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Abstract

:

Characteristics of the urban environment (e.g., building density and road network) can influence the spread and transmission of coronavirus disease 2019 (COVID-19) within cities, especially in high-density high-rise built environments. Therefore, it is necessary to identify the key attributes of high-density high-rise built environments to enhance modelling of the spread of COVID-19. To this end, case studies for testing attributes for modelling development were performed in two densely populated Chinese cities with high-rise, high-density built environments (Hong Kong and Shanghai).The investigated urban environmental features included 2D and 3D urban morphological indices (e.g., sky view factor, floor area ratio, frontal area density, height to width ratio, and building coverage ratio), socioeconomic and demographic attributes (e.g., population), and public service points-of-interest (e.g., bus stations and clinics). The modelling effects of 3D urban morphological features on the infection rate are notable in urban communities. As the spatial scale becomes larger, the modelling effect of 2D built environment factors (e.g., building coverage ratio) on the infection rate becomes more notable. The influence of several key factors (e.g., the building coverage ratio and population density) at different scales can be considered when modelling the infection risk in urban communities. The findings of this study clarify how attributes of built environments can be applied to predict the spread of infectious diseases. This knowledge can be used to develop effective planning strategies to prevent and control epidemics and ensure healthy cities.
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1. Introduction


The coronavirus disease 2019 (COVID-19) has emerged as an international public health emergency and affected millions of people worldwide since its outbreak in late 2019. According to the World Health Organization, as of 6 January 2023, more than 0.65 billion people have been infected across more than 188 countries and territories, and 6.6 million people have died. Compared with previous outbreaks of severe acute respiratory syndrome and Middle East respiratory syndrome, COVID-19 is more contagious and more widely transmitted within the communities [1]. The high infection rate coupled with large-scale population movement, particularly in large and densely populated cities, have increased the speed and scope of disease spread, and adversely affected public health and safety, and economic development [2].



The outbreak of COVID-19 has stimulated multidisciplinary research pertaining to its origins and mechanisms [3]. Epidemiologists have used mathematical models to understand its development and transmission patterns [4], and public health scientists and geographers have used geographic information system (GIS) data to explore COVID-19 risk factors and spreading patterns [5]. Overall, research on the risk factors and transmission routes has attracted substantial interest across domains.



The spread of COVID-19 is influenced by socioeconomic factors (e.g., population density [6], income, and race [7]), built-environment factors (e.g., road density [8], building density [9], floor area ratio [10], and parks and vegetation [11,12]), environmental factors (e.g., air pollution [13] and humidity and temperature [14]), and public service factors (facilities such as bus stations, clinics, and restaurants [15]). The factors driving the spread of COVID-19 may differ by scale, e.g., country, city, and urban district [16]. At the country or city scale, the infection rate of COVID-19 is mainly influenced by human factors such as population density, per capita GDP, population mobility, and travel intensity [8]. Large and densely populated cities are typically associated with high infection risk. With the increase in the available infection data, several researchers have investigated the impact of urban environments on the infection risks of COVID-19 at fine spatial scales, e.g., streets and districts, also known as the microscale [7,17]. The urban environment has been noted to considerably influence the spread of COVID-19 [16,17].



According to preliminary results, widely tested microscale urban environmental characteristics have included the urban form, medical and health facilities, residential density, land use, transportation and municipal infrastructures, and green spaces and parks [7,17,18]. Among these, urban density, regarding either population or buildings, has been confirmed to positively affect the spread of infectious diseases, as high-densely urban areas tend to create more social contacts in their daily lives of residents and thus cause higher infection risk [19]. Other than urban density, some public facilities (e.g., clinics) have also been found to increase the infection rate. For example, clinics and restaurants are two built environments that have been shown to influence the number of confirmed cases [15]. This might be due to the high usage of public facilities with increased exposure risk of the virus, and thus confronted with high infection risk [17]. Similarly, road networks seem to increase the risk of COVID-19 transmission in some cities such as Hong Kong, China and Massachusetts, US [15,20]. In addition, some studies have shown that socioeconomic conditions (e.g., race and income) influence infection rates in some American cities [20,21], although these factors have not been significant in other areas, such as Hong Kong and Iran [22,23]. Interestingly, urban climatic conditions (e.g., air temperature and ventilation) are thought to be associated with the pandemic, as warmer temperatures tend to suppress the spread of infectious diseases [24,25]. Moreover, some factors, such as the presence of urban greenspaces, were negatively associated with the infection rate [26].



Although certain studies have highlighted that various built-environment factors influence the infection risk in urban districts, some uncertainties and issues remain. The driving factors have varied across cities and contrasting results have been obtained in some studies. For example, Hamidi [19] indicated that metropolitan size more strongly influenced the transmission risk of COVID-19 than did population density, whereas other researchers have reported the stronger influence of population density [22,27]. In Hong Kong, Yip [15] discovered that social facilities, such as clinics, restaurants, and public markets, are the main drivers influencing the prevalence of COVID-19, while Kwok [22] indicated that urban geometry has a stronger influence on infection rates than do socio-demographic characteristics. Using indicators such as green space, some studies have shown a negative relationship [26], while others have reported a positive association with the spread of COVID-19 [28].



Strong evidence also remains lacking regarding the associations between urban designs and infection risk, which restricts public health officials to simulate at-risk neighbourhoods and urban planners in developing effective health planning strategies to facilitate healthy urban development [19,22]. Specifically, Asian cities are very different from European/American cities because of its high-rise, high-density built environment with a large population density. Without considering factors regarding three-dimensional (3D) urban design/morphology in modelling, it may be difficult to simulate the COVID-19 risk accurately [22].



More importantly, many studies have emphasized the importance of urban morphology to the epidemic; however, most such studies have only examined a few morphological parameters, which becomes a limitation regarding how to consider a range of variables fully reflect the impact of urban morphology on COVID-19 risk in simulation/modelling. For example, Kan [9] observed that a higher building density corresponds to more local confirmed cases, while Guan [8] suggested that road network settings contribute more to the infected cases than other factors. Compared with the two-dimensional (2D) building density, the 3D morphological parameter of building floor ratio, was found to have more significant influence on the infections at Wuhan [29], nevertheless, a contrasting result was obtained at London [18]. Similar with building floor ratio, sky view factor is another typical 3D morphological parameter, which was found to be a good indicator in modelling infection risk [22,28]. Moreover, urban climatic conditions (e.g., urban ventilation) have recorded to be associated with the pandemic, as finer ventilation conditions tend to suppress the spread of infectious diseases [30,31]. As two representative indicators in measuring urban ventilation [32,33], frontal area density and building height to width ratio, might have great potential in modelling infection risk.



To fill this knowledge gap, this study aimed to investigate key attributes of high-rise, high-density built-environment that can be used to develop prediction model of COVID-19 risk. All the above-mentioned urban morphological parameters were tested and systematically assessed in this study, in order to obtain a full understanding about the impact of urban morphology on the transmission of infectious disease for modelling, and thus establish appropriate planning parameters and develop indicators of risk reduction before a new pandemic occurs. Specifically, two typical densely populated Chinese cities with high-rise, high density (Hong Kong and Shanghai) were selected as empirical cases in this study. The modelling influences of 2D and 3D urban morphology factors, and socioeconomic, demographic, and natural parameters on infection rates were explored using both correlation and regression methods. The findings will help (1) public health officials to locate at-risk neighbourhoods with high infectious risk for emergency management and (2) urban planners to formulate appropriate prevention and control strategies and policies to ensure the health of the population.




2. Methods


2.1. Study Area


Hong Kong (22° N, 114° E) is a Special Administrative Region of China in the eastern Pearl River Delta (Figure 1). It is a high-density city with average and maximum building heights of over 40 m and several hundred meters, respectively. Hong Kong consists of a group of islands and a peninsula, covering an area of 1000 km2, with a population of 7.5 million. The city has a hilly topography, and only 25% of the land is developed. Since the initial outbreak, Hong Kong has experienced five waves of COVID-19. The fifth wave emerged in late December 2021 and remains ongoing at the time of drafting this paper. According to the government’s statistical report on Hong Kong, published on 27 September 2022, COVID-19 has infected more than 0.9 million people in Hong Kong and claimed 9921 lives.



Shanghai (31° N, 121° E) is the most prosperous and largest city in China. Similar to Hong Kong, Shanghai is a coastal city, being near the east coast of China (Figure 1). It is located on the alluvial plain of the Yangtze River Delta, with a permanent population of more than 24 million. Shanghai consists of 16 districts, seven of which (Huangpu, Xuhui, Changning, Jing’an, Putuo, Hongkou, and Yangpu) constitute the central urban area. The other regions represent peri-urban or rural areas. Shanghai successfully prevented and controlled COVID-19 transmission until the community outbreak on 1 March 2022, in which 0.6 million people were infected within two months. The city implemented a large-scale lockdown policy and is the third large city in China, following Wuhan and Xi’an, to have been subjected to large-scale and long-term lockdown.



These two cities were selected in this study for the following two reasons. First, both cities are highly dense and compact, as the averaged building height for Hong Kong and Shanghai were 55 m and 17 m, respectively, while the building coverage ratio could reach above 40% at the core areas of both cities. Moreover, both cities faced similar environmental issues, such as poor air quality and ventilation condition [32,34]. Their analyses were thus expected to provide valuable knowledge regarding how to select key attributes for modelling influence of urban density on the spread of COVID-19, which can facilitate the formulation of effective urban planning strategies for the prevention and control of COVID-19 in high-densely urban districts. Second, the cities adopted different prevention and control policies. Shanghai implemented the “dynamic zero COVID-19” policy, which involved mass testing and strict quarantine measures to mitigate the outbreak of COVID-19 before community transmission could occur. The policy adopted in Hong Kong was less stringent, although frequent outbreaks have occurred. As in some Western countries, measures such as vaccination and non-pharmaceutical interventions (e.g., the use of face masks and limits on gathering sizes) have been introduced in both cities. The comparative assessment of both cities with different control policies can help clarify the transmission mechanisms of COVID-19 to facilitate the formulation of adaptable prevention strategies for sustainable development.




2.2. Datasets


2.2.1. Infection Data


To identify key attributes for modelling the impact of the urban environment on the spread of COVID-19, data regarding confirmed cases from Hong Kong and Shanghai were collected. Data for Hong Kong, including records of 59,233 cases between 12 February 2020, and 6 February 2022, were collected from its government website (https://data.gov.hk, accessed on 18 March 2022). Each record included the characteristics of the individuals, including age, gender, and location information. Data for Shanghai, including records of 112,956 confirmed cases, were acquired from the official website of the Shanghai municipal health commission (https://wsjkw.sh.gov.cn/, accessed on 15 July 2022). Each record included location information.



Figure 2a,b shows the distributions of confirmed cases in Hong Kong and Shanghai, respectively. The number of infected cases is presented by a colour gradient, with red and green representing areas with more and fewer infected cases, respectively. High-density and populous urban areas had more infection cases than other regions. Specifically, most of the high-risk areas (marked in red) in Hong Kong were downtown regions such as the Kowloon Peninsula and Central District. Similarly, in Shanghai, the central urban areas (e.g., Huangpu and Hongkou) included more red regions than the other areas (e.g., Baoshan).




2.2.2. Built-Environment Factors


In this study, 13 indicators were used to quantify the high-rise, high-density built environment. These include six urban morphological indicators (sky view factor (SVF); floor area ratio (FAR); frontal area density (FAD); height to width ratio (HW); building coverage ratio (BCR); road density (RD)), four land cover attributes (densities of restaurants (D_Res), bus stations (D_Bus), clinics (D_Cli), and shops (D_Sho)), one environmental index(vegetation index (VI)), and two socioeconomic indices (nightlight intensity (NL); and population (POP)). The selection of all variables was aimed to model COVID-19 risk based on the impacts of 2D/3D urban morphology [22,29], land use facilities, and socioeconomic status [15,22], which have been noted as factors associated with infectious diseases based on prior research [16,17]. The descriptions and basic statistics of these factors are provided in Table 1.



Urban GIS data of the buildings and roads for Hong Kong and Shanghai were collected from the respective planning departments and used to calculate the urban morphological parameters. Data regarding urban facilities, such as restaurants, clinics, and shops were acquired by crawling the point-of-interest data from Baidu maps. The VI was determined using Landsat-8 satellite data. Data regarding human factors (i.e., economic and demographic data) were obtained from the open data products of several organizations. Specifically, the Luojia nightlight data product was used to obtain the economic level, and the global population data product provided by WorldPop (https://www.worldpop.org/, accessed on 19 March 2022) was used to obtain the POP for both cities.



To ensure consistency across the factors, all the datasets were spatially aggregated into averaged values based on a defined fishing grid at certain resolutions (e.g., 500 m by 500 m). Figure 3 and Figure 4 show the gridded sample data for both Hong Kong and Shanghai, including the SVF, BCR, RD, D_Sho, POP density, and infections, respectively. The data are consistent in terms of the locations and resolutions.





2.3. Identification of Key Attibutes for Modelling COVID-19 Risk


Correlation and regression analysis methods were used to identify key attributes of the built environment that can be used to model the influence of COVID-19 risks. First, a correlation analysis was performed to identify the factors associated with infections. Given that some of the tested variables might not be linearly correlated, the nonparametric correlation methods, including both Spearman and Kendall’s tau-b, were used. Subsequently, multiple linear regression and stepwise linear regression methods were used to analyse the modelled impact of these factors on the infection risks. Given that the distribution of confirmed cases is skewed, a log-transform was applied to obtain an approximately normal distribution [35]. The log-transformed infection data were then further normalized into the range of 0 to 1 as a measure of the infection rate or infection risk.



The multiple linear regression model can be expressed as follows [29]:


y = β_0 + β_1 x_1 + β_2 x_2 +⋯+ β_i x_i + ε



(1)




where β_i represents the regression coefficient of the i-th factor, x_i represents the built-environment factor, and y represents the density of infections in a site area.



Based on the above linear regression model, a stepwise regression can be built via a step-by-step construction of a linear regression model. In each step, the method must examine the statistical significance of each independent variable, so that the potential explanatory variable can be added and removed in each iteration. Based on different selection criteria, the stepwise regression model includes different running strategies, such as forward selection, backward elimination and bidirectional elimination. In this study, a bidirectional elimination strategy was used to select most of the appropriate variables.





3. Results


3.1. Association Analysis for Variable Selection


By dividing each city into multiple grid cells (i.e., 500 m by 500 m), hundreds of valid values were obtained for each variable (i.e., the built-environment factors and infection rate). Using the multiple values of each variable, both Kendall’s tau-b and Spearman correlation analyses were performed to investigate the associations between the urban environment factors and infection rate for modelling variable’s selection.



Table 2 shows the correlation statistics among the 13 tested built-environment factors and the infection rate for Hong Kong and Shanghai. Other than the indicator of HW, all the factors were consistently correlated with the infection rate. As expected, the sky view factor and green space were negatively correlated with the infection rate. Notably, D_Cli, and POP were strongly correlated with the infections in both cities, as the coefficients with either Spearman or Kendall’s tau-b methods were above 0.4. HW and NL were weakly correlated with the infection rate. In particular, HW was not significantly correlated with the infection rate in Hong Kong. Given that HW was weakly correlated with the infection rate in Shanghai; however, it was retained in the following analysis. This result indicated that the infection rate is likely to be driven by a few specific factors rather than all of the variables. According to the correlation analysis, some common factors, such as BCR, D_Cli and POP, have consistent correlation coefficients for both Hong Kong and Shanghai, which indicate that both cities have some similar characteristics in terms of COVID-19 transmission.




3.2. Regression for Model Construction


To further identify the factors that were most strongly correlated with the infection rate that can be used to simulate COVID-19 risk, a stepwise regression method was applied to model the infection risk in both cities.



According to the regression results, RD, D_Sho, D_Cli, and POP were the main driving factors for Hong Kong, whereas BCR, RD, D_Sho, D_Cli, and POP were the main driving factors for Shanghai. Table 3 presents the regression results for both cities. The left and right sides show the regression results for Hong Kong and Shanghai, respectively, with the columns presenting the unstandardized coefficients, standardized coefficients, and p-values. The R squares of the regression models for both Hong Kong and Shanghai reached 0.60 and 0.49, respectively, indicating that most of the variability in the infections for both cities could be explained.




3.3. COVID-19 Risk Mapping


The stepwise models from the above results were used to simulate infection risk maps for Hong Kong and Shanghai, as shown in Figure 5a and Figure 6a, respectively. Red and green indicate areas with high and low infection risks, respectively. The observed infection cases in both cities are presented in Figure 5b and Figure 6b for comparison. Compared with the actual observations, the predicted results provide finer spatial detail regarding the high-risk areas and can clarify the infection risk for regions in which actual infection data are not available.



Based on these results, it is apparent that most of the high-risk neighbourhoods (areas with a red colour) are located in the core urban areas of both cities, such as Yau Tsim Mong and Wan Chai districts, Hong Kong, and Huangpu district, Shanghai. These results might be vital in assisting urban planners to develop reasonable prevention and control plans in advance.





4. Discussion


This study identified key attributes of built environment and developed empirical models that can be used to simulate COVID-19 risk in high-rise, high-density cities based on case studies from two Chinese cities with similar urban morphology. The regression results for both cities highlighted that several urban features, such as the BCR, RD, POP, D_Sho, and D_Cli, considerably useful to modelling community transmission risk of COVID-19. All these important parameters could be classified into three categories, including urban morphological attributes (e.g., BCR and RD), socio-economic activities (e.g., shops and clinics), and demographic characteristic at the neighbourhoods.



The variable selections of our empirical models are consistent with results of previous studies. Take the impact of building density for example, Kan [9] and Hamidi [19] confirmed that the urban density took effect for some US cities and Hong Kong, nevertheless, a contrasting result was recorded at London [18], which might be due to the impact of some control variables (i.e., socioeconomic factors). Other than building density, dense road network was found to contribute more infections in high-densely cites of Hong Kong and Shanghai, whereas similar discovers were only found for some cities with low-rise low-dense urban morphology [8]. Results of this study also indicated that POP takes an important effect at the communities, as the overcrowding increases the opportunities with face-to-face infections. Similar findings have been recorded in previous studies [22,27]. Moreover, this study indicated that social activities have made almost equal contributions to the prevalence of COVID-19, compared with urban morphology as well as POP, as the standard regression coefficients of different variables were comparable for both cities (see Table 3). Similar findings were also obtained in Hong Kong by Kwok [22]. Overall, our empirical models were accurate, and this approach of model development could be applied to other cities with similar urban environment.



However, as it is a study for model development, uncertainty regarding this empirical model should be noted. Thus, the later subsections included (1) to describe the performance and spatial uncertainty of potential variables for future modelling, and (2) to identify key messages for planning recommendations and public health management that can be extracted from our results.



4.1. Performance of Different Factors


According to the correlation and regression results, certain factors, such as BCR, RD, POP, and D_Sho, were strongly correlated with the infection rate. Scatterplots with fitted lines were constructed to investigate the influence of several typical factors (BCR, RD, POP, D_Sho, D_Cli, and VI) on the infection rate. Figure 7 and Figure 8 show these scatterplots between the selected factors and the infection rate in Hong Kong and Shanghai, respectively. The x and y coordinates represent the factor and the normalized infected cases, respectively. The R squared value for each factor is also provided to evaluate how closely the points are fitted to the trendline.



The following conclusions were made. First, most of the selected factors were linearly correlated with the normalized infection rate, although the fitted lines of some indices are not that satisfactory, such as the VI for both cities. Second, the impacts of different factors varied across cities. For example, in Shanghai, BCR and POP (R squared values of more than 0.3) were more strongly correlated with the infection rate than were other indices (R values below 0.3). In contrast, the dominant factors for Hong Kong were D_Cli and D_Sho. Third, no single factor could explain the infection rate in communities. The consideration of multiple factors, particularly the combination of both the built environment and socioeconomic factors, enhanced the prediction and simulation of infection risks for both cities.




4.2. Scale Effect


To clarify the driving force associated with all factors at different scales, the impact of all variables on infection risk at different scales was analysed. To conduct a valid statistical analysis, the spatial scale could not be excessively large, as the sample size may be insufficient. Moreover, the statistical unit could not be too large owing to the limited data on confirmed cases in both cities. Thus, spatial scales of 200 m, 400 m, and 600 m were selected for Hong Kong, while 300 m, 600 m, and 900 m were selected for Shanghai.



Table 4 presents the stepwise regression results at different spatial scales; based on this information, the following conclusions can be derived.



First, the influencing factors varied across scales. The effect of many factors was notable at finer spatial scales, whereas few factors influenced the infection rate at larger scales. For example, in Hong Kong, seven factors influenced the infection rate at the scale of 200 m, while fewer factors were influential as the scale increased to 600 m. Second, certain key factors (e.g., BCR and POP) remained dominant at all scales, indicating that these factors might drive the community spread of COVID-19. In addition to BCR and POP, RD was an influential factor at finer spatial scales (e.g., 200 and 400 m). However, its impact disappeared at larger scales for both cities. Third, the results of both cities were similar. Some common factors, including POP and BCR, greatly impacted the community infection rate in both cities. Other than POP and BCR, socioeconomic activities, such as D_Sho and D_Cli, also affected both cities, although D_Sho was more significant in Hong Kong, and D_Cli in Shanghai. This difference might be attributable to the distinct control policies of the two cities: Hong Kong citizens were free to shop outdoors during the pandemic, while most citizens of Shanghai could not, which reduced the risks associated with outdoor shopping activities in the latter city. Fourth, the scale of 400–600 m was suitable for the analysis as it reflected the spatial details at the community level of both cities and ensured an acceptable prediction accuracy. This scale was also recommended by Niu [29].




4.3. Implications


Generally, our results showed the importance of developing empirical models for infection risk assessment and mapping. Rapid acquisition of fine-scale epidemic data is crucial for developing epidemic prevention and control policies. The lack of precise infection data (e.g., before the outbreak of an epidemic) limits the assessment of infection risk and formulation of appropriate prevention and control plans, which are important to the urban planning of healthy cities [36]. This study provided evidence that the microscale urban environment is strongly associated with epidemic disease transmission and proposed a rapid and efficient epidemic simulation method.



Considering the impact of different factors based on variable selection, the following recommendations can be provided for the design of urban environments to reduce transmission risks. First, the results revealed that urban morphology, particularly BCR and RD, greatly influenced the infection rates in both cities. The finding is partly consistent with the study conducted by Kwok [22] in Hong Kong, but the authors of that study found that the road network was negatively associated with the COVID-19. This difference might be due to the lower number of infections and larger statistical scale used. As in some prior studies [22,37], the proposed urban morphology parameters, including the BCR and RD, could effectively reflect the level of infection risk and thus might guide (1) public health officials to reduce population exposure and social contact in areas with higher BCR and RD and (2) planners in developing appropriate design strategies to improve ventilation and reduce population density in these risky areas for minimizing the infection risks in communities.



Second, areas with higher population densities had a higher infection risk in both cities. However, population density is impossible to reduce naturally. Thus, health officials and planners should develop plans to improve spatiotemporal mobility of different individuals in order to reduce the density of communities in various time slots, despite overall population density cannot be changed. Given that some morphology parameters (e.g., SVF) were highly associated with population density, the infection risk could also be reduced through volumetric design, in order to maintain total population of space usage at the same time reducing people clustering in areas with poor ventilation.



Third, in addition to the urban morphology and POP, social activities, such as those at shops and clinics, may increase COVID-19 transmission risk, as similarly observed in the results of Yip [15]. Given that these factors reflect the flow of the population, it can be concluded that the transmission risk is considerably influenced by population movement. Thus, the spatial scales of public services must be appropriately designed, and population mobility patterns must be changed to ensure healthy cities. Particularly, whether centralized urban design with huge population density in several central business districts or scattered urban design with multiple small blocks having a high land use mix should be considered.



Fourth, although the performance of negative indicators, such as HW and green space, had some uncertainties, their negative correlations with the infection risk are clear in this study, which might indicate that the transmission risk of COVID-19 could be reduced with finer ventilation conditions and more green space.





5. Conclusions


Statistical methods were applied to infection data from two Chinese cities to develop empirical model for assessing impact of microscale urban environment features (e.g., urban morphological indices, green spaces, urban facilities, and socioeconomic and demographic data) on transmission and infection rates. A correlation analysis was performed to identify key urban environmental factors associated with the infection rate for modelling. Moreover, a stepwise regression method was used to evaluate the impacts of different factors and their modelling capabilities.



Experimental results indicated that the results of empirical models for both cities were similar. Some common factors, including urban density, population, and social activities, were noted to influence the spread of COVID-19 in communities for both cities, which were suitable for model development. The difference is that different socioeconomic factors take the main effect, as the density of shops was more significant in Hong Kong, and density of clinics in Shanghai. This difference might be attributable to the distinct control policies of both cities, as Hong Kong citizens were free to shop outdoors during the pandemic, while most citizens of Shanghai could not. Moreover, the impact of the factors varied across scales. Specifically, as the scale increased, the influence of several factors disappeared. Factors such as building density and social activities had an impact on larger scales, while some 3D urban morphological parameters, such as SVF and FAR, only had an impact on smaller scales.



Overall, this study (1) highlighted the notable attributes of the urban environment that can be used to model the transmission mechanism of infectious disease at the community level and (2) clarified the modelled influence of various built-environment factors on the infection rate along with their scaling effects. An efficient infection risk warning model was built and verified. This model can be used to identify high-risk urban areas in advance. The proposed methods and findings can provide a reference for epidemic risk assessment and promote the development of reasonable prevention and control strategies.







Author Contributions


Y.X., C.G. and Z.Y. conceived and designed the study. Y.X. collected the data and conducted data analysis. J.Y. and C.G. helped process the data. Y.X. and C.G. interpreted the results. Y.X. and Z.Y wrote the original draft. Y.X., C.G., J.Y., Z.Y. and H.C.H. revised the manuscript. All authors have read and agreed to the published version of the manuscript.




Funding


This research was supported by grants from National Natural Science Foundation of China (No. 42271477, 42101241 and 42071394) and the grant from Natural Science Foundation of Guangdong Province, China (No. 2021A1515012571).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Petrosillo, N.; Viceconte, G.; Ergonul, O.; Ippolito, G.; Petersen, E. COVID-19, SARS and MERS: Are they closely related? Clin. Microbiol. Infect. 2020, 26, 729–734. [Google Scholar] [CrossRef] [PubMed]

	



Chakraborty, I.; Maity, P. COVID-19 outbreak: Migration, effects on society, global environment and prevention. Sci. Total Environ. 2020, 728, 138882. [Google Scholar] [CrossRef] [PubMed]

	



Holmes, E.A.; O’Connor, R.C.; Perry, V.H.; Tracey, I.; Wessely, S.; Arseneault, L.; Ballard, C.; Christensen, H.; Cohen Silver, R.; Everall, I.; et al. Multidisciplinary research priorities for the COVID-19 pandemic: A call for action for mental health science. Lancet Psychiatry 2020, 7, 547–560. [Google Scholar] [CrossRef] [PubMed]

	



Jayaweera, M.; Perera, H.; Gunawardana, B.; Manatunge, J. Transmission of COVID-19 virus by droplets and aerosols: A critical review on the unresolved dichotomy. Environ. Res. 2020, 188, 109819. [Google Scholar] [CrossRef] [PubMed]

	



Lai, S.; Bogoch, I.; Ruktanonchai, N.; Watts, A.; Lu, X.; Yang, W.; Yu, H.; Khan, K.; Tatem, A.J. Assessing spread risk of COVID-19 within and beyond China in early 2020. Data Sci. Manag. 2022, 5, 212–218. [Google Scholar] [CrossRef]

	



Klompmaker, J.O.; Hart, J.E.; Holland, I.; Sabath, M.B.; Wu, X.; Laden, F.; Dominici, F.; James, P. County-level exposures to greenness and associations with COVID-19 incidence and mortality in the United States. Environ. Res. 2021, 199, 111331. [Google Scholar] [CrossRef]

	



Liu, C.; Liu, Z.; Guan, C. The impacts of the built environment on the incidence rate of COVID-19: A case study of King County, Washington. Sustain. Cities Soc. 2021, 74, 103144. [Google Scholar] [CrossRef] [PubMed]

	



Guan, C.; Tan, J.; Hall, B.; Liu, C.; Li, Y.; Cai, Z. The Effect of the Built Environment on the COVID-19 Pandemic at the Initial Stage: A County-Level Study of the USA. Sustainability 2022, 14, 3417. [Google Scholar] [CrossRef]

	



Kan, Z.; Kwan, M.P.; Wong, M.S.; Huang, J.; Liu, D. Identifying the space-time patterns of COVID-19 risk and their associations with different built environment features in Hong Kong. Sci. Total Environ. 2021, 772, 145379. [Google Scholar] [CrossRef]

	



Bryan, M.S.; Sun, J.; Jagai, J.; Horton, D.E.; Montgomery, A.; Sargis, R.; Argos, M. Coronavirus disease 2019 (COVID-19) mortality and neighborhood characteristics in Chicago. Ann. Epidemiol. 2021, 56, 47–54. [Google Scholar] [CrossRef]

	



You, Y.; Pan, S. Urban vegetation slows down the spread of coronavirus disease (COVID-19) in the United States. Geophys. Res. Lett. 2020, 47, e2020GL089286. [Google Scholar] [CrossRef]

	



Johnson, T.F.; Hordley, L.A.; Greenwell, M.P.; Evans, L.C. Associations between COVID-19 transmission rates, park use, and landscape structure. Sci. Total Environ. 2021, 789, 148123. [Google Scholar] [CrossRef] [PubMed]

	



Coccia, M. Factors determining the diffusion of COVID-19 and suggested strategy to prevent future accelerated viral infectivity similar to COVID. Sci. Total Environ. 2020, 729, 138474. [Google Scholar] [CrossRef] [PubMed]

	



Sobral, M.F.F.; Duarte, G.B.; da Penha Sobral, A.I.G.; Marinho, M.L.M.; de Souza Melo, A. Association between climate variables and global transmission of SARS-CoV-2. Sci. Total Environ. 2020, 729, 138997. [Google Scholar] [CrossRef]

	



Yip, T.L.; Huang, Y.; Liang, C. Built environment and the metropolitan pandemic: Analysis of the COVID-19 spread in Hong Kong. Build. Environ. 2021, 188, 107471. [Google Scholar] [CrossRef]

	



Alidadi, M.; Sharifi, A. Effects of the built environment and human factors on the spread of COVID-19: A systematic literature review. Sci. Total Environ. 2022, 850, 158056. [Google Scholar] [CrossRef]

	



Wang, J.; Wu, X.; Wang, R.; He, D.; Li, D.; Yang, L.; Yang, Y.; Lu, Y. Review of associations between built environment characteristics and severe acute respiratory syndrome coronavirus 2 infection risk. Int. J. Environ. Res. Public Health 2021, 18, 7561. [Google Scholar] [CrossRef]

	



Tong, H.; Li, M.; Kang, J. Relationships between building attributes and COVID-19 infection in London. Build. Environ. 2022, 225, 109581. [Google Scholar] [CrossRef]

	



Hamidi, S.; Sabouri, S.; Ewing, R. Does density aggravate the COVID-19 pandemic? Early findings and lessons for planners. J. Am. Plan. Assoc. 2020, 86, 495–509. [Google Scholar] [CrossRef]

	



Hu, T.; Yue, H.; Wang, C.; She, B.; Ye, X.; Liu, R.; Zhu, X.; Guan, W.W.; Bao, S. Racial segregation, testing site access, and COVID-19 incidence rate in Massachusetts, USA. Int. J. Environ. Res. Public Health 2020, 17, 9528. [Google Scholar] [CrossRef]

	



Raifman, M.A.; Raifman, J.R. Disparities in the population at risk of severe illness from COVID-19 by race/ethnicity and income. Am. J. Prev. Med. 2020, 59, 137–139. [Google Scholar] [CrossRef] [PubMed]

	



Kwok, C.Y.T.; Wong, M.S.; Chan, K.L.; Kwan, M.P.; Nichol, J.E.; Liu, C.H.; Wong, J.Y.H.; Wai, A.K.C.; Chan, L.W.C.; Xu, Y.; et al. Spatial analysis of the impact of urban geometry and socio-demographic characteristics on COVID-19, a study in Hong Kong. Sci. Total Environ. 2021, 764, 144455. [Google Scholar] [CrossRef]

	



Nasiri, R.; Akbarpour, S.; Zali, A.R.; Khodakarami, N.; Boochani, M.H.; Noory, A.R.; Soori, H. Spatio-temporal analysis of COVID-19 incidence rate using GIS: A case study—Tehran metropolitan, Iran. GeoJournal 2022, 87, 3291–3305. [Google Scholar] [CrossRef]

	



Bashir, M.F.; Ma, B.; Komal, B.; Bashir, M.A.; Tan, D.; Bashir, M. Correlation between climate indicators and COVID-19 pandemic in New York, USA. Sci. Total Environ. 2020, 728, 138835. [Google Scholar] [CrossRef] [PubMed]

	



Wang, J.; Tang, K.; Feng, K.; Lin, X.; Lv, W.; Chen, K.; Wang, F. Impact of temperature and relative humidity on the transmission of COVID-19: A modelling study in China and the United States. BMJ Open 2021, 11, e043863. [Google Scholar] [CrossRef] [PubMed]

	



Spotswood, E.N.; Benjamin, M.; Stoneburner, L.; Wheeler, M.M.; Beller, E.E.; Balk, D.; McPhearson, T.; Kuo, M.; McDonald, R.I. Nature inequity and higher COVID-19 case rates in less-green neighbourhoods in the United States. Nat. Sustain. 2021, 4, 1092–1098. [Google Scholar] [CrossRef]

	



Bhadra, A.; Mukherjee, A.; Sarkar, K. Impact of population density on COVID-19 infected and mortality rate in India. Model. Earth Syst. Environ. 2021, 7, 623–629. [Google Scholar] [CrossRef]

	



Huang, J.; Kwan, M.P.; Kan, Z.; Wong, M.S.; Kwok, C.Y.T.; Yu, X. Investigating the relationship between the built environment and relative risk of COVID-19 in Hong Kong. ISPRS Int. J. Geo-Inf. 2020, 9, 624. [Google Scholar] [CrossRef]

	



Niu, Q.; Wu, W.; Shen, J.; Huang, J.; Zhou, Q. Relationship between Built Environment and COVID-19 Dispersal Based on Age Stratification: A Case Study of Wuhan. Int. J. Environ. Res. Public Health 2021, 18, 7563. [Google Scholar] [CrossRef]

	



Huang, J.; Jones, P.; Zhang, A.; Hou, S.S.; Hang, J.; Spengler, J.D. Outdoor airborne transmission of coronavirus among apartments in high-density cities. Front. Built Environ. 2021, 7, 48. [Google Scholar] [CrossRef]

	



Burridge, H.C.; Bhagat, R.K.; Stettler, M.E.; Kumar, P.; De Mel, I.; Demis, P.; Hart, A.; Johnson-Llambias, Y.; King, M.-F.; Klymenko, O.; et al. The ventilation of buildings and other mitigating measures for COVID-19: A focus on wintertime. Proc. R. Soc. A 2021, 477, 20200855. [Google Scholar] [CrossRef] [PubMed]

	



Ng, E.; Yuan, C.; Chen, L.; Ren, C.; Fung, J.C. Improving the wind environment in high-density cities by understanding urban morphology and surface roughness: A study in Hong Kong. Landsc. Urban Plan. 2011, 101, 59–74. [Google Scholar] [CrossRef] [PubMed]

	



Chan, A.T.; So, E.S.; Samad, S.C. Strategic guidelines for street canyon geometry to achieve sustainable street air quality. Atmos. Environ. 2001, 35, 4089–4098. [Google Scholar] [CrossRef]

	



Li, C.; Wang, Z.; Li, B.; Peng, Z.R.; Fu, Q. Investigating the relationship between air pollution variation and urban form. Build. Environ. 2019, 147, 559–568. [Google Scholar] [CrossRef]

	



Terahara, F.; Nishiura, H. Fluoroquinolone consumption and Escherichia coli resistance in Japan: An ecological study. BMC Public Health 2019, 19, 426. [Google Scholar] [CrossRef]

	



Sharifi, A.; Khavarian-Garmsir, A.R. The COVID-19 pandemic: Impacts on cities and major lessons for urban planning, design, and management. Sci. Total Environ. 2020, 749, 142391. [Google Scholar] [CrossRef] [PubMed]

	



Uddin, S.; Lu, H.; Khan, A.; Karim, S.; Zhou, F. Comparing the Impact of Road Networks on COVID-19 Severity between Delta and Omicron Variants: A Study Based on Greater Sydney (Australia) Suburbs. Int. J. Environ. Res. Public Health 2022, 19, 6551. [Google Scholar] [CrossRef] [PubMed]








[image: Ijerph 20 01422 g001 550] 





Figure 1. Locations of Hong Kong and Shanghai in China. 
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Figure 2. Distribution of confirmed COVID-19 cases in (a) Hong Kong and (b) Shanghai. 
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Figure 3. Sample data for Hong Kong: (a) Sky view factor; (b) building coverage ratio; (c) density of roads; (d) density of shops; (e) population density; (f) number of infection cases as a measure of the infection rate. 
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Figure 4. Sample data for Shanghai: (a) Sky view factor; (b) building coverage ratio; (c) density of roads; (d) density of shops; (e) population density; (f) number of infection cases as a measure of infection rate. 
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Figure 5. Mapped infection risk in Hong Kong using the proposed regression model. (a) Predicted infection risk map; (b) Actual observed infected cases as reference. 
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Figure 6. Mapped infection risk in Shanghai using the proposed regression model. (a) Predicted infection risk map; (b) Actual observed infected cases as reference. 
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Figure 7. Impact of urban environment features on COVID-19 infection rate in Hong Kong: (a) Building coverage ratio; (b) Road density; (c) Vegetation index; (d) Density of clinics; (e) Density of shops; (f) Population. 
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Figure 8. Impact of urban environment features on COVID-19 infection rate in Shanghai: (a) Building coverage ratio; (b) Road density; (c) Vegetation index; (d) Density of clinics; (e) Density of shops; (f) Population. 
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Table 1. Built-environment factors and their descriptions.
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Variable

	
Median (IQR)




	
Hong Kong

	
Shanghai






	
Amount of sky that can be seen from the ground (SVF)

	
0.54 (0.43–0.65)

	
0.68 (0.61–0.75)




	
Ratio of a building’s floor area to the site area (in which the building is located) (FAR)

	
10.20 (7.52–14.90)

	
4.65 (3.42–5.82)




	
Density of a building’s frontal area to the site area (FAD)

	
0.36 (0.26–0.49)

	
0.17 (0.11–0.23)




	
Ratio of the average building height to the width of the street abutting the building (HW)

	
3.52 (2.58–4.79

	
1.57 (1.23–1.89)




	
Ratio of the building coverage area to the site area (BCR)

	
0.20 (0.14–0.28)

	
0.24 (0.19–0.29)




	
Ratio of the road area to the site area (RD)

	
0.26 (0.19–0.35)

	
0.13 (0.09–0.17)




	
Number of restaurants in a site area (D_Res)

	
1.23 (0.59–2.49)

	
1.05 (0.53–1.73)




	
Number of bus stations in a site area (D_Bus)

	
0.62 (0.37–0.84)

	
0.72 (0.39–1.40)




	
Number of clinics in a site area (D_Cli)

	
1.14 (0.52–2.14)

	
0.25 (0.12–0.43)




	
Number of shops in a site area (D_Sho)

	
0.19 (0.10–0.32)

	
0.09 (0.05–0.13)




	
Ratio of the vegetation area to the site area (VI)

	
0.23 (0.16–0.34)

	
0.15 (0.13–0.17)




	
Nightlight intensity in a site area (NL)

	
72.27 (52.17–87.05)

	
37.08 (31.66–43.97)




	
Population of a site area (POP)

	
502.9 (301.8–724.4)

	
268.1 (161.6–470.7)











[image: Table] 





Table 2. Correlation coefficients between the selected built-environment features and COVID-19 risks for Hong Kong (HK) and Shanghai (SH).
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Variable

	
Hong Kong

	
Shanghai




	
Kendall’s Tau-b

	
Spearman

	
Kendall’s Tau-b

	
Spearman






	
Sky view (SVF)

	
−0.38 **

	
−0.54 **

	
−0.45 **

	
−0.64 **




	
Floor area (FAR)

	
0.30 **

	
0.42 **

	
0.42 **

	
0.59 **




	
Frontal area (FAD)

	
0.37 **

	
0.52 **

	
0.43 **

	
0.60 **




	
Height to width (HW)

	
0.03

	
0.05

	
0.22 **

	
0.32 **




	
Building coverage (BCR)

	
0.37 **

	
0.53 **

	
0.49 **

	
0.67 **




	
Road (RD)

	
0.36 **

	
0.52 **

	
0.22 **

	
0.31 **




	
Restaurant (D_Res)

	
0.47 **

	
0.54 **

	
0.35 **

	
0.49 **




	
Bus (D_Bus)

	
0.36 **

	
0.52 **

	
0.36 **

	
0.51 **




	
Clinic (D_Cli)

	
0.48 **

	
0.65 **

	
0.43 **

	
0.60 **




	
Shop (D_Sho)

	
0.44 **

	
0.61 **

	
0.25 **

	
0.36 **




	
Green space (VI)

	
−0.26 **

	
−0.37 **

	
−0.32 **

	
−0.44 **




	
Nightlight (NL)

	
0.14 *

	
0.23 *

	
0.22 **

	
0.31 **




	
Population (POP)

	
0.41 **

	
0.57 **

	
0.46 **

	
0.64 **








Note: * p value < 0.05, ** p value < 0.01.
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Table 3. Stepwise regression results (e.g., regression coefficients and p values) for Hong Kong and Shanghai.
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Factor

	
Hong Kong

	
Shanghai




	
Unstandardized

	
Standardized

	
p-Value

	
Unstandardized

	
Standardized

	
p-Value






	
Constant

	
0.31

	

	
0.00

	
−0.02

	

	
0.43




	
BCR

	

	

	

	
0.86

	
0.27

	
0.00




	
RD

	
0.67

	
0.29

	
0.00

	
0.30

	
0.10

	
0.00




	
D_Cli

	
0.03

	
0.18

	
0.04

	
0.13

	
0.18

	
0.00




	
D_Sho

	
0.31

	
0.20

	
0.02

	
0.29

	
0.09

	
0.01




	
POP

	
0.003

	
0.40

	
0.00

	
0.001

	
0.30

	
0.00








Hong Kong: R2 = 0.60, F = 45.35, p < 0.01. Shanghai: R2 = 0.49, F = 87.28, p < 0.01.
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Table 4. Stepwise regression results at different spatial scales for Hong Kong and Shanghai.
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Variable

	
Standardized Coefficients




	
Hong Kong

	
Shanghai




	
200 m × 200 m

	
400 m × 400 m

	
600 m × 600 m

	
300 m × 300 m

	
600 m × 600 m

	
900 m × 900 m






	
SVF

	
−0.28 **

	
-

	
-

	
−0.56 **

	
-

	
-




	
FAR

	
−0.18 **

	
-

	
-

	
−0.50 **

	
-

	
-




	
FAD

	
-

	
-

	
-

	
0.30 **

	
-

	
-




	
HW

	
-

	
-

	
-

	
−0.16 **

	
−0.09 *

	
-




	
BCR

	
-

	
0.21 **

	
0.30 **

	

	
0.30 **

	
0.23 **




	
RD

	
0.18 **

	
0.26 **

	
-

	
0.15 **

	
0.10 **

	
-




	
D_Res

	
-

	
-

	
-

	
0.10 **

	
-

	
-




	
D_Bus

	
-

	
-

	
-

	
-

	
-

	
-




	
D_Cli

	
0.23 **

	
-

	
-

	
0.06 *

	
0.23 **

	
0.35 **




	
D_Sho

	
0.13 **

	
0.29 **

	
0.39 **

	
-

	
-

	
-




	
VI

	
-

	
-

	
-

	
−0.08 **

	
-

	
-




	
NL

	
0.08 *

	
-

	
-

	
-

	
-

	
-




	
POP

	
0.19 **

	
0.32 **

	
0.35 **

	
0.24 **

	
0.36 **

	
0.39 **




	

	
R2 = 0.31

	
R2 = 0.51

	
R2 = 0.65

	
R2 = 0.43

	
R2 = 0.58

	
R2 = 0.69








**: p value < 0.01; *: p value < 0.05.
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