was implemented to estimate the relationship between mul
tiple independent variables and a single dependent variable. The inde
pendent variables of interest were city population, Social Vulnerability 
Index (SVI) Theme 3, median income, and White, while the dependent 
variables of interest were averaged monthly COVID-19 cases, N1, N2, 
and E gene SARS-CoV-2 wastewater concentrations. These independent 
variables were selected due to their linear relationships with the 
dependent variables. Specifically, SVI Theme 3 was chosen because 
including all races (White, Asian, Black) as predictors in the MLR model 
was desired, but was not possible due to collinearity. SVI Theme 3 
represents all non-white and non-English speaking individuals. Inde
pendent variables were checked for multicollinearity using the variance 
inflation factor. Two models were made for each dependent variable of 
interest. One model utilized city population, SVI Theme 3, and median 
income as predictors, while the second used White, SVI Theme 3, and 
median income as the predictors. Data collection, organization, average 
calculations, and normalizations were performed with Microsoft Excel 
(V. 16.49 [21050901]). All statistical analyses were performed using 
RStudio software (V March 1, 1093). Variable abbreviations used for 
statistical analyses and respective figure generation can be found in 
Table 3. 

2.2.2. Multivariate data analysis 
Following the methods listed above, a multivariate data analysis 

technique was utilized to better analyze relationships and patterns 
within the dataset. The appropriate approach implemented for this 
study was Principal Component Analysis (PCA). This method was 
selected because it is useful for simplifying high-dimensional data, while 
retaining the patterns within the data. To prepare the data for PCA, 
categorical variables and normalized value columns were removed. The 
data was then standardized so that all variables had a variance and 
standard deviation of 1. After the data were prepared, PCA was applied, 
and principal components were determined. 

3. Results 

3.1. Confirmed COVID-19 cases 

Averaged monthly COVID-19 cases and normalized COVID-19 cases 
per 100,000 are found in Table 2. It should be noted that Columbus (the 
largest population) has the highest average monthly cases, but not the 
highest normalized cases. Zanesville has the 5th smallest population 
with the highest normalized case value, +1095.25 higher than Colum
bus. Meanwhile, Circleville has the lowest normalized COVID-19 cases 
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(− 158.75). 

3.2. Univariate data 

3.2.1. SES parameters and confirmed COVID-19 cases 
The two correlation analyses, Spearman’s Rho (rS) and/or Kendall’s 

Tau (rK) rank correlation, have determined that a total of nine socio
economic parameters are significantly associated with averaged 
monthly COVID-19 cases: percent White (rs = − 0.71, p = 0.05; rk =

− 0.59, p = 0.04) normalized registered hospitals (rs = − 0.79, p = 0.03; 
rk = − 0.57, p = 0.06), registered physicians (rs = 0.81, p = 0.02; rk =

0.57, p = 0.06), cumulative testing centers (rs = 0.68, p = 0.09), testing 
locations (rs = 0.82, p = 0.02; rk = 0.65, p = 0.05), community health 
centers (rk = 0.55, p = 0.09), rapid test – onsite (rs = 0.90, p = 0.01; rk =

0.82, p = 0.02), testing locations and community health centers (rs =

0.83, p = 0.02; rk = 0.68, p = 0.03), and normalized testing locations and 
community health centers (rs = 0.86, p = 0.01; rk = 0.71, p = 0.01) 
(Fig. 2). Meanwhile, two SES parameters, normalized community health 
centers (rs = 0.70, p = 0.08; rk = 0.59, p = 0.07) and normalized rapid 
test – onsite (rs = 0.68, p = 0.09), were found to be positively associated 
with normalized COVID-19 cases. The remaining population de
mographics (poverty, median income, education) were not associated 
with normalized or non-normalized COVID-19 cases. All p-values and 
correlation coefficients can be found in Supplemental Table 2. 

3.2.2. SES parameters and wastewater viral concentrations 
The two correlation analyses (Spearman and Kendall) have deter

mined that a total of four socioeconomic parameters are significantly (p 
< 0.05 and/or p < 0.10) associated with the wastewater SARS-CoV-2 
gene concentrations (Fig. 3). Those SES parameters are median in
come, poverty, community health centers, and rapid test – onsite. Me
dian income was found to be positively associated with targeted N1 (rS 
= 0.79, p = 0.03; rK = 0.64, p = 0.03) and E (rS = 0.64, p = 0.10) gene 
wastewater viral concentrations. Poverty is negatively associated with 
targeted N1 (rS = − 0.83, p = 0.02; rK = − 0.71, p = 0.01) and E (rS =

− 0.71, p = 0.06; rK = − 0.57, p = 0.06) gene wastewater viral 
concentrations. 

Additionally, community health centers were found to be positively 
associated with targeted E gene wastewater viral concentrations (rS =

0.69, p = 0.09; rK = 0.55, p = 0.09), while rapid test – onsite is positively 
associated with targeted N1 (rS = 0.90, p = 0.01; rK = 0.82, p = 0.02) and 
E (rS = 0.90, p = 0.01; rK = 0.82, p = 0.02) gene wastewater viral 
concentrations. All remaining p-values and correlation coefficients can 
be found in Supplemental Table 3. 

This study also reveals that out of the three SARS-CoV-2 genetic 
targets, the E gene is found to have more associations with SES pa
rameters compared to the N1 and N2 gene (Fig. 3). Collective descriptive 
statistics of SES parameters, confirmed COVID-19 cases, and SARS-CoV- 
2 wastewater concentrations can be found in Supplemental Table 1. 

3.2.3. Multiple linear regression 
To estimate the influence of combined effects by median income, city 

population, White, and SVI Theme 3 on COVID-19 cases and wastewater 
viral concentrations, multiple linear regression (MLR) was performed. 
Table 4 summarizes the models of best fit. The adjusted R2 coefficients 
were significant for all models with p < 0.05. When the city population 
was replaced by White as a prediction variable, adjusted R2 values 

Table 2 
Confirmed cumulative COVID-19 monthly cases, averaged monthly cases, and normalized cases in each of the 8 city locations. Table is ranked by population 
size in descending order, with Columbus having the largest population. Confirmed COVID-19 case counts were totaled for each month within the boundary of each 
county’s sewershed catchment area. Data includes August 1, 2020 to January 31, 2021 for all 8 cities. For each location, the individual monthly cumulative cases were 
averaged into one value. These averaged monthly cases were normalized per 100,000 population. Each city’s normalized COVID-19 cases were compared to Columbus, 
the city with the highest normalized cases, to determine the difference in normalized cases.  

Location City 
Population 

Total Cumulative Monthly Cases Averaged 
Monthly Cases 

Normalized Cases 
Per 100,000 

Normalized Difference 
vs. Columbus 

August 
‘20 

September October November December January 
‘21 

Columbus 1,248,073 5,008 5,037 8,017 24,547 25,798 18,099 14,417.67 1,155.19 0.00 
Newark 50,315 99 82 333 1,015 969 764 543.67 1,080.53 − 74.67 
Lancaster 40,505 128 115 330 858 846 739 502.67 1,241.00 85.80 
Zanesville 25,158 60 147 305 857 1138 890 566.17 2,250.44 1,095.25 
Marysville 24,667 74 136 237 872 693 506 419.67 1,701.33 546.13 
Athens 24,536 42 364 422 248 196 381 275.50 1,122.84 − 32.35 
Circleville 14,050 14 14 69 201 235 307 140.00 996.44 − 158.75 
Marietta 13,356 9 5 113 311 306 220 160.67 1,202.95 47.76  

Table 3 
Variable abbreviation of all socioeconomic parameters, confirmed COVID-19 
cases, and SARS-CoV-2 wastewater concentrations.  

Abbreviation Parameter 

Location Location 
County County 
RvU Rural vs. Urban 
Population 1 City Population 
Population 2 County Population 
N1 N1 conc. (GC/L) 
N2 N2 conc. (GC/L) 
E E conc. (GC/L) 
COVID.19 Averaged Monthly COVID-19 Cases (by WWTP) 
NormCOVID Normalized COVID-19 Cases Per 100,000 (by WWTP) 
Income Med. Income ($) 
Poverty Poverty (%) 
White White (%) 
Black Black (%) 
Asian Asian (%) 
Education 1 High school or higher (%) 
Education 2 BA degree or higher (%) 
PCR Patient to clinician ratio (population: 1 clinican) 
WHI Without health insurance (%) 
Hospitals 1 Registered Hospitals Count (by County) 
Hospitals 2 Registered Hospitals per pop. 
Physicians 1 Registered Physicians Count (by County) 
Physicians 2 Registered Physicians per pop. 
CTC1 Cumulative Testing Centers (by county) 
CTC2 Cumultaive Testing Centers per population 
TL1 Testing Locations Count 
TL2 Testing Locations per population 
CHC1 Community Health Centers Count 
CHC2 Community Health Centers per poppulation 
RHT1 Rapid Test - At Home Count 
RHT2 Rapid Test - At Home Tests per population 
ROT1 Rapid Test - Onsite Count 
ROT2 Rapid Test - Onsite Testing per population 
TL.CHC1 Testing Locations & Community Health Centers Count 
TL.CHC2 Testing Locations & Community Health Centers per population 
Themes Overall - RPL_THEMES 
Theme 1 Socioeconomic Status- RPL_THEME1 
Theme 2 Household Composition & Disability - RPL_THEME2 
Theme 3 Minority Status & Language - RPL_THEME3 
Theme 4 Housing Type & Transportation - RPL_THEME4  
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decreased in all models, suggesting that population was better for pre
dicting COVID-19 cases and wastewater viral concentrations. Supple
mental Figure 1 also supports this claim and provides a visual. Out of all 
eight models, MLR Model 1 showed the best fit, with an adjusted R2 of 
0.99 and a p < 0.001. Overall, MLR showed that the dataset contains 
many linear relationships, and that an MLR model using city population, 
median income, and SVI Theme 3 as predictors of COVID-19 cases and 
wastewater viral concentrations provides the best fit. 

3.3. Multivariate data 

PCA results showed that principal component 1 (PC1) and 2 (PC2) 
accounted for 66.3% and 14% of the variance within the data set, 
respectively (Fig. 4). This means that the first two components alone 
account for 80.3% of the variance within the data set. Since the first two 
PCs account for such a large amount of variance in the data set, a 2-D 
PCA plot displaying all predictors was created to visualize the data 
(Fig. 5). The compact cluster of points on the right side of the graph is 
thought to correspond to the location Columbus, while the sparser 
points on the left side of the graph correspond to the other seven loca
tions. To visualize this, a PCA plot was generated for all eight sampling 
locations (Fig. 6), illustrating that PC1 clearly separates Columbus from 
all other sampling locations. To examine this further, the contributions 
of the individuals for PC1 were viewed, and it was seen that Columbus 

contributes 86.4% to PC1. 

4. Discussion 

The proportion of White residents, registered hospitals, registered 
physicians, and various testing sites are potentially related to COVID-19 
cases in central and southeastern Ohio. The combined SES parameter, 
normalized testing locations and community health centers, and rapid 
test – onsite showed the highest Spearman rank correlation, rS = 0.86 
and rS = 0.90. From these results, it is clear that an increase in COVID-19 
testing sites (cumulative testing centers, testing locations, community 
health care centers, rapid test – onsite, testing locations and community 
health centers, and normalized testing locations and community health 
centers) are significantly associated with an increase in averaged 
monthly COVID-19 confirmed cases. Most notably, results indicate that 
two healthcare parameters (normalized registered hospitals and regis
tered physicians) and various COVID-19 testing parameters are found to 
be associated with averaged monthly COVID-19 confirmed cases. All 
significant correlation coefficients between SES parameters and COVID- 
19 cases are positive, with the exception of normalized registered hos
pitals (rS = − 0.79; rK = − 0.57). This reveals a key finding, as the number 
of registered hospitals decreases in these small-medium-sized cities, 
respective to population size, confirmed COVID-19 cases are expected to 
increase. In cities with disproportionate access to hospitals, individuals 

Fig. 2. Summary of correlations between socioeconomic status parameters and confirmed COVID-19 cases within the 8 city locations. Heat table represents asso
ciations between all eight cities’ socioeconomic status parameters and (normalized and monthly averaged) COVID-19 cases from August 1, 2020 to January 31, 2021. 
For each location, the individual monthly cumulative cases were averaged into one value. These averaged monthly cases were normalized per 100,000 population. 
Spearman and Kendall correlation analyses were performed for each comparison to indicate respective p-values. SES parameters with a significant COVID-19 as
sociation (p-values less than or equal to 0.05 and/or 0.10) are denoted with a positive or negative correlation coefficient in parenthesis and exact pvalues are 
emphasized within table in bold. A positive coefficient value indicates a positive association while a negative coefficient indicates a negative association. 
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may face greater barriers when receiving healthcare, including distance 
to travel, hospital bed availability, and quality of care. Considering 
Columbus has the highest median income and second highest normal
ized registered hospitals (data not shown), median income and hospital 
access could certainly be related. This discovery aligns with previous 
literature that low-income areas compared to high-income areas face 
substantial healthcare disparities and need to travel further distance for 
general acute hospital care (Nguyen et al., 2019). 

In addition, results determined that COVID-19 cases increase in cities 
with an increasing proportions of White individuals. This result is un
expected since past evidence suggests that racial and ethnic minority 
groups typically face higher COVID-19 burdens, hospitalizations, and 
deaths (Abedi et al., 2021; Kim and Bostwick, 2020; Wrigley-Field et al., 
2020). Interestingly, recent studies have begun to note changing per
ceptions about the COVID-19 pandemic and how they could be distin
guished by racial/ethnic groups, while White individuals in the United 
States were more likely to disregard COVID-19 safety precautions 
compared to ethnic minorities (Harell and Lieberman, 2021; Kumar and 
Encinosa, 2021; Skinner-Dorkenoo et al., 2022). Though this study only 
investigated COVID-19 case incidence, it is possible that the proportion 
of Whites could test positive at higher rates compared to ethnic minor
ities, but Whites could face lower mortality rates compared to other 
ethnic minorities. Therefore, if plausible, future studies should ensure 
that COVID-19 incidence, hospitalization, mortality, and vaccination 
rates are investigated to fully cover the burden of the disease. 

Although only two SES parameters are associated with normalized 

COVID-19 cases, this may represent a key finding. Various studies 
around the world have utilized either normalized or non-normalized 
COVID-19 case data to assess the relationship with SARS-CoV-2 waste
water concentration data. It is apparent that studies using non- 
normalized confirmed clinical COVID-19 cases tend to use raw daily, 
total, and/or moving weekly averages case counts across shorter study 
periods to more accurately detect significant changes in wastewater 
loads and COVID-19 cases (Hasan et al., 2021; Kumar et al., 2020; Sri
vastava et al., 2021). On the other hand, studies using normalized 
COVID-19 case data tend to monitor wastewater influent across longer 
time periods with a greater likelihood of employing other methods to 
normalize SARS-CoV-2 wastewater concentrations, such as human fecal 
viruses, crAssphage, and pepper mild mottle virus (PMMoV) Ai et al. 
(2021); Graham et al. (2021); Feng et al. (2021). While there is no 
universal agreement on to use of normalized or non-normalized 
COVID-19 data, this study explored the association of both COVID-19 
data with socioeconomic parameters. Overall, non-normalized 
COVID-19 case counts were found to have more associations with SES 
parameters compared to normalized COVID-19 cases per 100,000. 

Results reveal a negative relationship between poverty (%) and N1 
and E gene wastewater viral concentrations, but a positive relationship 
between median income and N1 and E gene wastewater viral concen
trations. This is an interesting discovery since univariate Spearman and 
Kendall correlations did not reveal an association between poverty and 
median income with confirmed clinical COVID-19 cases. Therefore, this 
reflects a key finding of this novel study, indicating the potential for 

Fig. 3. Summary of correlations between socioeconomic status parameters and wastewater viral concentrations within the 8 city locations. Heat table represents 
associations between all eight cities’ socioeconomic parameters and municipal wastewater E, N1, and N2 gene concentrations from August 1, 2020 to January 21, 
2021. All wastewater concentrations in gene copies per liter (GC/L). Spearman and Kendall correlation analyses were performed for each comparison to indicate 
respective p-values. SES parameters with a significant wastewater concentration association (p-values less than or equal to 0.05 and/or 0.10) are denoted with a 
positive or negative correlation coefficient in parenthesis and exact p-values are emphasized within table in bold. A positive coefficient value indicates a positive 
association while a negative coefficient indicates a negative association. 
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using SES parameters as a tool for determining community wastewater 
infection. In addition, the direction of association between these SARS- 
CoV-2 wastewater concentrations with poverty and median income is 
also unique and unexpected. Nonetheless, there could be possible 
reasoning behind the relationship of SARS-CoV-2 target gene waste
water concentrations decreasing while poverty increases and median 
income decreases. It is acknowledged that septic tanks are not accounted 
for in this study since all the wastewater samples were obtained from 
wastewater treatment plants’ influents. Septic tank proportion should be 
considered a potential factor in the future. According to the USEPA, 
more than one in five households in the US utilize a septic system to treat 
small volumes of household and business wastewater, which tend to be 
in rural and suburban locations (USEPA, 2021). Septic systems require 
considerable amounts of land space for a functioning drainage field, 
depending on sewer volume and soil conditions. Thus, it may be more 
plausible for less populated, rural cities to have higher proportions of 
septic tanks compared to densely populated urban cities. In addition, 
there is a weak, negative association between city population size and 
poverty (Supplemental Table 5). In addition, typically, individuals 
within higher-income communities have more resources and spare in
come, allowing for increased travel, which may increase community 
viral infection and spread. For example, a recent study concluded that 
high-income communities tend to have higher rates of participation in 
daily activities compared to low-income communities (Hickman et al., 
2017). Collectively, these factors may explain the relationship between 
cities with lower poverty and higher median income rates having 
increased wastewater viral concentrations. Future studies should aim to 
include septic systems as a potential influencer when exploring the as
sociation between SES and parameters and community level 
SARS-CoV-2 wastewater viral concentrations. 

Table 4 
Summary results of various multiple linear regression models for pre
dicting averaged monthly COVID-19 cases and SARS-CoV-2 wastewater 
concentrations within the 8 city locations. Predictor variables denoted with 
one asterisk (*) indicate a p-value < 0.05, two asterisk (**) indicate a p-value <
0.001, and three asterisk (***) indicate a p-value < 0.0001.  

Outcome Predictors Model R2 Adjusted 
R2 

p- 
value 

COVID- 
19 
cases 

City 
Population***, 
Income, Theme 3 

Multiple 
Linear 
Regression 1 

1.00 0.99 0.0004 

COVID- 
19 
cases 

White*, Income **, 
Theme 3 

Multiple 
Linear 
Regression 2 

0.94 0.89 0.0228 

N1 conc. City Population**, 
Income, Theme 3 

Multiple 
Linear 
Regression 3 

0.96 0.92 0.0132 

N1 conc. White*, Income, 
Theme 3 

Multiple 
Linear 
Regression 4 

0.93 0.86 0.0309 

N2 conc. City Population**, 
Income, Theme 3 

Multiple 
Linear 
Regression 5 

0.96 0.93 0.0119 

N2 conc. White, Income, 
Theme 3 

Multiple 
Linear 
Regression 6 

0.91 0.82 0.0450 

E conc. City Population*, 
Income, Theme 3 

Multiple 
Linear 
Regression 7 

0.95 0.90 0.0176 

E conc. White, Income, 
Theme 3 

Multiple 
Linear 
Regression 8 

0.92 0.85 0.0348  

Fig. 4. Scree plot indicating the percentage of variances explained by principal components. Principal component 1 and principal component 2 account for 80.3% of 
the variance within all variables. 
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In addition, the SARS-CoV-2 target E gene was found to have more 
associations with SES parameters compared to the N1 and N2 targets 
genes. This is a unique and unexpected finding since a majority of recent 
SARS-CoV-2 wastewater studies primarily target the N1 and/or N2 re
gions of the SARS-CoV-2 nucleocapsid N gene to compare against 
COVID-19 cases (Feng et al., 2021; Graham et al., 2021; Rodríguez 
Rasero et al., 2022; Weidhaas et al., 2021; Wu et al., 2022; Yeager et al., 
2021). In fact, a recent review summarized 92 studies across 34 coun
tries that employed wastewater surveillance for COVID-19 community 
surveillance and concluded that the N gene was the most targeted (Shah 
et al., 2022). The previous Ai et al. (2021), a study that quantified 
SARS-CoV-2 gene concentration in the same nine Ohio sewersheds 
found that wastewater concentrations had the highest correlation and 
prediction of new confirmed COVID-19 cases with the N2 gene target. 
Therefore, future approaches should note this key finding and prioritize 
utilizing the E gene as a measure of SARS-CoV-2 wastewater concen
trations, especially when comparing viral gene target concentrations to 
community demographic parameters. Most notably, this is the first and 
only study known to examine the strength and direction of association 
between community socioeconomic parameters and SARS-CoV-2 
wastewater viral concentrations. Overall, these conclusions illustrate 
that wastewater-based monitoring has the potential to serve as a com
plementary tool for evaluating community socioeconomics and can be 
used for supplemental information when combating health burdens in 
communities served by wastewater treatment plants. 

As expected, multiple linear regression (MLR) models further 
confirm our results. MLR models that included city population provided 
better fits than models that did not include population for both COVID- 
19 cases and SARS-CoV-2 wastewater concentrations, which was further 
supported through the PCA results. Notably, out of the four and overall 

Fig. 5. PCA plot displaying socioeconomic status parameters, confirmed COVID-19 cases, and wastewater viral concentrations within the 8 city locations. Refer to 
Table 3 for variable abbreviation. 

Fig. 6. 2D PCA plot results for all 8 city locations. Plot indicates that principal 
component 1 clearly separates Columbus from other 7 sampling locations. 
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CDC Social Vulnerability Themes, Minority Status and Language (Theme 
3) correlated best with both COVID-19 cases and all SARS-CoV-2 
wastewater concentrations (Table 4; Supplemental Figure 2). In other 
words, SVI Theme 3 accounts for the total percentile percentage of the 
minority population and individuals of non-proficient English speakers. 
This finding matches previous results and literature that race/ethnicity 
plays a key role in determining COVID-19 burden (Figueroa et al., 2021; 
Mude et al., 2021) and SARS-CoV-2 wastewater concentrations. 

Meanwhile, the principal component analysis (PCA) has confirmed 
our univariate conclusions and revealed additional vital findings. As 
seen in Fig. 5, the following variables account for 80.3% of variability 
within the data set: median income, poverty, education, population, 
Asian, hospitals, SVI Theme 1, SVI Theme 2, SVI Theme 3, and all SARS- 
CoV-2 wastewater concentrations (N1, N2, E). This also displays a 
compact cluster of variables overlapping one another in quadrant 1 and 
4. Note that the majority of these variables are the healthcare parame
ters (numerous types of COVID-19 testing sites, hospitals, physicians, 
and COVID-19 cases), meaning that all of these variables are very similar 
with little variance. Most notably, this key finding denotes that future 
research can save study time and resources by only selecting one or two 
healthcare parameters of interest. In addition, Fig. 6 visually conveys a 
definitive separation between Columbus (the capital, metropolitan city) 
and the other 7 cities, which may be explained by the city type (rural vs. 
urban) and respective population size. In Fig. 6, it is also important to 
note that the 7 cities are relatively spread out and do not cluster, 
meaning there are other variables causing this diversity within these 
cities. As a result, potential significant drivers for COVID-19 cases and 
SARS-CoV-2 wastewater concentrations could be more complex for cit
ies with similar population sizes. These results confirm that city type (e. 
g. size, demographic composition) is a major delineator for determining 
both COVID-19 cases and SARS-CoV-2 community wastewater concen
trations. Future research should utilize these key findings and either 
select city locations with a relatively balanced mix of rural and urban 
cities or select just one city type. For example, expanding our study 
design to encompass all rural cities within the state of Ohio monitored 
via SARS-CoV-2 wastewater surveillance may aid in further under
standing the complex burden of disease in small-medium-sized 
communities. 

5. Limitations 

It is apparent that the sample set of this study is relatively small, 
focusing on 8 cities in 8 Ohio counties. This small data set (n = 8 
counties) failed to meet normality assumptions, limiting the options for 
conducting further analyses beyond Spearman and Kendall Rank Cor
relation, Principal Component Analysis, and Multiple Linear Regression. 
Nonetheless, this pilot study’s primary goal was accomplished by 
determining the preliminary strength and direction of association be
tween each community’s SES parameter with COVID-19 cases and SARS- 
CoV-2 wastewater concentrations. 

To compare preliminary differences in a small and large data set, 
additional regression analyses were performed to determine any asso
ciation between the social vulnerability index (SVI) and COVID-19 cases 
of all 88 Ohio counties. Overall SVI, in addition to all four SVI themes 
(Socioeconomic Status, Household Composition & Disability, Minority 
Status & language, and Housing Type & Transportation), were signifi
cantly (p < 0.005) associated with confirmed COVID-19 cases (Supple
mental Table 4). Based on these results with a larger data set of 
statewide counties (n = 88), the CDC’s SVI serves as a potential indicator 
of COVID-19 case incidence. Nonetheless, this pilot study should be used 
for future studies encompassing a more comprehensive range of cities 
and respective data. Since the use of SARS-CoV-2 wastewater moni
toring is increasing worldwide, this also increases the potential of future 
study sites. Sample collection can expand to the entire state and/or 
regional areas to determine potential socioeconomic associations with 
SARS-CoV-2 wastewater concentrations and COVID-19 case incidence. 

However, in cities without pre-existing SARS-CoV-2 wastewater sur
veillance, this approach can easily be replicated to investigate the 
relationship between socioeconomic parameters and COVID-19 cases. 

Another limitation exists within the confirmed COVID-19 case data 
posted at the state department. Studies have reported that in some areas 
in the United States, there is likely higher SARS-CoV-2 infection than 
those represented in confirmed case counts (Bendavid et al., 2021; Ha
vers et al., 2020). This underreporting can be due to various factors such 
as variations in testing methods, laboratory capacity, access to health
care settings, and individuals with mild symptoms who recover on their 
own without seeking medical care (Reese et al., 2021). 

While the advantages of wastewater-based epidemiology (WBE) 
were previously presented, the limitations of wastewater surveillance 
are also apparent. WBE does not account for communities not served by 
sewer systems, including private septic systems or those lacking basic 
sanitation services. For example, it is estimated that 1.7 billion people 
worldwide lack access to safe disposal of human waste, and 494 million 
individuals practice open defecation (World Health Organization, 
2022b; World Health Organization and UNICEF, 2021). A recent 2021 
study determined that the majority (>75%) of North America, Europe, 
and Australia are connected to wastewater collection systems, while 
Africa has the largest proportion of communities not connected to any 
collection systems (Jones et al., 2021). Therefore, other regions of the 
world, such as Africa, will require other methods of COVID-19 surveil
lance. In addition, more research is needed to understand SARS-CoV-2 
wastewater surveillance since the detection and quantification ap
proaches are not standardized across the globe with communities served 
by sewer systems (Farkas et al., 2020). For example, limits of detection 
vary by gene target and lower levels of community infection may not be 
captured by gene detection. 

6. Conclusion 

To our knowledge, this is the first study that investigates the asso
ciations between SES parameters and community-level SARS-CoV-2 
wastewater concentrations. This study has demonstrated that multiple 
healthcare parameters (number of hospitals, physicians, and COVID-19 
testing sites) are associated with confirmed COVID-19 cases within 8 
central and southeastern Ohioan cities. SARS-CoV-2 wastewater con
centrations were also associated with two SES parameters, median in
come, and poverty (%), in addition to two COVID-19 testing sites. In 
addition, it was found that population is a significant factor in deter
mining COVID-19 cases and SARS-CoV-2 wastewater concentrations. 
Based on these results, it is apparent that social determinants have an 
impact in evaluating the health burden of Ohioan cities. This study 
demonstrates the need for an expanded collection of SES parameters 
across the US, while emphasizing that small-town cities should not be 
forgotten during a public health crisis. Therefore, by determining 
additional sociodemographic parameters associated with COVID-19 
cases and SARS-CoV-2 wastewater monitoring concentrations, neces
sary interventions may be implemented to target specific, vulnerable 
communities in need of combating present and future health burdens. 
Additionally, the scalable approach and study design used in this study 
can be applied to any city across the world. 
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