
Frontiers in Public Health 01 frontiersin.org

The impact of urban spatial 
environment on COVID-19: a 
case study in Beijing
Zhen Yang , Jiaxuan Li , Yu Li *, Xiaowen Huang , Anran Zhang , 
Yue Lu , Xu Zhao  and Xueyan Yang 

School of Architecture and Urban Planning, Beijing University of Civil Engineering and Architecture, 
Beijing, China

Epidemics are dangerous and difficult to prevent and control, especially in urban 
areas. Clarifying the correlation between the COVID-19 Outbreak Frequency 
and the urban spatial environment may help improve cities’ ability to respond 
to such public health emergencies. In this study, we firstly analyzed the spatial 
distribution characteristics of COVID-19 Outbreak Frequency by correlating the 
geographic locations of COVID-19 epidemic-affected neighborhoods in the city 
of Beijing with the time point of onset. Secondly, we created a geographically 
weighted regression model combining the COVID-19 Outbreak Frequency 
with the external spatial environmental elements of the city. Thirdly, different 
grades of epidemic-affected neighborhoods in the study area were classified 
according to the clustering analysis results. Finally, the correlation between the 
COVID-19 Outbreak Frequency and the internal spatial environmental elements 
of different grades of neighborhoods was investigated using a binomial 
logistic regression model. The study yielded the following results. (i) Epidemic 
outbreak frequency was evidently correlated with the urban external spatial 
environment, among building density, volume ratio, density of commercial 
facilities, density of service facilities, and density of transportation facilities were 
positively correlated with COVID-19 Outbreak Frequency, while water and 
greenery coverage was negatively correlated with it. (ii) The correlation between 
COVID-19 Outbreak Frequency and the internal spatial environmental elements 
of neighborhoods of different grades differed. House price and the number of 
households were positively correlated with the COVID-19 Outbreak Frequency 
in low-end neighborhoods, while the number of households was positively 
correlated with the COVID-19 Outbreak Frequency in mid-end neighborhoods. 
In order to achieve spatial justice, society should strive to address the inequality 
phenomena of income gaps and residential differentiation, and promote fair 
distribution of spatial environments.
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1 Introduction

Currently, humanity has entered a risk society, where major public health events can 
have a significant impact on a country’s social, economic, and political order, jeopardizing 
national security and development. The COVID-19 pandemic has had a profound impact 
on lifestyle and the way urban spaces are used. Researching the spatial distribution of 
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COVID-19 in cities and its driving mechanisms can help uncover 
the transmission mechanisms and diffusion patterns of the 
epidemic, providing a theoretical basis for policy design (1).

The various factors related to epidemic outbreaks are complex, 
and many scholars have conducted research on the spatial distribution 
and transmission patterns of COVID-19 from social, economic, 
climate, and population perspectives (2–4). Some studies have found 
that socioenvironmental factors, including seven variables such as the 
internet development index and literacy index, are related to the 
spatial differentiation of COVID-19 (5). There are also studies that 
focus on the association between meteorological factors such as air 
temperature, wind speed, precipitation, and the spatial distribution of 
COVID-19 cases (6). Some scholars believed that many demographic 
factors are significantly correlated with the spread of COVID-19, such 
as population density and human mobility (7, 8). Many studies have 
demonstrated that the disease was more concentrated in central areas 
with high population density and dense urban land use (9).

In addition, different urban forms and design factors can affect the 
dynamics of epidemics. At the urban level, some studies have shown 
that urban spatial environmental factors such as diversity, destination 
accessibility, distance to transit, design, and density are spatially 
consistent with the spread of COVID-19 (10). Some scholars have also 
compared the differences in the impact of density and connectivity on 
the spatial proliferation of COVID-19 (11). These factors may affect 
the spread of the disease by influencing people’s patterns of interaction 
and spatial usage. At the community level, some scholars believe that 
socio-economic factors and community building environments have 
varying degrees of impact on the outbreak, spread, and residents’ 
health condition and health behaviors related to COVID-19 (12–14). 
For example, factors such as community economic status, housing 
conditions, and medical resources may affect people’s sensitivity to 
and ability to respond to the disease. However, there are also studies 
showing that there is no clear conclusion about any association 
between compact neighborhood design and the transmission of 
infection, and further research is needed (15).

Currently, research on urban factors that influence the outbreak of 
COVID-19 mainly focuses on the level of building environment, and 
does not fully consider other urban spatial environmental factors that 
affect the transmission of COVID-19, such as urban green spaces, water 
bodies, and service facilities. There has also been limited exploration of 
the correlation between built environment elements within communities 
and the outbreak of COVID-19, which still has certain limitations.

On the other hand, current research on the environmental impact 
of COVID-19 often obtains data through questionnaire surveys, and 
uses quantitative methods such as multiple linear regression, logistic 
regression, stepwise regression, and factor analysis to determine the 
factors that influence the outbreak and spread of COVID-19 (16, 17). 
These traditional quantitative methods may neglect the spatial 
differences in factors and regression relationships. Therefore, some 
researchers have conducted spatial heterogeneity analysis using 
geographically weighted regression or studied spatial spillover effects 
using spatial econometric models (18–20). This requires researchers to 
obtain continuous and measurable data within a certain spatial range.

In addition, some scholars have focused on the impact of various 
factors on the COVID-19 mortality rate. Using methods such as 
ordinary least squares, spatial econometric models, geographically 
weighted regression, and machine learning, they have analyzed 
population factors such as population density, age, and ethnicity, 

socio-economic factors such as household income, education, and 
rent, as well as individual health factors such as chronic diseases, 
obesity, and unhealthy lifestyle habits, on the relationship between 
COVID-19 mortality rate (21–23).

Therefore, this study aims to explore the correlation between the 
frequency of COVID-19 outbreaks and urban spatial environmental 
factors such as density, environment, and facilities, as well as the 
relationship with internal spatial environmental factors within 
communities such as housing prices, building age, number of 
buildings, and number of households. Our research results can 
contribute to a better understanding of the spatial environmental 
factors that influence the transmission of epidemics and have 
significant implications for improving urban resilience in responding 
to public health emergencies.

2 Materials and methods

2.1 Selection of indicators

Research on the factors influencing the spread of the pandemic 
has been extensive, and there is a general consensus on the 
conclusions. Factors such as population mobility, population density, 
income, ecological environment quality, and urban built environment 
differences have been found to be correlated with the spread of the 
disease. Furthermore, studies have shown that urban geometry plays 
a more significant role in influencing COVID-19 incidence rates than 
sociodemographic characteristics (24). Refer to the selection of urban 
spatial environmental indicators in other studies and incorporate 
internal environmental indicators (25–27). This study aims to 
comprehensively analyze the correlation between various influencing 
indicators and the COVID-19 pandemic, and provide valuable 
supplements to existing research.

The urban spatial environment was divided into two dimensions: 
External environmental elements and Internal environmental 
elements. The external environment was characterized in terms of six 
elements: Building Density (BD), Volume Ratio (VR), Water and 
Greenery Coverage (WGC), Density of Commercial Facilities (DCF), 
Density of Public Service Facilities (DSF), and Density of 
Transportation Facilities (DTF). Building density and floor area ratio 
can represent the development intensity of a city, while water bodies 
and green coverage can reflect the ecological environment. The density 
of commercial facilities, transportation facilities, and public facilities 
can indicate the correlation between the concentration of the 
population in public service facilities and the outbreak of the pandemic.

At the same time, the internal environment was characterized in 
terms of four elements: Housing Price (HP), Building Age (BA), 
Number of Buildings (NB), and Number of Households (NH). 
Housing prices and building age can partly indicate the economic 
conditions of the community, while the number of buildings and the 
number of households can represent the concentration of people in 
the community (Table 1).

2.2 Data sources

According to the Prevention and Control Program for 
COVID-19 Pneumonia (9th Edition) issued by China’s National 
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Health and Health Commission, to better prevent and control the 
source of infection, home health surveillance was required to 
be conducted for 7 days after COVID-19 patients had recovered 
and been discharged from hospital. In addition, the absence of new 
infections for 7 consecutive days in medium- and high-risk areas 
was considered one of the requirements for the release of risk 
areas. In Beijing, the outbreak records and announcements are 
basically based on a 7-day cycle, and new patients in the affected 
areas will not be announced within 7 days. The lockdown will also 
be  lifted after 7 consecutive days with no new cases reported. 
Therefore, this study used a 7-day cycle to record the location of 
new confirmed cases living in within Beijing’s fifth ring road for a 
total of 53 cycles over approximately 1 year from November 1, 2021 
to November 1, 2022, by searching the Beijing Municipal 
Government Data Resource Network,1 the Beijing Municipal 
Health and Wellness Commission,2 and the Beijing Daily.3 Using 
ArcGIS, the above statistical information corresponded to 2,769 
rectangular cells within the study area of 500 m × 500 m. The 
frequency of outbreaks in each rectangular cell was calculated as 
the mean ratio of the cycles in which new cases were recorded or 
classified as medium- to high-risk areas to all 53 cycles in each 
rectangular cell. It has been confirmed that meteorological factors 
caused by seasonal changes can affect the transmission of COVID-
19, but there was currently a large discrepancy in the conclusions 
of relevant research, and the fundamental reasons for the 
discrepancy were not yet clear (28). For example, some studies 
suggest that high temperatures could limit the spread of COVID-19 
(29–31), while others believed that a decrease in temperature is 
negatively correlated with the spread of COVID-19 (32). Therefore, 
this study used 1 year of epidemic data, which could avoid the 
impact of seasonal weather factors on research results.

1 https://data.beijing.gov.cn/index.htm

2 http://wjw.beijing.gov.cn/wjwh/ztzl/xxgzbd/gzbdyqtb/index.html

3 https://www.bjd.com.cn/index.shtml

Data on BD, VR, DCF, DPSF, DTF, NB, NH, HP and BA were 
obtained from Gaode Map.4 In this study, ArcGIS is used to calculate 
the building density and plot ratio based on building outlines and 
building height data, and the density is calculated based on the 
quantity of various public service facilities. Data on WGC were 
obtained from the Landset-8 satellite remote sensing map in the 
Chinese Academy of Sciences Geospatial Data Cloud for July 2020.5 
The supervised classification tool of ArcGIS is used to extract the 
water area and green space coverage range and further calculate their 
area and coverage ratio.

2.3 Evaluation methodology

This study aims to investigate the mechanism of the impact of 
urban spatial environment on the frequency of COVID-19 outbreaks. 
Firstly, geographically weighted regression is used to explore the role 
of external spatial environmental factors in COVID-19 and their 
spatial variations. Then, cluster analysis is applied to classify the 
affected communities, followed by logistic regression to examine the 
influence of internal environmental factors on the frequency of 
COVID-19 outbreaks (Figure 1).

2.3.1 Geographically weighted regression
In this study, Geographically Weighted Regression (GWR) was 

used to investigate the influence of urban spatial environmental 
elements on the COVID-19 outbreaks frequency at different 
spatial locations.

GWR is an extended model of multiple linear regression, which 
can create a local regression equation for each point in the range of the 
model. GWR introduces a spatial weight function to estimate the 
different relationships between variables in different regions based on 

4 https://www.amap.com/

5 https://www.gscloud.cn/

TABLE 1 Selection of indicators and data source.

First-level 
indicator

Second-level 
indicator

Third-level indicator
Unit of 
measurement

Source

Urban spatial 

environment

External spatial 

environmental

Building Density (BD) % https://www.amap.com/

Volume Ratio (VR) % https://www.amap.com/

Water and Greenery Coverage (WGC) % https://www.gscloud.cn/

Density of Commercial Facilities (DCF) per 1/4 square kilometer https://www.amap.com/

Density of Service Facilities (DSF) per 1/4 square kilometer https://www.amap.com/

Density of Transportation Facilities (DTF) per 1/4 square kilometer https://www.amap.com/

Internal spatial 

environment

Housing Price (HP) RMB¥ https://www.amap.com/

Building Age (BA) Year https://www.amap.com/

Number of Buildings (NB) Units https://www.amap.com/

Number of Households (NH) Units https://www.amap.com/

COVID-19 outbreak frequency Times

https://data.beijing.gov.cn/index.htm

http://wjw.beijing.gov.cn/wjwh/ztzl/xxgzbd/gzbdyqtb/

index.html

https://www.bjd.com.cn/index.shtml
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spatial variability to better characterize the quantitative relationships’ 
spatial variation (33). The GWR equation is as follows (Eq. 1):
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Eq.1

where yI  is the COVID-19 outbreak frequency at spatial position 
u ,vi i� �, Xik  denotes the BD, VR, WGC, DCF, DPSF, DTF at spatial 

position u ,vi i� �, �0 u ,vi i� �  is the intercept term of the regression 
relationship, �k i iu ,v� �  is the regression coefficient of the kth 
independent variable at spatial position u ,vi i� �, which is a continuous 
function of spatial position u ,vi i� �, and µi is a mutually independent 
random error term.

2.3.2 Cluster analysis
In this study, clustering analysis was used to study the division of 

different clusters of neighborhoods that had been affected by COVID-19 
epidemic to subsequently study the relationship between the frequency of 
epidemic outbreaks in different clusters of neighborhoods and the 
environmental elements within each cluster of neighborhoods.

Cluster analysis is an important computational method in data 
mining, which uses the relationships between sample data variables to 
represent the relationships between samples. Through clustering, the 
same or similar objects can be classified into a cluster, and the average 
center of objects belonging to the same cluster can be taken as the 
center of the cluster. The cluster centers can reflect the common 
properties of the objects in the cluster. The relationships between 
cluster centers can be calculated to determine the difference between 
different clusters (34, 35).

2.3.3 Binomial logistic regression
In this study, Binomial Logistic Regression (BLR) was used to find 

the key environmental elements that influence the frequency of 
epidemic outbreaks.

BLR is a classification model represented by a conditional 
probability distribution P(Y|X) in the form of a parametric logistic 
distribution. Here, the random variable X takes the value of a real 
number, and the random variable Y takes the value of 1 or 0. 
We classified the presence or absence of an epidemic as 1 or 0. The 
binomial logistic regression model was the following conditional 
probability distribution (36, 37) (Eqs. 2, 3).
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Here, x ∈ Rn is the input, Y ∈ (1) is the output, w ∈ Rn and b ∈ R are 
the parameters, w is called the weight vector, b is called the bias, and 
w∙x is the inner product of w and x.

For a given input instance x, P(Y = 1|x) and P(Y = 0|x) can 
be found according to Eqs. 2 and 3. The logistic regression compares 
the magnitude of the two conditional probability values and assigns 
the instance x to the class with the larger probability value.

For convenience, the weight vector and the input vector can 
be expanded; they are still denoted as w, x, i.e., w = (w(1),w(2),...,w(n),b)
T, x = (x(1),x(2),...,x(n),1)T. The logistic regression model is then as 
follows (Eqs. 4, 5):
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FIGURE 1

Evaluation methodology.
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3 Results and analysis

3.1 Correlation analysis of COVID-19 
outbreak frequency and external spatial 
environment

3.1.1 Analysis of urban spatial environmental 
characteristics

In the analysis of urban spatial environmental characteristics, the 
main urban spatial elements studied comprised BD, VR, WGC, DCF, 
DSF, and DTF. ArcGIS was used to establish 500 m × 500 m rectangular 
cells covering the study area, and the building density and volume 
ratio within the rectangular cells were calculated using building 
outline and building height data from Gaode Map. In addition, 
we calculated the density of commercial facilities, service facilities, 
and transportation facilities. Based on a Landset-8 satellite remote 
sensing map for July 2020 from the Geospatial Data Cloud of the 
Chinese Academy of Sciences, surface cover extraction was performed 
using the supervised classification method to calculate the coverage of 
waters and greenery within the rectangular cells.

The BD and VR of the study area showed a spatial pattern of high 
in the middle and low in the surrounding areas. The areas with the 
highest BD were mainly concentrated within the second ring road, or 
in the northeastern and northwestern parts of Beihai Park; there were 
more points with high BD scattered around the southern fifth ring. 
The areas with higher VR were scattered between the second and 
fourth rings, while the overall VR in the old city within the second 
ring and outside the fourth ring were lower.

The spatial pattern of WGC in the study area was low in the 
central part and high in the surrounding areas, which was opposite to 
the spatial distribution pattern of BD and VR in the study area. The 
areas with the highest levels of WGC were the Summer Palace and 
Olympic Forest Park near the North 5th Ring Road, the Nanyuan 
Forest Wetland Park and several country parks near the South 5th 
Ring Road, followed by the Chaoyang Park area near the Northeast 
4th Ring Road, the Lize Financial and Business District near the 
Southwest 3rd Ring Road, and the Temple of Heaven Park and the Six 
Seas area near the 2nd Ring Road.

The DCF and DSF in the study area showed a spatial pattern of 
high density in the northwest, a scattered distribution in the southeast, 
and low density in other areas. DCF and DSF facilities were mainly 
concentrated in Xicheng District, Dongcheng District and Haidian 
District, and the areas with the highest facility rates were scattered 
within the second ring road and the northwest section between the 
third and fourth ring roads. The next highest density of DSF was in 
the Chaoyang District near the East 4th Ring Road, which showed a 
distribution pattern extending eastward. Areas with high-DCF and 
high-DSF were scattered in a dotted pattern near the fifth ring road in 
the southeast. The DTF was also higher in the northwest, lower in 
other areas, and scattered in the southeast, but these facilities were 
mainly concentrated on either side of the northwest ring road and 
near the main transportation space. Their distribution pattern was 
circular, following the circular road network (Figure 2).

3.1.2 Analysis of spatial characteristics of 
COVID-19 outbreak frequency

In the analysis of the spatial characteristics of COVID-19 outbreak 
frequency, 500 m × 500 m rectangular cells covering the study area was 

established using ArcGIS, and the outbreak frequency within the 
rectangular cells was calculated based on the Beijing Municipal 
Government Data Resource Network, the Beijing Municipal Health 
and Wellness Commission, and Beijing Daily Public by recording 
information on the locations of the residential neighborhoods with 
new daily confirmed cases within Beijing’s fifth ring road from 
November 2021 to October 2022, as well as the locations of medium- 
and high-risk areas.

In terms of its spatial pattern, outbreak frequency was lower in the 
central and peripheral segments and higher in the remaining segments 
of the study area. The highest outbreak frequencies were mainly 
concentrated in the areas outside the South Second Ring Road, with 
the highest in Chaoyang District, followed by Shijingshan and Daxing 
Districts, and scattered in the northwest part of Xicheng District and 
Haidian District (Figure 3).

3.1.3 Geographically weighted regression analysis 
of COVID-19 outbreak frequency and external 
spatial environment

The global spatial autocorrelation analysis was conducted on 
the frequency of COVID-19 outbreaks in the study area, along with 
external spatial environmental indicators. Global spatial 
autocorrelation is a comprehensive measure of spatial data for the 
entire study region. It is used to reflect whether spatial data exhibits 
clustering or dispersal trends, as well as the strength and significance 
of these trends. The Moran Index is the ratio of covariance to 
variance, taking into account spatial location relationships, and it 
represents the spatial autocorrelation coefficient. Moran’s I index 
values can be bounded to the range − 1.0 to +1.0 when the weights 
are row standardized, An index score higher than 0.3 is an 
indication of relatively strong positive autocorrelation. A small 
value of p (usually p < 0.05) indicates that we can reject the null 
hypothesis of complete spatial randomness and accept that spatial 
autocorrelation exists, and z-score values are indicative and can 
be differentiated based on data (38). The results showed that the 
Moran’s I indexes of all indicators were more than 0.3, the z-score 
values were greater than 0, with a value of p less than 0.001, 
indicating that the global spatial autocorrelation of the outbreak 
frequency was highly significant and exhibits a strong positive 
correlation in space.

A test was conducted on the multicollinearity of six indicators in 
the study area: building density, plot ratio, water and green coverage, 
commercial facility density, public service facility density, and 
transportation facility density. Variance inflation factor (VIF) is a 
measure that assesses the severity of multicollinearity in a multiple 
linear regression model. It represents the ratio of the variance of the 
regression coefficient estimate to the variance assuming non-linear 
dependence between the independent variables. The VIF values for all 
indicators were less than 5, indicating that there is little or no 
multicollinearity problem (39) (Table 2).

The COVID-19 outbreak frequency in a total of 2,769 rectangular 
cells of 500 m × 500 m within the study area was used as the dependent 
variable. Six indicators, including BD, VR, WGC, DCF, DSF, and DTF, 
were used as independent variables to construct a GWR model. The 
measured coefficients, R2 and adjusted R2, of the GWR model were 
0.79 and 0.74, respectively. Both were greater than 0.7 and the absolute 
values of the regression coefficients of each element were large, 
indicating that the GWR model had a strong explanatory effect. There 
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was a significant correlation between the frequency of epidemic 
outbreaks and the external spatial environment (Table 3).

The results of the local R2 and regression coefficients in the 
geographically weighted regression model show that the local R2 can 
explain the degree of fit of the model in different spatial areas, ranging 
from 0.009 to 0.574, with a large difference. This indicates significant 
spatial heterogeneity in the relationship between COVID-19 outbreak 
frequency and external spatial environmental factors. In terms of spatial 
distribution, high-value points are mostly clustered in the southwest of 
the central Xicheng District, the southern part of the Dongcheng District, 
as well as the western part of the Fengtai District, the southern part of the 
Daxing District, and the northwest part of the Chaoyang District.

The regression coefficients represent the degree of influence of the 
indicators on COVID-19 outbreak frequency. Among them, the 
regression coefficients of BD, VR, DCF, DSF, and DTF were mostly 
positive in spatial distribution, with positive average values. This 
indicated a positive overall correlation between these five factors and 
COVID-19 outbreak frequency within the study area. The regression 
coefficient of BD had a significantly high-value area in the central part 
of the Dongcheng District, where both BD and outbreak frequency 
were high, indicating a significant positive correlation. The regression 
coefficients of VR were at a medium to high level in the central, 
northwest, and southeast parts of the study area, with extremely high 
values in the southern part of Daxing and the eastern part of 

FIGURE 2

Results of analysis of urban spatial environmental characteristics BD (A), VR (B), WGC (C), DCF (D), DPSF (E), DTF (F).
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Chaoyang, where both VR and COVID-19 outbreak frequency were 
high. The areas with extremely high values for the regression 
coefficient of DCF were mostly clustered in the northern and southern 
parts of the Chaoyang District and the southern part of the Xicheng 
District. The regression coefficients of DSF and DTF showed similar 
trends in spatial distribution, with extremely high values in the 
southern part of the study area. The regression coefficients of WGC 
were mainly negative, with negative average and median values, 
indicating a negative correlation between this factor and COVID-19 
outbreak frequency within the study area. Low-value areas were 
mostly located in the area between the second and fifth ring roads in 
the northern part, and there was also an extremely low point in the 
central Xicheng District, where there were large parks (Figure 4).

To better understand the regression effect of GWR, we plotted the 
spatial distribution map of standardized residuals and estimated 
spatial autocorrelation using local Moran’s I  to track potential 
clustering in the residuals. The results indicated that the residuals were 
not significant in the majority of the areas and were randomly 
dispersed. This suggested that GWR had addressed the spatial 
heterogeneity issue in most locations. However, there were also some 
regions where clustering and spatial outliers were present, indicating 
that cells with significantly high residuals were adjacent to cells with 
significantly low residuals (Figure  5). This pattern had also been 
observed in other studies analyzing COVID-19 using spatial 

regression methods, which could be explained by the presence of 
spatial heterogeneity in certain areas or the need to include additional 
variables in the model (40, 41).

3.2 Correlation analysis of COVID-19 
outbreak frequency and internal spatial 
environment

3.2.1 Cluster analysis
Cluster analysis was mainly to divide the research objects into 

several clusters, and to conduct binary logistic regression for each 
cluster separately, in order to determine the correlation between 
different characteristics such as house prices, construction ages, 
number of buildings, number of households and the frequency of 
COVID-19 outbreak in communities. Using SPSS software, K-means 
cluster analysis was conducted for 344 epidemic-affected 
neighborhoods in the study area. K-means clustering is a commonly 
used partitioning clustering method that is efficient and easy to 
implement. Given a dataset and the desired number of clusters K, the 
user needs to specify the value of K, which represents the number of 
clusters. This algorithm, using various distance functions, iteratively 
calculates and assigns data points to K clusters automatically. We used 
four elements, including HP, BA, NB, and NH, to cluster the disease-
related neighborhoods.

In order to determine the optimal number of clusters for our 
analysis, we employed the elbow method. We calculated the sum of 
squared errors (SSE) for a range of potential cluster numbers and 
plotted the SSE values against the number of clusters. By observing the 
plot, we identified the “elbow point” where the SSE started to level off. 
In our case, this occurred at a cluster number of 3, indicating that 
further increasing the number of clusters did not significantly reduce 
the SSE. Therefore, we concluded that 3 clusters were appropriate for 
our analysis. It is worth noting that the elbow method is a widely used 
approach for determining the optimal number of clusters, providing 
a balance between model complexity and goodness of fit.

The clustering results were obtained by K-means calculation. The 
final clustering centers for HP, BA, NB, and NH in the first cluster 
were at 54,892, 1,991, 18, and 1,904, respectively; in the second cluster, 
the clustering centers of HP, BA, NB, and NH were 81,800, 1,986, 14, 
and 1,392, respectively; in the third cluster, the clustering centers of 
HP, BA, NB, and NH were 107,399, 1,986, 16, and 1,204, respectively. 
In the three clusters, the mean differences were significantly different 
and showed an increasing trend, indicating that clusters 1, 2, and 3 
characterized low-end, mid-end, and high-end neighborhoods, 
respectively. Based on the number of cases in each cluster, 185, 101, 
and 58 low-end, mid-end, and high-end neighborhoods, respectively, 
were involved in the epidemic within the study area.

The clustering results showed that low-end neighborhoods 
generally have lower HP, later BA, more NB and NH. Mid-end 
neighborhoods often have moderate HP and oNH, earlier BA, and 
fewer NB. High-end neighborhoods, on the other hand, generally have 
higher HP, earlier BA, more NB and fewer NH (Table 4).

3.2.2 Correlation analysis of COVID-19 outbreak 
frequency and internal spatial environment

Based on the results of the above cluster analysis, epidemic-
affected neighborhoods in Beijing were classified into three classes: 

FIGURE 3

Spatial distribution of COVID-19 outbreak frequency.

TABLE 2 Global spatial autocorrelation significance and multiple 
collinearity test.

Projects Moran’s I z p VIF

The COVID-19 outbreak 

frequency
0.827 85.905 0.000 –

BD 0.465 48.328 0.000 1.508

VR 0.594 61.682 0.000 1.471

WGC 0.572 59.423 0.000 1.430

DCF 0.498 51.821 0.000 1.783

DSF 0.700 72.717 0.000 1.971

DTF 0.400 41.562 0.000 1.425
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low-end, mid-end, and high-end. Their outbreak frequencies were 
analyzed separately to investigate the correlation between outbreak 
frequency in different classes of residential neighborhoods and four 
representative internal environmental factors, including HP, BA, 
NB, and NH.

 (1) Correlation between COVID-19 outbreak frequency and the 
internal spatial environment in low-end neighborhoods

First, the COVID-19 outbreak frequency was assigned to the 
low-end neighborhoods according to the dichotomous method, and 

TABLE 3 GWR model determination coefficients.

R2 R2 adjusted AICc Residual squares Bandwidth (km)

0.792374 0.735484 −4862.462265 19.40998 1717.829009

Projects Average value Median Maximum value Minimum value

Local R2 0.178944 0.168504 0.574433 0.008505

BD 0.093273 −0.061378 1.984351 −1.200134

VR 0.023199 0.024738 0.444783 −0.4181

WGC −0.022804 −0.023266 0.584145 −0.543087

DCF 0.292249 0.053153 1.420713 −0.98085

DSF 0.036014 0.029701 3.324738 −3.515115

DTF 0.385493 0.082922 16.427417 −11.016806

FIGURE 4

Geographically weighted regression model local R2 (A), regression coefficients of BD (B), VR (C), WGC (D), DCF (E), DSF (F), DTF (G).
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the neighborhoods where the COVID-19 outbreak frequency was 
greater than 0.019 was assigned a value of 1, and the opposite was 
assigned a value of 0. Second, the assigned Outbreak Frequency was 
logistically regressed with the above four representative internal 
environmental factors, and the results showed a significance of 0.730. 
This was greater than the comparative value of 0.05, indicating that 
there was no significant difference between the predicted and true 
values and the model fit was good (42).

Next, the regression equation model was established using the 
best predictive elements. A total of four urban spatial environmental 
factors affecting the probability of events were selected. After the 
model had been tested and screened, the significance of HP and NH 
in the model was <0.05, which passed the significance test and was 
entered into the equation (Table  5). We  then concluded that the 

frequency of epidemic outbreaks in low-end neighborhoods was 
positively correlated with HP and the NH: the higher the HP and the 
larger the NH, the more frequent the epidemic outbreaks.

 (2) Correlation between COVID-19 outbreak frequency and the 
internal spatial environment in mid-end neighborhoods

First, the COVID-19 outbreak frequency was assigned to the 
middle-grade neighborhoods according to the dichotomous method, 
and the neighborhoods where the COVID-19 outbreak frequency was 
greater than 0.019 was assigned a value of 1, and the opposite was 
assigned a value of 0. Second, the assigned Outbreak Frequency was 
logistically regressed against the above four representative internal 
environmental factors, and the results showed a significance of 0.853. 
This is greater than the comparative value of 0.05, indicating that there 
was no significant difference between the predicted and true values 
and the model fit was good.

Next, the regression equation model was established using the 
best predictive elements. A total of four urban spatial environmental 
elements that affected the probability of events were selected. After the 
model had been tested and screened, the significance of the NH in the 
model was <0.05, which passed the significance test and was entered 
into the equation (Table  6). We  concluded that the frequency of 
epidemic outbreaks in mid-range neighborhoods was positively 
correlated with the NH: the more households, the more COVID-19 
outbreak frequency.

 (3) Correlation between COVID-19 outbreak frequency and the 
internal spatial environment in high-end neighborhoods

First, epidemic COVID-19 outbreak frequency was assigned to 
cluster 1 if it was greater than 0.019 and 0 if it was greater than 0.019. 
Second, the assigned COVID-19 outbreak frequency was logistically 
regressed against the above four representative internal environmental 
factors, and the results showed a significance of 0.036 (Table 7). As this 
is less than the comparative value of 0.05, we concluded that there was 
a significant difference between the predicted and true values and the 
model fit was poor. Therefore, there was no significant correlation 

FIGURE 5

The spatial distribution of the standardized residues (A), and the spatial autocorrelation (B).

TABLE 4 Final clustering centers.

Clustering

1 2 3

HP 54,892 81,800 107,399

BA 1991 1986 1986

NB 18 14 16

NH 1904 1,392 1,204

Distance

1 2 3

1 26912.940 52511.492

2 26912.940 25599.441

3 52511.492 25599.441

Case items

1 185.000

2 101.000

3 58.000

Effective 344.000

Missing 0.000
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between the COVID-19 outbreak frequency and the HP, BA, NB, and 
NH in high-end neighborhoods.

4 Discussion

4.1 Correlation of COVID-19 outbreak 
frequency and external spatial environment 
from the perspective of spatial justice

In regards to the correlation analysis between the COVID-19 
outbreak frequency and urban external spatial environment, GWR 
regression results indicated a significant correlation between the 
urban spatial environmental factors and COVID-19 outbreak 
frequency. Building density, volume ratio, density of commercial 
facilities, density of service facilities, and density of transportation 
facilities showed a positive correlation with COVID-19 outbreak 
frequency, as these factors can increase population mobility and 
contact opportunities, therefore increasing the risk of disease spread. 
Water and green coverage had a negative correlation with epidemic 
outbreaks, as they provided better air quality, reduced pollution, and 
the opportunity for disease spread.

From the perspective of spatial justice, these research results 
remind us of the need to consider principles of fairness and sustainable 
development in urban planning and development. Urban spatial 
environmental planning should strive to achieve a fair distribution of 
resources, ensuring that all residents can enjoy good living conditions 
and a healthy environment. For example, water and green coverage 
have a significant negative impact on epidemic outbreaks, so 
increasing water and green coverage in high-density building areas 
can improve air and environmental quality.

Studies have shown that urban green space planning is particularly 
important for inhibiting the spread and diffusion of epidemics in 
cities, and establishing an integrated green open space system can 
effectively improve urban environments, enhancing the ability of cities 
to respond to epidemics and climate natural disasters (43, 44). On the 

other hand, even with restrictions caused by epidemics, people’s 
demand for outdoor green spaces is still significant, and landscapes 
and plants can relieve users’ moods and have a positive effect on post-
illness recovery (45–47).

Compared with previous studies, this research focuses on the 
green and water coverage extracted from satellite imagery. While 
previous studies primarily relied on park greenery points of interest 
(POI) (48, 49), the findings of this study demonstrate that in addition 
to park green spaces, environmental factors such as road greening and 
community greening also have a positive effect on impeding the 
spread of epidemics. Therefore, attention should be given to spatial 
justice issues regarding green infrastructure, as well as the planning, 
design, and utilization of informal blue-green spaces outside of parks. 
By narrowing the inequalities in urban greening, it is possible to 
ensure equal opportunities for urban residents to enjoy green 
resources and establish a balanced, inclusive, hierarchically classified, 
highly accessible, and efficient blue-green space system (50).

Places where people gather in large numbers, such as commercial 
and service facilities, are more likely to promote the spread of COVID-
19, often becoming the first outbreak site, and leading to pandemics 
in other areas of the city due to population density (51, 52). Regions 
with high building density and floor area ratio also tend to create 
population density, and the higher the aggregation degree of urban 
space, the more likely it is to be  an enclosed space with poor 
ventilation, which promotes the spread of viruses (53, 54). The city’s 
vulnerability to various external shocks, especially sudden shocks, 
increases and urban safety risks become higher.

The spatial distribution of facility distribution and construction 
density in Beijing addressed in this study was highly uneven, resulting 
in a non-uniform spatial distribution of population. This not only 
affected the daily living experience of residents, but also had a 
significant adverse impact on epidemic prevention and control 
(55, 56).

In the central urban area within the second ring road of Beijing, 
the living style adopted a high-density hutong-like residential form. 
In this living style, the community had narrow roads and dense 

TABLE 5 Hosmer-Lemeshaw test and introduction of covariates in the model of low-end neighborhoods.

Card side Degree of freedom Significance

5.258 8 0.730

B Significance Significance

Enter the equation 

elements

HP 0.000*** 0.034
Not entered into the 

equation elements

BA 0.777

NB 0.000*** 0.037 NH 0.916

Constants 0.936

Note: *** represents significance level of 1% respectively.

TABLE 6 Hosmer-Lemeshaw test and Introduction of covariates in the model of mid-end neighborhoods.

Card side Degree of freedom Significance

4.043 8 0.853

B Significance Significance

Enter the equation 

elements

NB 0.001*** 0.035

Not entered into the 

equation elements

HP 0.718

BA 0.552

NH 0.543

Constants 0.555

Note: *** represents significance level of 1% respectively.
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housing, and there might be facilities with a high risk of transmission, 
such as shared kitchens and public toilets. This undoubtedly posed 
challenges to epidemic prevention and control. On the other hand, 
being a vast city, Beijing attracted a large number of migrants, and the 
number of migrants had been increasing year after year. Influenced by 
high housing prices, many migrants chose to rent housing, often in 
the form of shared apartments with multiple occupants. This led to the 
concentration of populations in relatively small living spaces, 
facilitating the spread of epidemics (57).

Furthermore, some studies have found that in the short term, 
epidemic occurrences and spread are often associated with large-scale 
commercial markets. These markets typically involved significant 
movements of people and goods (58–60). Particularly as the core city 
in the Beijing-Tianjin-Hebei urban agglomeration, large-scale 
commercial markets and transportation hubs in Beijing became 
centers for the dispersal of people and goods in the metropolitan area, 
resulting in a high frequency and rapid spread of epidemics over a 
wide area (61, 62). Therefore, it is important to pay attention to the 
popularization of public service facilities, fully consider the needs and 
accessibility of residents in the layout of facilities, reduce high-density 
urban development, and avoid the concentration of human flow. This 
can reduce the inequality of resources and services and improve the 
public welfare of residents.

4.2 Correlation of COVID-19 outbreak 
frequency and internal spatial environment 
from the perspective of spatial justice

According to the analysis of the correlation between the 
COVID-19 outbreak frequency and the internal spatial environment 
of cities, the COVID-19 outbreak frequency is significantly correlated 
with the internal environment of low-end and mid-end, while it is not 
significantly correlated with the internal environment of high-end. 
This may mean that there are some factors in the internal environment 
of low-end and mid-end that are not conducive to interrupting the 
transmission of diseases.

The key to understanding spatial justice is recognizing that the 
unequal distribution of spatial resources and services within cities can 
lead to inequality among social groups. In this case, low-end and 
mid-end may face a higher risk of epidemic outbreaks because they 
may not have access to the favorable internal environmental 
conditions found in high-end (63, 64). Research has shown that the 
age of community construction can affect the degree of spatial 
openness, with older communities being much more exposed than 
newly built ones. Characteristics such as the age, quality, property 
level, and spatial environment of a community can be  used to 
differentiate between different grades, and thus their correlation with 
the frequency of epidemic outbreaks may vary (65–67).

Many existing studies indicate that economic inequality between 
communities often leads to disparities in material spatial environment 
and access to public infrastructure and services, resulting in 
neighborhood deprivation. This phenomenon is manifested in 

communities of different races, ages, genders, and economic structures 
(68–72). Compared to other related studies focusing on the urban 
environmental impact of epidemics in developing countries and 
regions in Asia, Africa, and Latin America, this study chose Beijing, 
which is a relatively developed city, but still suffers from unbalanced 
urban space and community development. As a developing country’s 
city, research on Beijing could illustrate that income gaps among 
residents have caused spatial residential differentiation, resulting in 
differences in the spatial environment within and surrounding 
different income groups’ residential areas. This might even affect the 
resilience and robustness of different income groups to epidemics.

The COVID-19 outbreak frequency in low-end is positively 
correlated with housing prices and the number of households. This 
may be due to the fact that low-end are often located in remote areas, 
where the population consists mainly of low-income individuals who 
need to commute for longer distances. As the distance and commuting 
time increase while the housing prices decrease, the number of 
households and population density relative to the area may decrease, 
thus reducing the likelihood of residents getting infected and leading 
to lower outbreak frequencies. The COVID-19 outbreak frequency in 
medium-end is positively correlated with the number of households 
and population density. The more households there are within a 
neighborhood, the higher the population density becomes. Since the 
primary transmission pathways of COVID-19 are related to gatherings 
in households and various types of public spaces, an increase in the 
number of households leads to higher population mobility and 
frequency of gathering in public places, resulting in higher outbreak 
frequencies. On the other hand, the COVID-19 outbreak frequency 
in high-end showed no significant correlation with the internal 
environment, possibly due to stricter control measures and relatively 
well-equipped healthcare facilities, which effectively prevent and 
control the outbreak of epidemics.

The conclusions of this study can provide new insights for 
epidemic prevention and control in densely populated developing 
countries, including Beijing, China, and even in Asia. In order to 
achieve spatial justice, society should strive to address the inequality 
phenomena of income gaps and residential differentiation, and 
promote fair distribution of spatial environments. This includes 
providing sufficient medical resources and healthcare facilities, 
improving internal environmental conditions in low-income and 
middle-income communities, reducing the risk of disease outbreaks, 
and ensuring that all social groups have equal access to urban spatial 
resources and services.

5 Conclusion

This study used Geographically Weighted Regression, cluster 
analysis, Binomial Logistic Regression, and BP neural network to 
investigate the correlation between COVID-19 outbreak frequency 
and the internal and external spatial environment of cities. We drew 
the following conclusions.

Firstly, the results of the GWR showed that the COVID-19 
outbreak frequency was evidently correlated with the external spatial 
environment of the city. Elements of the urban external spatial 
environment, such as building density, volume ratio, density of 
commercial facilities, density of service facilities, and density of 
transportation facilities, were positively correlated with COVID-19 

TABLE 7 Hosmer-Lemeshaw test of high-end neighborhoods.

Card side Degree of freedom Significance

16.518 8 0.036
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outbreak frequency, while water and greenery coverage was negatively 
correlated with COVID-19 outbreak frequency.

Secondly, the correlation between the COVID-19 outbreak 
frequency and the internal spatial environmental elements of the 
neighborhood varied among different grades of neighborhoods. The 
COVID-19 outbreak frequency in low-end neighborhoods was 
significantly correlated with the internal spatial environmental factors, 
among which house price and the number of households were 
positively correlated with the COVID-19 outbreak frequency. The 
higher the house prices and the more households in low-end 
neighborhoods, the more frequent the epidemic outbreaks. The 
COVID-19 outbreak frequency in mid-end neighborhoods was 
significantly correlated with internal spatial environmental factors. 
The number of households in mid-end neighborhoods was positively 
correlated with the COVID-19 outbreak frequency. The larger the 
number of households, the more frequent the epidemic outbreaks. 
There was no significant correlation between the COVID-19 outbreak 
frequency in high-end neighborhoods and the internal spatial 
environmental elements of these neighborhoods.

Finally, to optimize urban spatial environment and reduce the 
spread of the COVID-19 pandemic, measures can be taken in terms 
of density, green spaces, public service facilities.

Density: Implement urban planning policies to promote balanced 
population density distribution and avoid overcrowding in certain areas. 
Encourage mixed land-use development to create diverse and well-
connected. Improve transportation infrastructure to reduce congestion 
and crowded public spaces. Promote remote work and flexible working 
hours to reduce commuting and crowded public transportation.

Green Spaces: Increase the availability and accessibility of green 
spaces, such as parks, gardens, and urban forests, in all. Enhance the 
maintenance and cleanliness of existing green spaces to encourage 
their utilization by residents. Promote rooftop gardens and vertical 
greenery to optimize limited urban space.

Public Service Facilities: Ensure equitable distribution of essential 
public service facilities, such as healthcare centers, hospitals, and 
testing centers, across all. Improve the capacity and efficiency of 
healthcare facilities to handle a surge in the number of cases. Enhance 
sanitation and hygiene infrastructure, including public restrooms and 
handwashing stations, especially in densely populated areas.

These measures can contribute to optimizing the urban spatial 
environment, reducing the transmission of the COVID-19 pandemic, 
and promoting more equitable and resilient urban communities.

Data availability statement

The raw data supporting the conclusions of this article will 
be made available by the authors, without undue reservation.

Author contributions

ZY: Conceptualization, Funding acquisition, Methodology, 
Writing – review & editing. JXL: Conceptualization, Formal analysis, 
Methodology, Software, Writing – original draft. YLi: 
Conceptualization, Funding acquisition, Methodology, Writing – 
review & editing. XWH: Data curation, Formal analysis, Investigation, 
Software, Writing – original draft. AZ: Data curation, Formal analysis, 
Investigation, Software, Writing – original draft. YLu: Data curation, 
Formal analysis, Investigation, Software, Writing – original draft. XZ: 
Formal analysis, Supervision, Writing – original draft. XYY: Formal 
analysis, Writing – original draft.

Funding

The author(s) declare financial support was received for the 
research, authorship, and/or publication of this article. This work was 
supported by the National Natural Science Foundation of China 
(grant nos. 52178002, 52008015, 51608021, and 82070320).

Conflict of interest

The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could 
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated organizations, 
or those of the publisher, the editors and the reviewers. Any product 
that may be evaluated in this article, or claim that may be made by its 
manufacturer, is not guaranteed or endorsed by the publisher.

References
 1. Faedda S, Plaisant A, Talu V, Tola G. The role of urban environment design on health 

during the Covid-19 pandemic: A scoping review. Front Public Health. (2022) 10:9. doi: 
10.3389/fpubh.2022.791656

 2. Fan PL, Chen JQ, Sarker T. Roles of economic development level and other human 
system factors in Covid-19 spread in the early stage of the pandemic. Sustainability. 
(2022) 14:15. doi: 10.3390/su14042342

 3. López-Gay A, Spijker J, Cole HVS, Marques AG, Triguero-Mas M, Anguelovski I, 
et al. Sociodemographic determinants of Intraurban variations in Covid-19 incidence: 
the case of Barcelona. J Epidemiol Community Health. (2022) 76:1–7. doi: 10.1136/
jech-2020-216325

 4. You HY, Wu X, Guo XX. Distribution of Covid-19 morbidity rate in association 
with social and economic factors in Wuhan, China: implications for urban 
development. Int J Environ Res Public Health. (2020) 17:14. doi: 10.3390/
ijerph17103417

 5. Widiawaty MA, Lam KC, Dede M, Asnawi NH. Spatial differentiation and 
determinants of Covid-19 in Indonesia. BMC Public Health. (2022) 22:16. doi: 10.1186/
s12889-022-13316-4

 6. Rendana M, Idris WMR, Rahim SA. Spatial distribution of Covid-19 cases, 
epidemic spread rate, spatial pattern, and its correlation with meteorological factors 
during the first to the second waves. J Infect Public Health. (2021) 14:1340–8. doi: 
10.1016/j.jiph.2021.07.010

 7. Truszkowska A, Fayed M, Wei SH, Zino L, Butail S, Caroppo E, et al. Urban 
determinants of Covid-19 spread: A comparative study across three cities in New York 
state. J Urban Health-Bulletin New York Academy Med. (2022) 99:909–21. doi: 10.1007/
s11524-022-00623-9

 8. Wang R, Liu LB, Wu H, Peng ZH. Correlation analysis between urban elements and 
Covid-19 transmission using social media data. Int J Environ Res Public Health. (2022) 19:17. 
doi: 10.3390/ijerph19095208

 9. Tabasi M, Alesheikh AA, Kalantari M, Mollalo A, Hatamiafkoueieh J. Spatio-
temporal modeling of Covid-19 spread in relation to urban land uses: an agent-based 
approach. Sustainability. (2023) 15:20. doi: 10.3390/su151813827

 10. Gaisie E, Oppong-Yeboaha NY, Cobbina PB. Geographies of infections: built 
environment and Covid-19 pandemic in metropolitan Melbourne. Sustain Cities Soc. 
(2022) 81:15. doi: 10.1016/j.scs.2022.103838

https://doi.org/10.3389/fpubh.2023.1287999
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.3389/fpubh.2022.791656
https://doi.org/10.3390/su14042342
https://doi.org/10.1136/jech-2020-216325
https://doi.org/10.1136/jech-2020-216325
https://doi.org/10.3390/ijerph17103417
https://doi.org/10.3390/ijerph17103417
https://doi.org/10.1186/s12889-022-13316-4
https://doi.org/10.1186/s12889-022-13316-4
https://doi.org/10.1016/j.jiph.2021.07.010
https://doi.org/10.1007/s11524-022-00623-9
https://doi.org/10.1007/s11524-022-00623-9
https://doi.org/10.3390/ijerph19095208
https://doi.org/10.3390/su151813827
https://doi.org/10.1016/j.scs.2022.103838


Yang et al. 10.3389/fpubh.2023.1287999

Frontiers in Public Health 13 frontiersin.org

 11. Jo Y, Hong A, Sung H. Density or connectivity: what are the Main causes of the 
spatial proliferation of Covid-19 in Korea? Int J Environ Res Public Health. (2021) 18:16. 
doi: 10.3390/ijerph18105084

 12. Hamurcu AU, Yilmaz M. Geostatistical assessment of the built environment and 
Spatio-temporal distribution patterns of Covid-19 cases in Istanbul. Turkiye Building 
Environ. (2023) 243:13. doi: 10.1016/j.buildenv.2023.110666

 13. Heredia NI, Machiorlatti M, Reininger BM, Robledo C. Factors associated with 
meeting physical activity guidelines during the Covid-19 pandemic. BMC Public Health. 
(2022) 22:8. doi: 10.1186/s12889-022-14613-8

 14. Rigolon A, Nemeth J, Anderson-Gregson B, Miller AR, Desouza P, Montague B, 
et al. The neighborhood built environment and Covid-19 hospitalizations. PloS One. 
(2023) 18:20. doi: 10.1371/journal.pone.0286119

 15. Zhang XM, Sun ZW, Ashcroft T, Dozier M, Ostrishko K, Krishan P, et al. Compact 
cities and the Covid-19 pandemic: systematic review of the associations between 
transmission of Covid-19 or other respiratory viruses and population density or other 
features of Neighbourhood design. Health Place. (2022) 76:102827. doi: 10.1016/j.
healthplace.2022.102827

 16. He HB, Shen YL, Jiang CM, Li TQ, Guo MQ, Yao L. Spatiotemporal big data for 
pm2.5 exposure and health risk assessment during Covid-19. Int J Environ Res Public 
Health. (2020) 17:19. doi: 10.3390/ijerph17207664

 17. Zhao F, Dai ZX, Zhang WY, Shan YT, Fu C. Epidemiological-survey-based 
multidimensional modeling for understanding daily mobility during the Covid-19 
pandemic across urban-rural gradient in the Chinese mainland. Geo-Spatial Info Sci. 
(2023) 26:603–15. doi: 10.1080/10095020.2022.2156821

 18. Hassan MS, Bhuiyan MAH, Tareq F, Bodrud-Doza M, Tanu SM, Rabbani KA. 
Relationship between Covid-19 infection rates and air pollution, geo-meteorological, 
and social parameters. Environ Monit Assess. (2021) 193:20. doi: 10.1007/
s10661-020-08810-4

 19. He YQ, Seminara PJ, Huang X, Yang D, Fang F, Song C. Geospatial modeling of 
health, socioeconomic, demographic, and environmental factors with Covid-19 
incidence rate in Arkansas. Us Isprs Int J Geo-Info. (2023) 12:32. doi: 10.3390/
ijgi12020045

 20. Xi W, Pei T, Liu QY, Song C, Liu YX, Chen X, et al. Quantifying the time-lag effects 
of human mobility on the Covid-19 transmission: A Multi-City study in China. Ieee 
Access. (2020) 8:216752–61. doi: 10.1109/ACCESS.2020.3038995

 21. Desmet K, Wacziarg R. Jue insight: understanding spatial variation in Covid-19 
across the United States. J Urban Econ. (2022) 127:103332. doi: 10.1016/j.jue.2021.103332

 22. Grekousis G, Lu Y, Wang R. Exploring the socioeconomic drivers of Covid-19 
mortality across various spatial regimes. Geogr J. (2022) 188:245–60. doi: 10.1111/
geoj.12436

 23. Grekousis G, Wang R, Liu Y. Mapping the Geodemographics of racial, economic, 
health, and Covid-19 deaths inequalities in the conterminous us. Appl Geogr. (2021) 
135:102558. doi: 10.1016/j.apgeog.2021.102558

 24. Kwok CYT, Wong MS, Chan KL, Kwan MP, Nichol JE, Liu CH, 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) 764:15. doi: 10.1016/j.
scitotenv.2020.144455

 25. 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) 850:13. doi: 
10.1016/j.scitotenv.2022.158056

 26. Schmitz T, Lakes T, Manafa G, Lambio C, Butler J, Roth A, et al. Exploration of the 
Covid-19 pandemic at the neighborhood level in an intra-urban setting. Front Public 
Health. (2023) 11:13. doi: 10.3389/fpubh.2023.1128452

 27. Xu Y, Guo CL, Yang JX, Yuan ZJ, Ho HC. Modelling impact of high-rise, high-
density built environment on Covid-19 risks: empirical results from A case study of two 
Chinese cities. Int J Environ Res Public Health. (2023) 20:15. doi: 10.3390/ijerph20021422

 28. Li HL, Yang BY, Wang LJ, Liao K, Sun N, Liu YC, et al. A Meta-analysis result: 
uneven influences of season, geo-spatial scale and latitude on relationship between 
meteorological factors and the Covid-19 transmission. Environ Res. (2022) 212:113297. 
doi: 10.1016/j.envres.2022.113297

 29. Liu XY, Huang JP, Li CY, Zhao YJ, Wang DF, Huang ZW, et al. The role of 
seasonality in the spread of Covid-19 pandemic. Environ Res. (2021) 195:110874. doi: 
10.1016/j.envres.2021.110874

 30. Yang XD, Li HL, Cao YE. Influence of meteorological factors on the Covid-19 
transmission with season and geographic location. Int J Environ Res Public Health. 
(2021) 18:484. doi: 10.3390/ijerph18020484

 31. Zhang Z, Xue T, Jin X. Effects of meteorological conditions and air pollution on 
Covid-19 transmission: evidence from 219 Chinese cities. Sci Total Environ. (2020) 
741:140244. doi: 10.1016/j.scitotenv.2020.140244

 32. Bashir MF, Ma B, Bilal K, Bashir MA, Tan D, Bashir M. Correlation between 
climate indicators and Covid-19 pandemic in New York. Usa Sci Total Environ. (2020) 
728:138835. doi: 10.1016/j.scitotenv.2020.138835

 33. Mollalo A, Vahedi B, Rivera KM. Gis-based spatial modeling of Covid-19 
incidence rate in the continental United States. Sci Total Environ. (2020) 728:8. doi: 
10.1016/j.scitotenv.2020.138884

 34. Grekousis G. Local fuzzy geographically weighted clustering: A new method for 
geodemographic segmentation. Int J Geogr Inf Sci. (2021) 35:152–74. doi: 
10.1080/13658816.2020.1808221

 35. Singleton AD, Spielman SE. The past, present, and future of geodemographic 
research in the United States and United Kingdom. Prof Geogr. (2014) 66:558–67. doi: 
10.1080/00330124.2013.848764

 36. De Haan J, Verheecke M, Van Calsteren K, Van Calster B, Shmakov RG, Gziri MM, 
et al. Oncological management and obstetric and neonatal outcomes for women 
diagnosed with Cancer during pregnancy: A 20-year international cohort study of 1170 
patients. Lancet Oncol. (2018) 19:337–46. doi: 10.1016/S1470-2045(18)30059-7

 37. López-Bueno R, López-Sánchez GF, Casajús JA, Calatayud J, Gil-Salmerón A, 
Grabovac I, et al. Health-related behaviors among school-aged children and adolescents 
during the Spanish Covid-19 confinement. Front Pediatr. (2020) 8:11. doi: 10.3389/
fped.2020.00573

 38. Grekousis G. Spatial analysis methods and practice: Describe – Explore – Explain 
through Gis. Cambridge: Cambridge University Press (2020).

 39. O’brien RM. A caution regarding rules of thumb for variance inflation factors. 
Qual Quant. (2007) 41:673–90. doi: 10.1007/s11135-006-9018-6

 40. Grekousis G, Feng Z, Marakakis I, Lu Y, Wang R. Ranking the importance of 
demographic, socioeconomic, and underlying health factors on us Covid-19 deaths: A 
geographical random Forest approach. Health Place. (2022) 74:102744. doi: 10.1016/j.
healthplace.2022.102744

 41. Sun F, Matthews SA, Yang T-C, Hu M-H. A spatial analysis of the Covid-19 period 
prevalence in U.S. counties through June 28, 2020: where geography matters? Ann 
Epidemiol. (2020) 52:54–9. doi: 10.1016/j.annepidem.2020.07.014

 42. Chowdhuri I, Pal SC, Chakrabortty R. Flood susceptibility mapping by ensemble 
evidential belief function and binomial logistic regression model on River Basin of 
eastern India. Adv Space Res. (2020) 65:1466–89. doi: 10.1016/j.asr.2019.12.003

 43. Marconi PL, Perelman PE, Salgado VG. Green in times of Covid-19: urban green 
space relevance during the Covid-19 pandemic in Buenos Aires City. Urban Ecosyst. 
(2022) 25:941–53. doi: 10.1007/s11252-022-01204-z

 44. Reinwald F, Haluza D, Pitha U, Stangl R. Urban green infrastructure and green 
open spaces: an issue of social fairness in times of Covid-19 crisis. Sustainability. (2021) 
13:9. doi: 10.3390/su131910606

 45. Ulset VS, Venter Z, Kozák M, Nordbo ECA, Von Soest T. Increased Nationwide 
use of green spaces in Norway during the Covid-19 pandemic. Environ Int. (2023) 180:9. 
doi: 10.1016/j.envint.2023.108190

 46. Wu YY, Wei YD, Liu MT, Garcia I. Green infrastructure inequality in the context 
of Covid-19: taking parks and trails as examples. Urban For Urban Green. (2023) 86:10. 
doi: 10.1016/j.ufug.2023.128027

 47. Zhu JY, Xu CY. Sina microblog sentiment in Beijing City parks as measure of 
demand for urban green space during the Covid-19. Urban For Urban Green. (2021) 
58:6. doi: 10.1016/j.ufug.2020.126913

 48. Johnson TF, Hordley LA, Greenwell MP, Evans LC. Associations between Covid-19 
transmission rates, park use, and landscape structure. Sci Total Environ. (2021) 789:11. 
doi: 10.1016/j.scitotenv.2021.148123

 49. Sung H, Kim WR, Oh J, Lee S, Lee PSH. Are all urban parks robust to the Covid-19 
pandemic? Focusing on type, functionality, and accessibility. Int J Environ Res Public 
Health. (2022) 19:15. doi: 10.3390/ijerph19106062

 50. Gao SQ, Zhai W, Fu XY. Green space justice amid Covid-19: unequal access to 
public green space across American neighborhoods. Front Public Health. (2023) 11:11. 
doi: 10.3389/fpubh.2023.1055720

 51. Alidadi M, Sharifi A, Murakami D. Tokyo's Covid-19: an urban perspective on 
factors influencing infection rates in A Global City. Sustain Cities Soc. (2023) 97:12. doi: 
10.1016/j.scs.2023.104743

 52. Kuschel K, Carrasco R, Idrovo-Aguirre BJ, Duran C, Contreras-Reyes JE. 
Preparing cities for future pandemics: unraveling the influence of urban and housing 
variables on Covid-19 incidence in Santiago De Chile. Dent Health. (2023) 11:14. doi: 
10.3390/healthcare11162259

 53. Alfaro T, Martinez-Folgar K, Vives A, Bilal U. Excess mortality during the 
Covid-19 pandemic in cities of Chile: magnitude, inequalities, and urban determinants. 
J Urban Health-Bulletin New  York Academy Med. (2022) 99:922–35. doi: 10.1007/
s11524-022-00658-y

 54. Li X, Zhou L, Jia T, Peng R, Fu XW, Zou YL. Associating Covid-19 severity 
with urban factors: A case study of Wuhan. Int J Environ Res Public Health. (2020) 
17:20. doi: 10.3390/ijerph17186712

 55. Coskun H, Yildirim N, Gündüz S. The spread of Covid-19 virus through 
population density and wind in Turkey cities. Sci Total Environ. (2021) 751:6. doi: 
10.1016/j.scitotenv.2020.141663

 56. Tong H, Li MX, Kang J. Relationships between building attributes and Covid-19 
infection in London. Build Environ. (2022) 225:9. doi: 10.1016/j.buildenv.2022.109581

 57. Dong Y, Wang SY, Lin AP, Wang F. Vulnerable or resilient? The response of 
informal settlements to Covid-19: the case of Urban Village communities in Beijing. 
Indoor And Built Environ. (2022) 32:2050–63. doi: 10.1177/1420326X221125860

https://doi.org/10.3389/fpubh.2023.1287999
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.3390/ijerph18105084
https://doi.org/10.1016/j.buildenv.2023.110666
https://doi.org/10.1186/s12889-022-14613-8
https://doi.org/10.1371/journal.pone.0286119
https://doi.org/10.1016/j.healthplace.2022.102827
https://doi.org/10.1016/j.healthplace.2022.102827
https://doi.org/10.3390/ijerph17207664
https://doi.org/10.1080/10095020.2022.2156821
https://doi.org/10.1007/s10661-020-08810-4
https://doi.org/10.1007/s10661-020-08810-4
https://doi.org/10.3390/ijgi12020045
https://doi.org/10.3390/ijgi12020045
https://doi.org/10.1109/ACCESS.2020.3038995
https://doi.org/10.1016/j.jue.2021.103332
https://doi.org/10.1111/geoj.12436
https://doi.org/10.1111/geoj.12436
https://doi.org/10.1016/j.apgeog.2021.102558
https://doi.org/10.1016/j.scitotenv.2020.144455
https://doi.org/10.1016/j.scitotenv.2020.144455
https://doi.org/10.1016/j.scitotenv.2022.158056
https://doi.org/10.3389/fpubh.2023.1128452
https://doi.org/10.3390/ijerph20021422
https://doi.org/10.1016/j.envres.2022.113297
https://doi.org/10.1016/j.envres.2021.110874
https://doi.org/10.3390/ijerph18020484
https://doi.org/10.1016/j.scitotenv.2020.140244
https://doi.org/10.1016/j.scitotenv.2020.138835
https://doi.org/10.1016/j.scitotenv.2020.138884
https://doi.org/10.1080/13658816.2020.1808221
https://doi.org/10.1080/00330124.2013.848764
https://doi.org/10.1016/S1470-2045(18)30059-7
https://doi.org/10.3389/fped.2020.00573
https://doi.org/10.3389/fped.2020.00573
https://doi.org/10.1007/s11135-006-9018-6
https://doi.org/10.1016/j.healthplace.2022.102744
https://doi.org/10.1016/j.healthplace.2022.102744
https://doi.org/10.1016/j.annepidem.2020.07.014
https://doi.org/10.1016/j.asr.2019.12.003
https://doi.org/10.1007/s11252-022-01204-z
https://doi.org/10.3390/su131910606
https://doi.org/10.1016/j.envint.2023.108190
https://doi.org/10.1016/j.ufug.2023.128027
https://doi.org/10.1016/j.ufug.2020.126913
https://doi.org/10.1016/j.scitotenv.2021.148123
https://doi.org/10.3390/ijerph19106062
https://doi.org/10.3389/fpubh.2023.1055720
https://doi.org/10.1016/j.scs.2023.104743
https://doi.org/10.3390/healthcare11162259
https://doi.org/10.1007/s11524-022-00658-y
https://doi.org/10.1007/s11524-022-00658-y
https://doi.org/10.3390/ijerph17186712
https://doi.org/10.1016/j.scitotenv.2020.141663
https://doi.org/10.1016/j.buildenv.2022.109581
https://doi.org/10.1177/1420326X221125860


Yang et al. 10.3389/fpubh.2023.1287999

Frontiers in Public Health 14 frontiersin.org

 58. Chen HQ, Shi LY, Zhang YY, Wang XH, Sun G. The re-emergence from the 
Covid-19 epidemic of Beijing Xinfadi market. Medicine. (2021) 100:e26718. doi: 
10.1097/MD.0000000000026718

 59. Han Y, Yang L, Jia K, Li J, Feng SY, Chen W, et al. Spatial distribution characteristics 
of the Covid-19 pandemic in Beijing and its relationship with environmental factors. Sci 
Total Environ. (2021) 761:144257. doi: 10.1016/j.scitotenv.2020.144257

 60. Wang XY, Zhang YQ, Cai LW. Spatiotemporal characteristics of the Covid-19 
resurgence in the metropolitan wholesale market of Beijing, China. J Travel Med. (2021) 
28:taab008. doi: 10.1093/jtm/taab008

 61. Huang DH, Wen FH, Li SR. Addressing external shock in urban agglomeration: 
implications from the transmission pattern of Covid-19 in the Beijing-Tianjin-Hebei 
area. Front Public Health. (2022) 10:10. doi: 10.3389/fpubh.2022.870214

 62. Zhang YP, Zhang JJ, Wang K, Wu X. An empirical perception of economic 
resilience responded to the Covid-19 epidemic outbreak in Beijing-Tianjin-Hebei urban 
agglomeration, China: characterization and interaction. Int J Environ Res Public Health. 
(2021) 18:10532. doi: 10.3390/ijerph181910532

 63. Nogueira MC, Leite ICG, Teixeira MTB, Vieira MD, Colugnati FAB. Covid-19's 
intra-urban inequalities and social vulnerability in A medium-Sized City. Rev Soc Bras 
Med Trop. (2022) 55:10. doi: 10.1590/0037-8682-0445-2021

 64. Sahasranaman A, Jensen HJ. Spread of Covid-19 in urban Neighbourhoods and 
slums of the developing world. J R Soc Interface. (2021) 18:9. doi: 10.1098/rsif.2020.0599

 65. Dubey S, Sahoo KC, Dash GC, Sahay MR, Mahapatra P, Bhattacharya D, et al. 
Housing-related challenges during Covid-19 pandemic among urban poor in low- and 
middle-income countries: A systematic review and gap analysis. Front Public Health. 
(2022) 10:10. doi: 10.3389/fpubh.2022.1029394

 66. Marcus SM, Marcus TS. Infrastructural inequality and household Covid-19 
vulnerability in A south African urban settlement. J Urban Health-Bulletin New York 
Academy Med. (2022) 99:571–81. doi: 10.1007/s11524-022-00625-7

 67. Von Seidlein L, Alabaster G, Deen J, Knudsen J. Crowding has consequences: 
prevention and management of Covid-19 in informal urban settlements. Build Environ. 
(2021) 188:9. doi: 10.1016/j.buildenv.2020.107472

 68. Jannot AS, Countouris H, Van Straaten A, Burgun A, Katsahian S, Rance B, et al. 
Low-income Neighbourhood was A key determinant of severe Covid-19 incidence 
during the first wave of the epidemic in Paris. J Epidemiol Community Health. (2021) 
75:1143–6. doi: 10.1136/jech-2020-216068

 69. Ma L, Huang Y, Liu T. Unequal impact of the Covid-19 pandemic on mental 
health: role of the neighborhood environment. Sustain Cities Soc. (2022) 87:11. doi: 
10.1016/j.scs.2022.104162

 70. Okubo R, Yoshioka T, Nakaya T, Hanibuchi T, Okano H, Ikezawa S, et al. 
Urbanization level and neighborhood deprivation, not Covid-19 case numbers by 
residence area, are associated with severe psychological distress and new-onset suicidal 
ideation during the Covid-19 pandemic. J Affect Disord. (2021) 287:89–95. doi: 
10.1016/j.jad.2021.03.028

 71. Saffary T, Adegboye OA, Gayawan E, Elfaki F, Kuddus MA, Saffary R. Analysis of 
Covid-19 Cases' spatial dependence in us counties reveals health inequalities. Front 
Public Health. (2020) 8:10. doi: 10.3389/fpubh.2020.579190

 72. Silva L, Bezzo FB, Van Ham M. Covid-19 restrictions: an opportunity to 
highlight the effect of Neighbourhood deprivation on Individuals' health-related 
Behaviours. Soc Sci Med. (2023) 325:12. doi: 10.1016/j.socscimed.2023. 
115917

https://doi.org/10.3389/fpubh.2023.1287999
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1097/MD.0000000000026718
https://doi.org/10.1016/j.scitotenv.2020.144257
https://doi.org/10.1093/jtm/taab008
https://doi.org/10.3389/fpubh.2022.870214
https://doi.org/10.3390/ijerph181910532
https://doi.org/10.1590/0037-8682-0445-2021
https://doi.org/10.1098/rsif.2020.0599
https://doi.org/10.3389/fpubh.2022.1029394
https://doi.org/10.1007/s11524-022-00625-7
https://doi.org/10.1016/j.buildenv.2020.107472
https://doi.org/10.1136/jech-2020-216068
https://doi.org/10.1016/j.scs.2022.104162
https://doi.org/10.1016/j.jad.2021.03.028
https://doi.org/10.3389/fpubh.2020.579190
https://doi.org/10.1016/j.socscimed.2023.115917
https://doi.org/10.1016/j.socscimed.2023.115917

	The impact of urban spatial environment on COVID-19: a case study in Beijing
	1 Introduction
	2 Materials and methods
	2.1 Selection of indicators
	2.2 Data sources
	2.3 Evaluation methodology
	2.3.1 Geographically weighted regression
	2.3.2 Cluster analysis
	2.3.3 Binomial logistic regression

	3 Results and analysis
	3.1 Correlation analysis of COVID-19 outbreak frequency and external spatial environment
	3.1.1 Analysis of urban spatial environmental characteristics
	3.1.2 Analysis of spatial characteristics of COVID-19 outbreak frequency
	3.1.3 Geographically weighted regression analysis of COVID-19 outbreak frequency and external spatial environment
	3.2 Correlation analysis of COVID-19 outbreak frequency and internal spatial environment
	3.2.1 Cluster analysis
	3.2.2 Correlation analysis of COVID-19 outbreak frequency and internal spatial environment

	4 Discussion
	4.1 Correlation of COVID-19 outbreak frequency and external spatial environment from the perspective of spatial justice
	4.2 Correlation of COVID-19 outbreak frequency and internal spatial environment from the perspective of spatial justice

	5 Conclusion
	Data availability statement
	Author contributions

	 References

