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Abstract

:

Purpose: This study aimed to explore how race and the socioeconomic index (SES) of residential zip codes influenced COVID-19 testing rates in St. Louis during the early and peak phases of the pandemic. Method: An ecological study was conducted using COVID-19 testing data from March to November 2020 in St. Louis City, including 16,915 tests from 30 residential zip codes. Geographical mapping identified areas lacking testing, descriptive statistics characterized testing rates by race and SES, and robust linear regression modeled the association between testing rates and race, controlling for SES. Results: The overall testing rate was 303.97 per 10,000 population. Testing rates among Blacks, Whites, American Indians/Alaskan Natives, and Asians were 374.26, 247.77, 360.63, and 242.41 per 10,000, respectively. Higher rates were observed in low- and middle-SES zip codes compared with high-SES areas. Adjusted for SES, testing rates per 10,000 were higher by 125 (1.25%), 448 (4.48%), and 32 (0.32%) among Blacks, American Indians/Alaskan Natives, and Asians compared with Whites. Testing rates decreased by 56 (0.56%) per unit SES improvement. There was statistically significant SES finding and that of the difference between American Indians/Alaskan Natives and Whites. Geographical mapping showed higher rates in the inner core and lower rates in the periphery of St. Louis. Conclusions: Race and SES influence testing rates. Targeted interventions are needed in areas with low testing rates in St. Louis.
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1. Introduction


Background


The COVID-19 pandemic has had a globally devastating effect on many sectors of human life, such as health, economic, and social systems. Though the toll continues to be seen and felt, this was especially so in the early and peak phases of the pandemic. Over 500 million cases and 6 million deaths have been reported globally [1]. In the United States (US), there are well over 80 million cases and 950,000 reported deaths [2,3]. At a more disaggregated, granular level, there appears to be a disproportionate burden of COVID-19 morbidity and mortality among racial minorities in the US [4].



A review of current literature shows that research on COVID-19 around racial disparities is increasing [5]. However, the majority of published studies focus on clinical outcomes, such as morbidity—often quantified by hospitalizations—and COVID-19-related mortality [5,6]. While some studies have explored COVID-19 testing rates, these are fewer in number, despite testing being a crucial factor that can help explain the mechanisms behind these disparities [7,8,9,10,11,12,13,14].



Access to testing and testing behaviors are essential factors to contain any pandemic, especially in the early and peak phases where there are limited and restricted testing resources. Testing can serve as a proxy measure that provides crucial insights into access to health care and its delivery, mainly because, prior to COVID-19 testing becoming more readily available, there was limited/restricted access to testing in the early part of the pandemic [15]. Hence, a careful analysis of testing data may reveal patterns and trends that allude to disparities in healthcare access.



Secondly, determinants of health such as socioeconomic status, education, healthcare insurance, and others may shape access to testing. Low testing trends may partly provide insights into why there are disparities in communities of color. Additionally, insights from testing patterns can inform targeted interventions and programs to improve access to testing and other healthcare services for disadvantaged groups. Several studies have explored the relationship among race, SES, and COVID-19 testing [7,8,9,10,11,12,13,14]. For instance, a study in the San Francisco Bay Area found that individuals with higher social vulnerability were less likely to get tested [8]. Similarly, research in New York and the city of Chicago showed that predominantly white neighborhoods had significantly higher testing rates [9]. A nationwide study in the US found that people with lower SES were at greater risk of COVID-19 exposure and worse outcomes [10]. Another study reported that racial minorities, particularly Black and Latino populations, faced significant barriers to testing, worsened by socioeconomic disadvantages [11]. Additional studies in cities such as Chicago, New York City, and Seattle and across Texas indicated that white-majority neighborhoods had higher COVID-19 testing rates, while minority communities had lower rates [9,12,13,14].



Despite these findings, no study has examined the geographical and socioeconomic factors influencing testing patterns in the diverse metropolitan of the St. Louis region, a city that has historically suffered from racial segregation and resultant health disparities as a corollary effect [16,17]. This study aims to fill this gap by evaluating the influence of race and socioeconomic status on COVID-19 testing rates and identifying geographical clusters with insufficient testing for targeted public health interventions.



Specifically, this study seeks to answer the following questions:




	
How do race and socioeconomic status influence COVID-19 testing rates in St. Louis?



	
Are there geographical clusters of low testing rates within specific zip codes?



	
What are the implications of these findings for public health interventions?








Understanding the disparities in COVID-19 testing is crucial for several reasons. First, it helps identify barriers to healthcare access and delivery that contribute to broader health disparities. Second, it provides a basis for targeted public health interventions aimed at improving testing access in underserved communities. Finally, this study contributes to the literature by addressing a gap in the understanding of non-clinical factors influencing COVID-19 disparities, thus offering insights that can inform future pandemic responses and public health strategies.



This study focuses on the St. Louis region, which, as of 2021, had a demographic composition of 45.5% White (non-Hispanic), 43.9% Black (non-Hispanic), 4.4% Hispanic, and 3.5% Asian (non-Hispanic), with all other racial and ethnic groups constituting 2.7% [18]. The region’s history of racial segregation, epitomized by the “Delmar Divide” [19,20], has led to significant disparities in health outcomes, access to services, and overall quality of life [21,22,23,24,25]. By examining the interplay among race, socioeconomic status, and testing rates, this study aims to provide actionable insights that can mitigate these disparities and enhance public health response in St. Louis and similar urban areas.



The first confirmed COVID-19 case in St. Louis was reported on 7 March 2020 [26,27], with the first death occurring on 22 March 2020 [28]. As of November 2022, there have been 58,807 confirmed cases, translating to 19,499 cases per 100,000 people, and 801 confirmed deaths, equivalent to 265.6 deaths per 100,000 people [29]. This study’s findings will be contextualized within this timeline and demographic framework to provide a comprehensive understanding of the factors influencing COVID-19 testing rates in St. Louis.





2. Materials and Methods


2.1. Data


We conducted an ecological study using COVID-19 testing data from the City of St. Louis Department of Health COVID-19 database. The Department received and collated data from hospitals and testing centers within the city limits. The data included in this analysis were from March to November 2020. There were 16,915 individual COVID-19 tests performed within this period. Variables selected for this study included race and the socioeconomic index (SES) of residential zip codes in St. Louis City. Race had 5 categories including White, Black/African American, Asian, a combined category of American Indian/Alaskan Native, and other, representing all other races or people of a mixed race. However, our analysis limited the race variable to White, Black/African American, Asian, and American Indian/Alaskan. We excluded the “other” level in the race category because we did not know which races were aggregated as “other”. We excluded zip codes outside the limit of St. Louis City. Other variables in the City of St. Louis Department of Health COVID-19 database included age, gender, test result (defined as positive, negative, indeterminate), test type (defined as PCR, etc.), test date, etc. However, since this was an ecological study, where we analyzed aggregated data at the ZIP code level, we could only include variables for which population sizes were known at this level. Unfortunately, apart from race, variables such as gender and age did not have their population sizes provided at the ZIP code level. We assumed that a further breakdown into gender, age groups, and race would result in population sizes that were too small and narrow, falling below the threshold for data sharing. Therefore, we only included the race variable in our study, as it was the only variable for which we could estimate the testing rate.



We extracted the test month from the stated test date as the month in which the COVID-19 testing was performed. We defined the socioeconomic index (SES) from the socioeconomic deprivation scores variable of the Missouri Health Rankings Project, utilizing data from the Washington University School of Medicine and Hospital Industry Data Institute [30], whose source data are from census-based zip code-level data and primary data from hospital discharges at the zip code level in St. Louis. The socioeconomic deprivation index scores considered factors such as low education, high school education, college education, childhood poverty, unemployment, household size, median home value, Medicaid, uninsured, non-English speakers, median household income, racial income inequality, renter-occupied housing, single-parent households, unmarried adults, and blue-collar workers, making it an excellent approximate measure for socioeconomic status at the zip code level. The socioeconomic deprivation scores generally ranged from −6 to 3, with residential zip codes with higher deprivation scores being worse off in socioeconomic standards than those with lower deprivation scores. The residential zip codes included in our study had deprivation scores that ranged from −4.91 to 2.12. To ensure a straightforward interpretation of our results, we defined our socioeconomic index scores to be 3.12—deprivation index scores; that way, the maximum deprivation score became our minimum socioeconomic index score of 1, and the minimum deprivation score of −4.91 became our maximum socioeconomic index score of 8.03. Thus, an increase in the socioeconomic index (SES) represents an improvement in the socioeconomic standards of residential zip codes.



The outcome variable was COVID-19 tests performed within the period, and the testing rate was estimated as the individual COVID-19 tests performed in each zip code divided by the population size in that zip code. We estimated the testing rate of each race at the zip code as the tests performed by each race divided by the racial population size at that zip code. The data on racial population size and percentage racial distribution for each zip code were extracted from Think Health St. Louis, a web-based population data and community health information data source for community assessment, strategic planning, advocacy, etc., for policymakers and community members of St. Louis City and County. More details on this data source can be found at www.ThinkHealthSTL.org (accessed on 20 February 2022). A total of 30 zip codes met our inclusion criteria within the city limits of St. Louis. See Figure 1 for the inclusion and exclusion criteria.




2.2. Statistical Analysis


We ran a Pearson correlation analysis between testing rates per 10,000 populations in St. Louis and the socioeconomic index of residential zip codes stratified by race. We used the rlm function in the MASS library to perform a robust linear regression using an M estimator to model the relationship between testing rates per 10,000 population and race, controlling for the socioeconomic index of zip codes [31]. We also looked at the trend in testing over the study period stratified by race and the socioeconomic index and mapped testing rates in different zip codes in St. Louis City using the Geographic Information System software called Quantum GIS (QGIS). All statistical analyses were performed in R 4.2.0, [32] except mapping, for which we used QGIS. Visualization of the COVID-19 testing rate per 10,000 population and race, the socioeconomic index, and the population distribution of the various races in St. Louis City was performed using choropleth maps (color maps). Choropleth maps are widely used because they form a visual representation of a given statistical data type [33,34]. In our study, the choropleth maps were used to represent and enhance visual comparison of the COVID-19 testing rate and the socioeconomic index among the selected Zip codes in St. Louis City. To create choropleth maps, the equal intervals method was employed in the QGIS environment. The COVID-19 testing rate was categorized into five classes, while SES was categorized into three classes (low, medium, and high).





3. Results


Overall testing rates in St. Louis were 303.97 per 10,000 population. Blacks/African Americans and American Indian/Alaskan Natives tested the highest at 374.26 and 360.63 per 10,000, respectively, followed by Whites and Asians, who tested at 247.77 and 242.41 per 10,000, respectively. See Table 1.



There was generally a weak association and a lack of statistical significance between testing rates and the socioeconomic index. However, the direction of the association indicated that race modified the relationship between testing rates and the socioeconomic index of residential zip codes. For all races, testing rates decreased as the socioeconomic index of residential zip codes improved, except for American Indian/Alaskan Natives, whose testing rates increased slightly as the socioeconomic index improved. See Figure 2.



For every 10,000 population, compared with the White population, the number of tests was higher by 125 (1.25%), 448 (4.48%), and 32 (0.32%) among Blacks/African Americans, American Indians/Alaskan Natives, and Asians, respectively, when controlling for the socioeconomic index of residential zip codes. Additionally, for every 10,000 population, the number of tests decreased by 56 (0.56%) for every unit improvement in the socioeconomic index of the residential zip codes. This finding was statistically significant, as was the difference in testing rates between American Indians/Alaskan Natives and Whites. However, while Blacks/African Americans and Asians tested more frequently than Whites, the difference in testing rates was not statistically significant. See Table 2.



Residential zip codes in the inner core of St. Louis City generally had higher testing rates regardless of their socioeconomic index. In contrast, the zip codes in the periphery of St. Louis City had lower testing rates independent of their socioeconomic indexes. See Figure 3.



The racial population distribution had less influence on the testing rates in St. Louis City, as the zip codes with predominantly Black or White populations in the inner core of St. Louis City had higher testing rates, whereas the zip codes in the periphery of St. Louis City with predominantly Black or White populations had lower testing rates. See Figure 4.



Largely, zip codes with predominantly White populations in St. Louis City were of a higher socioeconomic index, whereas those with mostly Black populations were of a lower socioeconomic index. See Figure 5.



There was a general increase in testing rates over the study period. Testing rates were highest among American Indian/Alaskan Natives in March, June, July, August, September, October, and November, while Asians had the highest rates in May. Overall, testing rates were higher among minorities compared with Whites and were highest in October across all racial groups, except for the Asian ethnicity. See Figure 6.



Testing rates were generally highest in low socioeconomic zip codes, followed by middle socioeconomic zip codes, and lowest in high socioeconomic zip codes. See Figure 7.




4. Discussion


Our study found that, mainly, racial minorities and, generally, populations in the lower socioeconomic index tested more than those in the higher socioeconomic index. This disparity may be attributed to factors such as larger household sizes and overcrowded living conditions in low-income and minority communities, which increase the likelihood of exposure and reduce opportunities for isolation if exposed to COVID-19 [35,36]. Additionally, individuals in these communities are more likely to be essential workers, making remote work less feasible and further increasing their exposure risk [37,38,39,40].



A key finding from our study is the successful intervention by the St. Louis City Department of Health (DOH), which established testing sites in socioeconomically deprived areas. By targeting areas with higher concentrations of lower SES populations, St. Louis effectively reduced the testing disparity between racial minority groups and the predominantly White population. This approach, which was recognized nationally for its equity-focused strategy, highlights the potential for public health policies anchored in equity to address disparities and improve outcomes during public health crises like the COVID-19 pandemic [41,42].



The results from St. Louis differ from findings in other studies, such as Brandt et al. (2021) [43], which identified significant disparities in testing access in North Carolina, particularly among Latinx and non-Latinx Black populations, as well as in several other jurisdictions where minorities, in general, had lower COVID-19 testing rates compared with the White population [7,8,9,10,11,12,13,14]. This variation underscores the fact that public health responses can differ significantly across regions, influenced by local policies and interventions. The St. Louis experience demonstrates that deliberate, equity-driven policy decisions can effectively mitigate disparities in testing rates. For future pandemics, adopting similar strategies—such as placing testing resources in underserved areas—could help achieve more equitable outcomes nationwide. Such interventions are crucial in reducing disparities and ensuring that all communities have access to essential health resources.



Furthermore, our study observed that testing rates increased over time, likely because of rising COVID-19 prevalence and improved availability of testing kits. Peaks in testing rates around October might also be linked to increased testing before Thanksgiving gatherings.



Geographical analysis of testing rates in St. Louis showed that areas with lower testing rates were often on the periphery of the city, while the inner core had higher testing rates. This spatial pattern did not correlate with SES or the racial distribution. Future research should explore additional factors contributing to this geographic disparity and consider targeted interventions in areas with historically lower testing rates.



Overall, the St. Louis case illustrates the effectiveness of equity-focused public health policies and provides a model for addressing disparities in future public health emergencies. Implementing similar strategies nationally could bridge gaps in testing access and improve health outcomes for marginalized communities.




5. Conclusions


Race, socioeconomic status (SES), and geographical location can influence COVID-19 testing rates. These factors must be considered in policymaking to increase testing rates effectively. Our study highlights areas in the St. Louis region where testing access was limited, which can inform efforts to improve testing availability in those areas. We found that lower SES areas had higher average testing rates than higher SES areas. This may be due to local policies in St. Louis aimed at increasing testing access in low-access areas and the fact that residents of lower SES areas are more likely to work in essential jobs and cannot work remotely, making them more susceptible to COVID-19 exposure.



Additionally, minority groups such as Black, Asian, and American Indian/Alaskan Native individuals tested more frequently than the predominantly White population in St. Louis. This suggests that targeted policy interventions can effectively address testing access disparities among minorities.



An interesting finding of this study is that the inner core of St. Louis had higher testing rates regardless of socioeconomic status and racial composition, whereas peripheral areas had lower testing rates irrespective of these factors. This suggests that efforts to increase testing should focus more on the periphery of St. Louis, and policymakers should explore strategies to achieve this. Additionally, geographical mapping can be used in other jurisdictions to identify areas with poor COVID-19 testing access, allowing for the implementation of intentional, equity-focused public health policies to bridge disparities in testing access and improve health outcomes for marginalized communities during future health emergencies, as demonstrated in St. Louis.



Our results may not be generalizable as we only used data from St. Louis City. Additionally, our findings should be interpreted cautiously to avoid ecological fallacy, as this was an ecological study that did not account for individual-level factors such as comorbidity, religious and socio-political affiliations, etc.



Furthermore, demographic data such as race were poorly collected in the early days of the pandemic, which may have impacted our findings. A significant limitation was the inability to analyze testing rates for the Hispanic/Latino population in St. Louis City, as the data aggregated smaller racial populations under the category “other”. Future studies in the Midwest should consider this level of racial categorization, particularly given the significant burden of COVID-19 morbidity and mortality among Hispanics/Latinos in the US [44,45,46,47].



Lastly, the population sizes extracted for the estimation of our testing rates were from 2022. The population size at each zip code in 2020 may likely vary from what we used for our analysis. Therefore, our testing rates are only a rough estimate of the COVID-19 testing rates during 2020. Also, we could not access the population sizes for our study from the US Census Bureau because of the granular nature of our research. Thus, some of our racial population sizes were likely below the threshold that the US Census Bureau could share data.



Future studies should consider examining this testing behavior at the individual level to see how both geographical and individual level characteristics contribute to the testing patterns in the St. Louis area. This will also ensure that a larger sample size is generated to include more variables or factors both at the individual and geographic levels to examine which of those variables or factors are statistically significantly associated with testing in St. Louis or similar urban areas.
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Figure 1. Study attrition diagram showing our inclusion and exclusion criteria. 
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Figure 2. Pearson correlation between testing rates and the socioeconomic index of zip codes stratified by race. 
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Figure 3. Map showing the COVID-19 testing rates and the socioeconomic index of St. Louis City in the USA. 
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Figure 4. Map showing the distribution of the racial population over COVID-19 testing rates in St. Louis City in the USA. www.ThinkHealthSTL.org (accessed on 20 February 2022). 
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Figure 5. Map showing the distribution of the racial population over the socioeconomic index of St. Louis City in the USA. www.ThinkHealthSTL.org (accessed on 20 February 2022). 
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Figure 6. Trend in testing rates over time stratified by race. 
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Figure 7. Trend in testing rates over time stratified by socioeconomic index categories. 
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Table 1. Descriptive statistics of testing rates in St. Louis with results aggregated over n = 30 zip codes.
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	Covariates
	Average Testing Rates Per 10,000 (sd)





	Overall Testing in St. Louis
	303.97 (57.28)



	Race
	



	American Indian/Alaskan native
	360.63 (12.14)



	Asian
	242.41 (3.52)



	Blacks/African Americans
	374.26 (34.94)



	White
	247.77 (4.14)



	Socioeconomic Index Category
	



	Index 1–3 (low SES)
	363.23 (17.20)



	Index 4–6 (medium SES)
	259.53 (14.69)



	Index > 6 (high SES)
	33.57 (51.56)










 





Table 2. Association between testing rates and race, controlling for the socioeconomic index.
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	Characteristics
	Beta
	CI (95%)
	p-Value





	Intercept
	538
	318, 759
	0.000



	Race
	
	
	



	White
	ref
	ref
	ref



	American Indian Alaskan
	448
	188, 707
	0.000



	Asian
	32
	−184, 247
	0.773



	Black/African American
	125
	−75, 325
	0.222



	Socioeconomic index
	−56
	−110, −2.4
	0.040
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