

  children-10-00822




children-10-00822







Children 2023, 10(5), 822; doi:10.3390/children10050822




Article



Neighborhood Socioeconomic Characteristics Associated with the COVID-19 Incidence in Elementary School Children: An Ecological Study in Osaka City, Japan



Kan Oishi 1,2, Takaaki Mori 1, Tomoki Nakaya 3[image: Orcid] and Kojiro Ishii 4,*[image: Orcid]





1



Graduate School of Health and Sports Science, Doshisha University, 1–3, Tatara-Miyakodani, Kyotanabe 610-0394, Japan






2



Japan Society for the Promotion of Sciences, Kojimachi Business Center Building, 5-3-1, Kojimachi, Chiyoda 102-0083, Japan






3



Graduate School of Environmental Studies, Tohoku University, 468-1, Aramaki-Aoba, Aoba, Sendai 980-8572, Japan






4



Faculty of Health and Sports Science, Doshisha University, 1-3, Tatara-Miyakodani, Kyotanabe 610-0394, Japan









*



Correspondence: kishii@mail.doshisha.ac.jp; Tel.: +81-774-65-6724







Academic Editor: Antonio Scarano



Received: 27 February 2023 / Revised: 27 April 2023 / Accepted: 28 April 2023 / Published: 30 April 2023



Abstract

:

We aimed to determine whether neighborhood socioeconomic characteristics are associated with the coronavirus disease 2019 (COVID-19) incidence in elementary school children and, if so, the associated characteristics. We obtained data on the number of infected children from 282 public elementary schools and the socioeconomic characteristics of each school district in Osaka City, Japan. We examined associations between these variables through negative binomial regression analyses. The proportion of employment in the wholesale and retail trade industry and the college graduation rate were significantly positively and negatively associated, respectively, with the total number of COVID-19-infected children. It was discovered that percentages of employment in the accommodation and food service industries in Wave 2, wholesale and retail trade industries after Wave 3, and healthcare and social assistance industries in Wave 5 were significantly positively associated with the number of infected children; likewise, the college graduation rate in Wave 5 was significantly negatively associated with the number of infected children. Our findings provide insight into the relevant and important areas of focus for public health policymakers and practitioners to ensure reduced disparities in COVID-19 infection rates.
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1. Introduction


Coronavirus disease (COVID-19) is an infectious disease that was first reported at the end of 2019 in Wuhan, China. On 11 March 2020, the World Health Organization announced that COVID-19 had attained pandemic status [1]. As of February 2022, there were approximately 4 million confirmed cases of COVID-19 in Japan. Since then, the pandemic has shown no signs of abatement [2]. The rate of infection among children is also increasing; in Osaka Prefecture (the second largest prefecture in Japan), the proportion of infected 0–19-year-olds increased from approximately 5% in the first wave to >20% in the fifth wave [3].



The association between COVID-19 incidence and socioeconomic characteristics has been studied worldwide, and several systematic reviews and meta-analyses have been published [4,5,6,7,8]. Nevertheless, two issues remain to be addressed with regard to the evidence accumulated to date. The first issue is the age of the participants. In children, COVID-19 affects both health and daily activities. In Japan, children have been deprived of valuable daily experiences, such as school trips and vacations. A study by Yamaguchi et al. [9] suggested that the rights of children were restricted during the COVID-19 pandemic in Japan. However, only a few studies have focused on children due to the higher risks of infection, severe illness, and death in older people than in children. To our knowledge, only one study, conducted in Brazil, has examined the association of socioeconomic factors with the number of COVID-19 infections in children [10].



The second issue to be addressed in the accumulated evidence is the target country. According to a report by the Organisation for Economic Co-operation and Development (OECD) [11], the average relative poverty rate among children for the 36 OECD member countries was 13.0%, compared to 13.9% for Japan. The relative poverty rate indicates the percentage of persons living with less than 50% of the median equivalized disposable income. The results showed that even in Japan, where few racial and ethnic minorities exist, the children’s relative poverty rate is higher than in other countries. This may vary from the situation in many other countries where ethnic minorities are a major cause of inequality. Accordingly, the risk factors for COVID-19 in Japan may differ from those previously reported in other countries. Yoshikawa and Kawachi [12] performed the only study that explored the demographic and socioeconomic factors related to COVID-19 outcomes in Japan. Their results showed that the annual household income, welfare recipient rate, unemployment rate, smoking rate, obesity rate, percentage of employees in retail, transportation and restaurant industries, and household crowding were factors that were significantly associated with COVID-19 incidence and death. However, this study analyzed data reported up to February 2021 at the prefectural level. Additionally, this study did not target children, thus warranting the need for a study targeting children with more up-to-date data at a neighborhood level and involving more detailed regional classifications.



Therefore, this study aimed to determine whether neighborhood socioeconomic characteristics are associated with the number of COVID-19-infected children in Japanese elementary schools and, if so, which characteristics are associated.



We reported several neighborhood socioeconomic characteristics that were associated with the number of COVID-19-infected children among elementary school children. High percentages of employment in the wholesale and retail trade industries and low educational background were characteristics that were predominantly associated with a high number of infected children. Our findings may help provide insight into relevant and important areas of focus for public health policymakers and practitioners to ensure reduced disparities in COVID-19 infection rates.




2. Materials and Methods


This study was based on publicly available secondary databases provided by the national and local governments and the private sector. Hence, institutional review board approval and informed consent were not required.



2.1. Target


This study was conducted in Osaka City, one of the largest cities in Western Japan, with approximately 2.75 million residents in an area of 225.3 km2 [13]. In addition, this city has several deprivation neighborhoods with welfare benefit rates more than three times higher than the national rate [14]. According to the Ministry of Health, Labor and Welfare [15], 982 of the 3000 homeless people identified in designated cities in Japan in 2021 resided in Osaka City.




2.2. Number of Children with COVID-19 and the Total Number of Children


Osaka City Hall [16] (2022) clarified the name of the public school, the period of closure, the status of the infected person (student or school personnel), and the number of infected persons when the school was closed owing to a student or school personnel being infected with COVID-19 from 1 June 2020. Using these data, we confirmed the number of infections among public elementary school students for the period from 1 June 2020 to 30 November 2021. In Japan, students between the ages of 5 and 12 are enrolled in elementary school. Using the data available at Osaka City Hall, we surveyed the number of children at all Osaka City municipal elementary schools during the fiscal year of 2021 [17].




2.3. Investigation of Neighborhood Socioeconomic Characteristics


In Japan, students can attend public schools in their residential areas; a set of such public schools is called a “school district”. Since elementary schools instruct children to avoid commuting to the school districts alone, these districts serve as both commuting and residential areas for school-going children. Therefore, school districts are frequently used to define the neighborhood in studies involving Japanese children [18,19].



We obtained data on the socioeconomic characteristics of each school district [20]. We gained the socioeconomic characteristics data from the secondary data available from the national and local governments and the private sector. For some socioeconomic characteristics, obtaining values for each school district was difficult. We have estimated the block (cho-cho-aza)-level values for such socioeconomic characteristics in the past by weighting them by the school district area, and we obtained useful findings [19]. In this study, we used this as a reference and prorate by area ratio. The details are described in the following sections. All spatial analyses were performed using a geographic information system (GIS; ArcGIS® Pro 2.9.2, Esri Japan Corp., Tokyo, Japan).




2.4. Proportion of Individuals Employed in Industries with Frequent Close Contact with the Public


Based on a previous study [12], we calculated the proportion of individuals employed in industries with frequent close contact with the public: transportation and postal services, wholesale and retail trade, accommodation and food services, and health care and social assistance industries. The 2015 Population Census, published by the Statistics Bureau of Japan [21], surveyed the total number of workers and the number of workers in each industry in each block. We overlapped the number of workers in each industry at the block level with the school district polygon data and computed the number of workers in each industry by the ratio of the size of the overlapped area per size of each school district. The total number of workers in the same school district was also summed. Finally, the proportion of individuals employed in each industry in the school district was calculated using the following equation:


([Number of workers in each industry]/[Total number of workers]) × 100












2.5. College Graduation Rate


In this study, the percentage of people aged ≥15 years, who graduated from a college or were post-undergraduate, was calculated from the national census data [22]. During the census, the total number of individuals, the number of individuals in each educational level, the number of those with an unknown education level, and in school-aged ≥15 years were surveyed for each block. In this study, we overlapped the population for each block-level category with the school district polygon data. Similar to the calculation of the proportion of individuals employed in industries that have close contact with the public, we overlapped the number of college or higher graduates, the total number of people aged ≥15 years, the number of individuals enrolled in school, and the number of individuals with no known educational background at their block-levels with the school district polygon data and computed the number in each category based on the ratio of the size of the overlapped area per size of each school district. Figure 1 shows an example of the calculation of the number of people in each occupation for each school district.



Furthermore, the percentages of people who graduated from college or post-undergraduate in each school district were calculated using the following equation:


([Number of college or higher graduates]/[Total number of people aged ≥ 15 years − Number of people enrolled in school − Number of people with no known educational background]) × 100












2.6. Area Deprivation Index (ADI)


In this study, we employed the Japanese version of the ADI, which is an indirect measure of subjective and objective deprivation based on census items [23]. The details of the ADI have been previously published in a study by Nakaya et al. [24]. Several studies have produced useful findings regarding socioeconomic characteristics using the ADI [25,26]. The ADI was calculated at the block level using national census data [22]. We overlapped the block-level ADI and the number of households with school district polygon data [22]. Furthermore, we computed the number of households by the ratio of the size of the overlapped area per size of each school district. Finally, we calculated the weighted average of the ADI by the number of households and used that value as the ADI for the school district. The equation for calculating the weighted average is as follows:


  A D I s d =   ∑   i = 1  n   (  H i · A D I i  )    /   ∑   i = 1  n  H i  











Here, “sd” indicates the school district and “H” indicates the number of households. Figure 2 shows a sample calculation of the ADI for each school district.




2.7. Covariates


Osaka City Hall [27] has published data on the population and number of households per school district based on data from the national census (Statistics Bureau of Japan, 2015). Thereafter, the population density (per km²) of a school district was calculated by dividing the population of that school district by the area of that school district. The number of people in the household was calculated by dividing the population by the number of households in each school district as well as the population density.



In addition, the points of stations, bus stops, and facilities (for older adults) that were based on the Digital National Land Information data, and the points of the address of medical treatment and testing institutions in Osaka City (as of 15 January 2022), based on the Osaka Prefectural Government website, were mapped on the GIS [28,29,30]. These points were then overlayed with the area data of the elementary school district, and the number of each type of facility in the elementary school district was tabulated. The number of each type of facility was then divided by the population of the corresponding school district in terms of the number of each type of facility per 1000 people in that school district.




2.8. Statistical Analysis


A negative binomial regression analysis was performed for the statistical analysis. The analysis was divided into four models according to the objectives. In all models, the objective variable was the number of COVID-19-infected children at the school level, and the offset term was the number of school children. In Model 1, we constructed a univariate model with one socioeconomic characteristic for each explanatory variable and no covariates. In Model 2, to remove the confounding effect of the demographic characteristics, we included one socioeconomic characteristic as an explanatory variable, and the population density, number of people in the household, number of public transportation modes, number of facilities for older adults, and number of medical treatment and testing institutions were included as covariates. In Model 3, to remove the confounding effects of the other socioeconomic characteristics, we simultaneously included all the socioeconomic characteristics as explanatory variables and did not include the demographic characteristics as covariates. Finally, in Model 4, to remove the confounding effect of all factors, we included all the socioeconomic characteristics as explanatory variables simultaneously, and the population density, number of people in the household, number of public transportation modes, number of facilities for older adults, number of households, number of public transport modes, and number of facilities for older adults were included as covariates. Table 1 presents the list of the objective variables, explanatory variables, covariates, and offset terms for all models.



The equation for the model of the negative binomial regression analysis is as follows:


   Model    1 :    log   (   λ i   )  = α +  β i   x i  + log  (   z i   )  +  ε i   










   Model    2 :    log   (   λ i   )  = α +  β i   x i  +   ∑   i = 1  k  (  γ i   y i  ) + log  (   z i   )  +  ε i   










   Model    3 :    log   (   λ i   )  = α +   ∑   i = 1  j   (   β i   x i   )  + log  (   z i   )  +  ε i   










   Model    4 :    log   (   λ i   )  = α +   ∑   i = 1  j   (   β i   x i   )  +   ∑   i = 1  k  (  γ i   y i  ) + log  (   z i   )  +  ε i   











Here, λ indicates the number of children with COVID-19, α indicates the intercept, β indicates the partial regression coefficients for each socioeconomic characteristic, x indicates each socioeconomic characteristic, γ indicates the partial regression coefficients for each covariate, y indicates each covariate, z indicates the number of students in the school, and ε indicates the error term.



Four COVID-19 waves occurred in Japan during the survey period (Waves 2–5; Figure 3). Therefore, the number of infected children categorized by wave (Wave 2: 8 July 2020 to 17 September 2020; Wave 3: 15 November 2020 to 16 February 2021; Wave 4: 12 April 2021 to 3 June 2021; and Wave 5: 24 June 2021 to 10 November 2021) were also analyzed. Figure 3 shows the changes in the number of infected children per day and the total number of infected children in all target schools.



All statistical analyses were performed using R, version 4.2.2 (R Foundation for Statistical Computing, Vienna, Austria). A p < 0.05 was considered significant.





3. Results


The mean (standard deviation) number of COVID-19 cases, number of children, values of the socioeconomic variables, and values of the covariates for each school and school district are presented in Table 2.



According to our results, as depicted in Figure 3, the number of infected children per wave increased with each successive wave. Table 3 presents the incidence rate ratio (IRR) and 95% confidence interval (CI) of the negative binomial regression analyses.



In all analyses, the variance expansion coefficients for the explanatory variables were below 10. In all models for total waves, the proportion of the individuals employed in the wholesale and retail trade industries was significantly positively associated with the total number of infected children. In Model 3, the proportion of the individuals employed in the healthcare and social assistance industries was significantly positively associated with the total number of infected children, whereas in Models 3 and 4, the college graduation rate was significantly negatively associated with the number of infected children.



A wave-by-wave analysis was also conducted. In Models 2 and 4 of Wave 2, the percent of employment in the accommodation and food services industries showed a significant positive association with the number of infected children. In addition to Model 3 of Wave 2, Models 3 and 4 of Wave 5 showed that the college graduation rate was significantly negatively associated with the number of infected children. From Wave 3 onward, the proportion of individuals employed in the wholesale and retail trade industries was significantly positively associated with the number of infected children in all analyses except for Model 3 and 4 of Wave 3. In Model 1 of Wave 3, the ADI showed a significant negative association with the number of infected children. Finally, in the Wave 5 models, the proportion of the individuals employed in the healthcare and social assistance industries was significantly positively associated with the number of infected children. None of the socioeconomic characteristics were significantly associated with Wave 2, Model 1, and Wave 3, Model 3 and 4.




4. Discussion


We attempted to determine whether the neighborhood socioeconomic characteristics were associated with the number of COVID-19-infected children in Japanese elementary schools and, if so, we aimed to determine the associated characteristics. In Model 4, after adjusting for all the variables, individuals employed in the wholesale and retail trade industries were prominently associated with the number of children infected with COVID-19. A study in Utah showed that the wholesale trade industry reported the highest COVID-19 incidence compared to other workplace outbreak-associated cases in 13 industries [31]. A study comparing positivity rates by industry in Qatar also showed that the wholesale and retail trade sectors reported the highest positivity rate among 11 occupations [32]. Additionally, that study also described the retail industry as one of the industries with the highest risk of contracting COVID-19 in the workplace due to the nature of the job, which involves interacting with the public and focusing on the front lines. This study suggested that employment in the wholesale and retail trade industries in Japan is associated with a high risk of infection, which is also associated with the spread of infection among children living in the area.



In the wave-by-wave analysis, the proportion of individuals employed in the accommodation and food services industries showed a significant positive association with the number of infected children in Wave 2. In Japan, during the second wave of coronavirus that lasted from July to September 2020, the “Go To Travel” campaign was implemented, with the government covering 35% of the lodging costs for domestic travel and issuing locally usable coupons [33]. The campaign led to an increase in the number of infected people throughout Japan due to the increased number of migrants [34,35,36]. Thus, individuals employed in the accommodation and food services industries would have an increased risk of contracting COVID-19 infection during the campaign, leading to an increase in the number of infected children.



In Wave 5, the proportion of individuals employed in the healthcare and social assistance industries was significantly positively associated with the number of infected children. A study of more than 120,000 people in the United Kingdom showed that healthcare workers and social workers were seven times and approximately 2.5 times more at risk of severe COVID-19 compared with non-essential workers, respectively [37]. A study comparing COVID-19 incidence from Wave 1 to Wave 3 in Ontario, Canada, by industry, also found that individuals employed in the healthcare and social assistance industries were associated with the second highest incidence in Wave 1, the first highest incidence in Wave 2, and the third highest incidence in Wave 3 [38]. These findings suggest that employment in the healthcare and social assistance industries exposes individuals to a high risk of infection than in the aforementioned industries, leading to a high number of infected children.



The college graduation rate, a parameter for the measure of education, showed a significant negative association with the number of infected children in the total waves and Wave 5, whereas the ADI was not significantly associated with any wave. Hawkins et al. [39] also revealed that education was negatively associated with COVID-19 incidence in the United States. This could be due to the academic background not being considered a direct indicator of economic status but rather an indicator that reflects individuals’ knowledge, motivation and ability. A study on Japanese adults by Tokuda et al. [40] found that individuals with high health literacy scores were more likely to have a university or graduate school degree; however, this was not associated with household income. Therefore, the knowledge, willingness and ability of the community residents to obtain, understand, evaluate and use health-related information to adopt an infection prevention behavior, as opposed to the economic status of the community, could have an impact on the incidence of COVID-19 among Japanese children.



Finally, the significance of the associations of many socioeconomic characteristics changed between Models 1 and 4. To clarify whether the confounding factor was the demographic factors or other socioeconomic characteristics, we constructed Models 2 and 3. In Wave 2, employment in the accommodation and food services industry showed a significant positive association but only when adjusted for the demographic variables. The results indicated that demographic factors, such as population density, confounded these significant associations. The college graduation rate, however, showed significant associations only in models that take other socioeconomic characteristics into account. In other words, other socioeconomic characteristics confounded their significant associations. We did not identify a consistent pattern in the model with changing significance; however, we suggest that the demographic and other socioeconomic characteristics confounded the association between the socioeconomic characteristics and the number of COVID-19-infected children.



Martins-Filho et al. [10] was the only previous study to examine the association between socioeconomic characteristics and COVID-19 infection rates in children. However, their study found no significant association between the Social Vulnerability Index and the Gini coefficient being significantly associated with the infection rate, which was inconsistent with the present results. This difference may be explained by the study period, country/region and age group, as well as by the regional classification and socioeconomic characteristics. The previous study focused on incidence among 0–19 year-olds in Brazil until March 2020, whereas this study focused on incidence among 5–12 year-olds in Japan from June 2020 to November 2021. In addition, the regional classification in the previous study was by state, whereas this study used detailed school districts. Furthermore, while the previous study examined only economic indicators, this study also focused on education and occupation indicators. Therefore, future studies should examine the relationship among various socioeconomic characteristics in various countries, for various age groups, over a longer study period and by adopting detailed regional classifications.



This study had several limitations. First, multiple factors might have resulted in an underestimation of the number of infected children. For example, unconfirmed infections could have existed, as the students were asymptomatic and no tests were conducted. Furthermore, the data available on the Osaka City website were only for cases wherein an infection was confirmed and the schools were shut; therefore, it is possible that the data on infected people in schools that were not shut were unconfirmed. Furthermore, some children may not have been able to visit hospitals for certain reasons, such as financial reasons as well as the mentality of not wanting to inconvenience others; thus, the number of infected children could not be ascertained accurately. Second, the time frames in this survey, regarding the characteristics and the number of infected and enrolled children, were not consistent, and this gap could have led to differences in the results. Third, to calculate the number of people in each occupation, the college graduation rate, the ADI for each school district, the number of people in each category (by each type of occupation and final education), and the number of households in each school district were required. However, since these data could not be obtained for each school district, we used the estimated values obtained by dividing the block-level data proportionally by the area of the school district. This method was based on the assumption that the number of people and households in townships and streets is evenly distributed in relation to the area. However, the data may be unevenly distributed within the area, which may have an inaccuracy in the values. The fourth was about the goodness-of-fit of the equation in the results of this study, which was calculated and expressed by Akaike’s information criterion (AIC) (Table S1). The AIC was high for Model 2, which was adjusted for the demographic indicators (such as population density), and for Model 4, which was adjusted for the demographic indicators and other socioeconomic characteristics, and the equation did not fit well. However, even in Model 3, which had the lowest AIC in most cases, there was no significant change in the significance of the variables from the Model 4 results. Fifth, we analyzed the infection rates up to Wave 5 before the need to consider various additional factors in this study. This study used data before children ages 5 to 12 were vaccinated in Japan. In December 2021, the percentage of those with anti-severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) nucleocapsid (N) protein in Osaka Prefecture was 3.78%, and it is assumed that 96% of them did not have natural immunity [41]. It is unlikely that a failure to consider the vaccination and natural immunity acquisition rates in the model had a significant impact on the results of this study. On the other hand, as of 2023, 25% of Japanese children have received at least one vaccination [42], and the natural immunity acquisition rate was as high as 5.32% in Osaka Prefecture in February and March 2022 [43]. Several previous studies have reported that family socioeconomic characteristics are associated with COVID-19 infection in children [44,45,46]. This may make the disparity in COVID-19 in children even more pronounced. In addition, prior strains up to the Delta strains were prevalent during the period of this study. The route of COVID-19 infection among children was consistently from a home infection from the beginning. According to the database of the Japan Pediatric Society [47], the percentages of household infections among children in 2020 and 2021 were 69% and 71%, respectively. Therefore, it is unlikely that the emergence of mutant strains had a significant impact on the results of this study. On the other hand, the route of infection among children has changed since the SARS-CoV-2 Omicron strain became pandemic, with household infection accounting for 47% of all infections among children in 2022. It is undeniable that the results of this study may not be applicable to the current scenario due to changes in the route of infection caused by the emergence of the SARS-CoV-2 Omicron strains.



Despite these limitations, this was the first study to identify the socioeconomic characteristics associated with COVID-19 among elementary school children in Japan, a country with relatively homogeneous racial, ethnic and linguistic groups and specific disparities. Our findings may help provide insight into relevant and important focus areas for public health policymakers and practitioners to ensure reduced disparities in COVID-19 and other future infection rates for children. Specifically, we suggest that measures such as vaccination against COVID-19 infection and future infectious diseases need to be implemented while considering the socioeconomic characteristics, such as areas with many people with low educational backgrounds that reflect the meaning of health literacy as well as areas with many essential workers who communicate with others or have frequent contact with people at high risk of infection.




5. Conclusions


This study found that neighborhood socioeconomic characteristics were associated with the number of COVID-19 cases among elementary school children. In particular, high percentages of employment in the wholesale and retail trade industries and low educational backgrounds were prominently associated with a high number of infected children. Our findings suggest areas of focus for public health policymakers and practitioners to reduce the disparities in COVID-19 infection rates.
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Figure 1. An example of the calculation of the number of people in each category (by each type of occupation and final education) for each school district. 
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Figure 2. A sample calculation of the area deprivation index for each school district. 
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Figure 3. Changes in the number of infected children per day and the total number of infected children. 
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Table 1. List of the objective variable, explanatory variables, covariates, and offset term for each model.






Table 1. List of the objective variable, explanatory variables, covariates, and offset term for each model.





	Model
	Objective Variable
	Explanatory Variable
	Covariate
	Offset Term





	Model 1
	The number of COVID-19-infected children
	Input one socioeconomic characteristic at a time
	None
	The number of school children



	Model 2
	The number of COVID-19-infected children
	Input one socioeconomic characteristic at a time
	Adjusted for population density, number of people in the household, number of public transportation, number of facilities for older adults, and number of medical treatment and testing institutions
	The number of school children



	Model 3
	The number of COVID-19-infected children
	Input all socioeconomic characteristics simultaneously
	None
	The number of school children



	Model 4
	The number of COVID-19-infected children
	Input all socioeconomic characteristics simultaneously
	Adjusted for population density, number of people in the household, number of public transportation, number of facilities for older adults, and number of medical treatment and testing institutions
	The number of school children







COVID-19: coronavirus disease 2019.
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Table 2. Mean and standard deviation values of the number of COVID-19 cases, school population, socioeconomic characteristics, and covariates for each school and school district (N = 282).
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	Variables
	Mean ± SD





	Number of children with COVID-19 in Wave 2
	0.03 ± 0.18



	Number of children with COVID-19 in Wave 3
	0.06 ± 0.25



	Number of children with COVID-19 in Wave 4
	0.15 ± 0.48



	Number of children with COVID-19 in Wave 5
	0.62 ± 0.92



	Total number of children with COVID-19
	0.86 ± 1.15



	School population
	402.01 ± 218.97



	Employment in the transportation and postal services industry (%)
	5.61 ± 2.63



	Employment in the wholesale and retail trade industry (%)
	16.17 ± 1.57



	Employment in the accommodation and food services industry (%)
	6.64 ± 1.21



	Employment in the health care and social assistance industry (%)
	10.74 ± 2.03



	College graduation rate (%)
	20.59 ± 8.31



	ADI
	6.79 ± 1.13



	Population density (10,000 people/km2)
	1.56 ± 0.62



	Number of people in the household (people/family)
	7.99 ± 9.36



	Density of public transportation (/10,000 people)
	1.94 ± 0.25



	Density of facilities for older adults (/10,000 people)
	1.19 ± 1.34



	Density of medical treatment and testing institutions (/10,000 people)
	1.22 ± 1.38







SD: standard deviation, COVID-19: coronavirus disease 2019, ADI: area deprivation index.
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Table 3. Incidence rate ratios showing the association between the number of infected children and the neighborhood socioeconomic characteristics.
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Explanatory Variables

	
Model 1 a

	
Model 2 b

	
Model 3 c

	
Model 4 d




	
IRR

	
(95% CI)

	
IRR

	
(95% CI)

	
IRR

	
(95% CI)

	
IRR

	
(95% CI)






	
Total

	
Employment in the transportation and postal services industry (%)

	
0.97

	
(0.91–1.04)

	
0.99

	
(0.92–1.07)

	
0.92

	
(0.84–1.01)

	
0.93

	
(0.84–1.03)




	
Employment in the wholesale and retail trade industry (%)

	
1.22 ***

	
(1.11–1.35)

	
1.18 ***

	
(1.07–1.31)

	
1.19 ***

	
(1.08–1.31)

	
1.17 **

	
(1.06–1.29)




	
Employment in the accommodation and food services industry (%)

	
1.03

	
(0.90–1.18)

	
1.10

	
(0.93–1.30)

	
1.11

	
(0.96–1.29)

	
1.06

	
(0.89–1.26)




	
Employment in the health care and social assistance industry (%)

	
1.07

	
(1.00–1.15)

	
1.05

	
(0.97–1.14)

	
1.09 *

	
(1.01–1.18)

	
1.08

	
(0.99–1.18)




	
College graduation rate (%)

	
0.99

	
(0.98–1.01)

	
0.98

	
(0.96–1.00)

	
0.95 *

	
(0.91–0.99)

	
0.95 *

	
(0.91–0.99)




	
ADI

	
0.98

	
(0.85–1.12)

	
1.07

	
(0.91–1.25)

	
0.79

	
(0.59–1.05)

	
0.83

	
(0.59–1.14)




	
Wave 2

	
Employment in the transportation and postal services industry (%)

	
1.07

	
(0.81–1.34)

	
0.92

	
(0.65–1.23)

	
0.82

	
(0.54–1.17)

	
0.69

	
(0.41–1.06)




	
Employment in the wholesale and retail trade industry (%)

	
0.86

	
(0.54–1.34)

	
0.91

	
(0.53–1.44)

	
0.89

	
(0.56–1.35)

	
0.91

	
(0.56–1.34)




	
Employment in the accommodation and food services industry (%)

	
1.47

	
(0.88–2.17)

	
2.88 **

	
(1.44–5.88)

	
1.65

	
(0.91–2.99)

	
2.85 **

	
(1.33–6.43)




	
Employment in the health care and social assistance industry (%)

	
0.89

	
(0.64–1.22)

	
0.83

	
(0.54–1.21)

	
0.98

	
(0.62–1.50)

	
0.89

	
(0.54–1.44)




	
College graduation rate (%)

	
0.92

	
(0.83–1.01)

	
0.94

	
(0.83–1.04)

	
0.78 *

	
(0.60–0.98)

	
0.90

	
(0.68–1.13)




	
ADI

	
1.33

	
(0.75–2.00)

	
1.33

	
(0.63–2.51)

	
0.37

	
(0.09–1.24)

	
0.80

	
(0.16–3.04)




	
Wave 3

	
Employment in the transportation and postal services industry (%)

	
1.05

	
(0.85–1.24)

	
1.08

	
(0.86–1.30)

	
1.27

	
(0.97–1.60)

	
1.22

	
(0.89–1.64)




	
Employment in the wholesale and retail trade industry (%)

	
1.35 *

	
(0.99–1.80)

	
1.39 *

	
(1.01–1.85)

	
1.28

	
(0.96–1.68)

	
1.32

	
(0.97–1.76)




	
Employment in the accommodation and food services industry (%)

	
1.07

	
(0.68–1.57)

	
1.03

	
(0.59–1.68)

	
1.02

	
(0.60–1.70)

	
0.99

	
(0.54–1.71)




	
Employment in the health care and social assistance industry (%)

	
0.81

	
(0.63–1.02)

	
0.76

	
(0.56–1.01)

	
0.89

	
(0.67–1.15)

	
0.90

	
(0.63–1.24)




	
College graduation rate (%)

	
1.04

	
(0.99–1.09)

	
1.02

	
(0.96–1.08)

	
1.01

	
(0.89–1.14)

	
1.00

	
(0.85–1.16)




	
ADI

	
0.53 *

	
(0.30–0.88)

	
0.61

	
(0.31–1.12)

	
0.41

	
(0.15–1.16)

	
0.47

	
(0.10–1.89)




	
Wave 4

	
Employment in the transportation and postal services industry (%)

	
0.94

	
(0.78–1.12)

	
0.98

	
(0.78–1.20)

	
0.81

	
(0.61–1.04)

	
0.83

	
(0.61–1.09)




	
Employment in the wholesale and retail trade industry (%)

	
1.38 **

	
(1.06–1.85)

	
1.34 *

	
(1.03–1.79)

	
1.41 **

	
(1.07–1.90)

	
1.34 *

	
(1.02–1.80)




	
Employment in the accommodation and food services industry (%)

	
1.18

	
(0.83–1.65)

	
1.16

	
(0.76–1.76)

	
1.15

	
(0.78–1.68)

	
1.05

	
(0.66–1.63)




	
Employment in the health care and social assistance industry (%)

	
0.97

	
(0.57–1.19)

	
0.98

	
(0.79–1.23)

	
0.97

	
(0.78–1.20)

	
1.00

	
(0.78–1.27)




	
College graduation rate (%)

	
0.98

	
(0.93–1.03)

	
0.96

	
(0.91–1.02)

	
0.92

	
(0.82–1.03)

	
0.91

	
(0.80–1.03)




	
ADI

	
1.05

	
(0.73–1.46)

	
1.09

	
(0.74–1.58)

	
0.92

	
(0.43–1.75)

	
0.86

	
(0.37–1.77)




	
Wave 5

	
Employment in the transportation and postal services industry (%)

	
0.97

	
(0.90–1.04)

	
0.98

	
(0.90–1.07)

	
0.91

	
(0.82–1.01)

	
0.94

	
(0.83–1.05)




	
Employment in the wholesale and retail trade industry (%)

	
1.19 **

	
(1.06–1.33)

	
1.16 **

	
(1.03–1.30)

	
1.16 **

	
(1.04–1.29)

	
1.15 *

	
(1.03–1.29)




	
Employment in the accommodation and food services industry (%)

	
0.98

	
(0.83–1.13)

	
1.04

	
(0.85–1.26)

	
1.08

	
(0.91–1.29)

	
1.02

	
(0.83–1.25)




	
Employment in the health care and social assistance industry (%)

	
1.13 **

	
(1.04–1.22)

	
1.12 *

	
(1.02–1.22)

	
1.15 **

	
(1.05–1.25)

	
1.16 **

	
(1.05–1.28)




	
College graduation rate (%)

	
0.99

	
(0.97–1.01)

	
0.98

	
(0.96–1.01)

	
0.95 *

	
(0.91–1.00)

	
0.94 *

	
(0.90–0.99)




	
ADI

	
0.99

	
(0.85–1.16)

	
1.08

	
(0.90–1.29)

	
0.80

	
(0.57–1.11)

	
0.80

	
(0.54–1.16)








a: Univariate regression analysis; b: multivariate regression analysis controlling for population density, number of people in the household, number of public transportation, number of facilities for older adults, and number of medical treatment and testing institutions; c: multivariate regression analysis controlling for other socioeconomic characteristics; d: multivariate regression analysis controlling for population density, number of people in the household, number of public transportation, number of facilities for older adults, number of medical treatment, testing institutions, and other socioeconomic characteristics; IRR: incidence rate ratio, CI: confidence interval; ADI: area deprivation index, *: p < 0.05, **: p < 0.01, ***: p < 0.001.
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