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A B S T R A C T   

Since 2019, COVID-19 has triggered a renewed investigation of the urban environment and 
disease outbreak. While the results have been inconsistent, it has been observed that the quantity 
of urban green spaces (UGS) is correlated with the risk of COVID-19. However, the spatial pattern 
has largely been ignored, especially on the community scale. In high-density communities where 
it is difficult to increase UGS quantity, UGS spatial pattern could be a crucial predictive variable. 
Thus, this study investigated the relative contribution of quantity and spatial patterns of UGS on 
COVID-19 risk at the community scale using a random forest (RF) regression model based on (n =
44) communities in Wuhan. Findings suggested that 8 UGS indicators can explain 35% of the risk 
of COVID-19, and the four spatial pattern metrics that contributed most were core, edge, loop, 
and branch whereas UGS quantity contributed least. The potential mechanisms between UGS and 
COVID-19 are discussed, including the influence of UGS on residents’ social distance and envi-
ronmental factors in the community. This study offers a new perspective on optimizing UGS for 
public health and sustainable city design to combat pandemics and inspire future research on the 
specific relationship between UGS spatial patterns and pandemics and therefore help establish 
mechanisms of UGS and pandemics.   

1. Introduction 

The emergence of coronavirus disease in 2019 (COVID-19) spread rapidly around the world, causing over 14.91 million excess 
mortalities from January 2020 to December 2021 [1]. Excess mortalities refer to the difference between actual death and the deaths 
estimated without COVID-19, encompassing both COVID-19 related and indirectly related death [1]. In addition to vaccine, 
Non-pharmaceutical interventions (NPIs), including protective measures and restrictions, have shown effectiveness against COVID-19 
[2,3]. However, the economic losses [4] and the psychological consequences [5] of NPIs have limited their long-term use as preventive 
measures against pandemics. 

Consequently, the urban built environment, which provides settings for human activity, has gained significant attention for its 
potential role in controlling transmission during a pandemic [6,7]. Among the crucial components of the urban environment, urban 
green spaces (UGS) play a vital role in promoting public health. UGS, defined as “A wide range of publicly areas that feature natural 
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vegetation, including grass, plants, or trees. These spaces may include built environmental features, such as urban parks, as well as less 
managed areas such as woodland and nature reserves [8,9].”, have been demonstrated to be beneficial for public health. The health 
benefits of UGS includes reducing mortality [10], promoting physical activity [11], alleviating mental stress [12], enhancing mental 
health and social cohesion [13,14]. Studies also indicated that exposure to and experience in UGS contribute to individuals’ long-term 
health effects, potentially strengthening individual’s immune system to fight pandemic infection [15,16]. Furthermore, research has 
revealed a correlation between UGS and pandemics, like the incidence of dysentery tuberculosis and malaria [17] and even COVID-19 
[18]. However, most research investigating the relationship with pandemics has primarily focused on assessing the quantity of UGS 
while overlooking its spatial pattern. Additionally, to our knowledge, no research has explored the relative contribution of various UGS 
variables to COVID-19, which constitutes the primary focus of this study. 

2. Literature review 

2.1. The built environment and COVID-19 

The built environment encompasses human-made infrastructure and structure, including transportation, UGS, and other public 
spaces. Several significant pandemics throughout history have promoted modifications in the urban environment to mitigate their 
transmission [7,19,20]. Examples include the adjusting street patterns following the plague of Athens, developing sewage systems in 
response to cholera and typhoid fever, and constructing public parks after tuberculosis [7,21,22]. These adjustments in the planning 
and design of the built environment have been implemented as intervention measures to mitigate the spread of epidemics and have 
played a crucial role [7,22]. However, with effective medical response and decline in wide-spread pandemics, the concern of urban 
planner has turned to non-communicable or chronic disease for the past two decades [19]. However, the rapid and severe outbreak of 
COVID-19 in 2019 renewed the investigation of urban environments and disease transmission. A review of 166 papers indicated that 
various urban built environment indicators were significantly associated with the risk of COVID-19 [23], including land-use mixture 
[24–26], commercial land density and facilities [27–29], hospital density [27,30,31], transportation density and accessibility to public 
transit [24,32], building density, community floor area ratio, absolute fold of community living circle [33–35], and availability of UGS 
[18,31,36]. Moreover, built environment indicators correlated with COVID-19 transmission varied at different stages of transmission 
and spatial scopes [29]. More research is needed to explore the relationship between the built environment and COVID-19 risk from 
different perspectives to inform future urban planning efforts in pandemic control. 

2.2. The urban green spaces and COVID-19 

The relationships between quantity iindicators of UGS and the risk of pandemics has been examined broadly. Quantity indicators of 
UGS include normalized difference vegetation index (NDVI), UGS area (size), UGS coverage, three-dimensional green space, and so on. 
For example, NDVI [18,36], country-level annual population-weighted vegetation [37], and county-scale total UGS area and forest 
[38] in the United States, city-scale NDVI in China [39], UGS coverage (the ratio of UGS area to total area) at the district scale in South 
Korea [40] and county-scale of the United States [41,42], the ratio of green-blue areas at the county-scale in Poland [43] and street 
greenness [25] were negatively related to COVID-19 infection. On the other hand, natural area coverage (the ratio of natural area to 
total area) in India [44], public UGS density in Wuhan, China [30], UGS density in Hong Kong [24], and higher Visible Green Index 
calculated from street view image [45] showed a positive correlation with COVID-19 cases. The inconsistent relationships between 
quantity indicators and COVID-19 infections varied may be attributed to factors such as the research scale, geographic location, and 
the stage of the COVID-19. 

The spatial pattern of UGS may be another reason for the inconsistent relationships between UGS and COVID-19. The spatial 
pattern of UGS refers to the internal arrangement and spatial characteristics of UGS, such as shape, aggregation, fragmentation, 
connectivity, and dispersions. Understanding these spatial pattern metrics enable us to understand their influences on the surrounding 
environment, such as temperature, humidity, and particulate matter. These factors, in turn, can affect the survival time of COVID-19 
virus and transmission risk within the built environment [46,47]. Studies have shown that connected and aggregated green spaces 
exhibit a stronger relationship with temperature and PM2.5 reduction [48,49]. Some studies indicate when UGS is small and continuous 
rather than fragmented, park usage is associated with reduced residual case rates [50]. On the other hand, highly connected public 
UGS has been shown to correlate with high risk of infection transmission [51]. Although the results are inconsistent, these studies 
underscore the importance of considering UGS spatial pattern in relation to COVID-19 risk. Moreover, given the challenges of 
increasing the quantity of UGS in densely populated cities, optimizing UGS from perspective of spatial pattern can provide a feasible 
alternative solution. However, studies exploring the associations between UGS spatial patterns and COVID-19 risk remain limited. 

Currently, spatial pattern indexes used to examine influence on COVID-19 are typically calculated using Fragstats software, which 
is called landscape pattern metrics. For instance, metrics like connectively (CONTAG) and the dispersion of UGS (Interspersion and 
Juxtaposition index) have shown high explanatory power for the number of COVID-19 cases and the rate of increase of COVID-19 cases 
[52]. However, Fragstats can only provide quantitative values of UGS spatial pattern and cannot visualize the spatial location of UGS. 
Therefore, even with results of specific influence of UGS spatial patterns on COVID-19, proposing an effective approach optimizing 
UGS morphology and mitigate the risk of pandemic is challenging. Morphological spatial pattern analysis (MSPA), an 
image-processing method that uses mathematical morphology concepts, can improve the prior standard 
landscape-configuration-metrics-based pattern analysis based on Fragstats [53,54]. 

MSPA can identify the characteristics of hubs, corridors, and boundaries through a series of mathematical morphology operators 
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and image-processing techniques. This analysis enables the assessment and optimization of UGS by categorizing them into seven 
mutually exclusive classes, providing a visual representation of their spatial distribution attributes and corresponding physical 
environmental implications at the pixel level [54]. MSPA has garnered attentions across different spatial scales and objectives, 
including its associations with urban heat, atmospheric PM levels and air pollution concentration [49,55,56]. Moreover, MSPA has 
been effectively utilized in assessing land use and environmental conditions. For example, Lin et al. [57]created an assessment 
framework based on MSPA to improve protected areas. Wickham et al. [58], conducted a national assessment of green infrastructure 
and its changes in the United States. These findings provide valuable insights for mitigating urban heat and PM2.5 pollution, as well as 
facilitating land use planning and UGS management, particularly in situations where increasing UGS quantity is constrained. 

2.3. Methods to explore the potential factors of COVID-19 

Typically, existing studies adopt Pearson or Spearman correlation models to probe the link between COVID-19 risk and variables 
related to demographic, socioeconomic factors, and the built environment. Additionally, geographically weighted regression models 
[59], negative bivariate generalized linear mixed models [40], ridge regression models [37], and ANOVA-based geographic detector 
models [60] have been applied to examine the association between potential variables and COVID-19 risk. However, these traditional 
methods require data to follow certain rules, such as a normal distribution and no collinearity between independent variables. In some 
cases, fine-grained disease data cannot meet these requirements. In this vein, machine learning, like random forest (RF) models, may 
provide a solution. RF models can handle complex nonlinear relationships and intercorrelations between input variables. Further, 
existing studies showed that RF regression models improved the accuracy of model prediction compared to traditional methods and 
can be used for classification and regression [61]. Importantly, RF models can measure variables’ importance through permutation 
[62]. RF regression models have been employed to examine the relative contribution of various built environmental indicators on land 
surface temperature [63], PM2.5 variations [61], and carbon emissions [64]. Therefore, an RF model can be adopted to investigate the 
significance of different UGS indicators and compare the contribution of UGS spatial pattern and quantity. 

Most existing research has concentrated on exploring the correlation between the COVID-19 and UGS quantity metrics. UGS spatial 
pattern metrics have largely been ignored. In addition, UGS needs to be optimized from a new perspective in post-pandemic era, 
considering that there is little space for increasing UGS quantity in most of nowadays high-density communities. As for research unit, 
existing studies investigating the effects of UGS on COVID-19 are mainly based on region, city, and county scale, with limited attention 
at the community scale. However, the community is the place where residents are most exposed daily, and the physical environment of 
the community may affect residents’ behavior and the spread of pandemics. Further, impacts of UGS on COVID-19 risk in different 
areas at larger, aggregated scales are complex and even opposite which could be attributed to ecological fallacy, thus more studies at 
the granular community scale are needed to enrich the research on the mechanism of UGS effects on pandemics. 

Given the aforementioned gaps, this study aims to probe the relative importance of the UGS quantity and spatial pattern metrics of 
community-scale UGS on the risk of COVID-19 by applying a RF regression model. We hypothesize that UGS coverage at the com-
munity scale based on a RF model is a stronger predictor than some of the MSPA classes. Based on findings from this research, the 
possible mechanisms between UGS and the risk of causing COVID-19 will be discussed. As far as we know, MSPA is adopted for the first 
time to examine the influence of UGS spatial pattern on public health. This study can provide additional evidence regarding the health 
benefits of UGS, new potential metrics to explore the relationship between UGS and pandemics and new UGS optimizing perspective 
for healthy city planning guidelines to cope pandemic. This paper is organized as follows. Section 1. “Introduction” provides the 
background of COVID-19 and its relationship with UGS. Section 2. “Literature review” synthesized existing studies. Section3. In-
troduces the methodology used to build the models, including the research site, sample selection, data collection and calculation of 
variables, and model setting. Section4. Describes the results of variable calculation and RF model. Section 5. and 6. Present the dis-
cussions and conclusions. 

3. Methodology 

3.1. Research site overview 

Prior to March 2020, Wuhan suffered the most severe impact of COVID-19 in comparison to other cities worldwide. Its mega-city 
attributes and well-developed transportation accelerated the spread of this disease. Wuhan is located on the plain in the middle and 
lower reaches of Yangtze River, situated in the eastern region of Hubei Province, China. It comprises the main urban area and new 
town, with the main urban area consisting of three towns, namely Hankou (Jianghan district, Jiangan district, and Qiaokou district), 
Hanyang (Hanyang district), and Wuchang (Wuchang district, Hongshan district and Qingshan district), covering a total of seven 
administrative districts. According to the seventh National Population Census of Wuhan, as of November 1, 2020, the city’s permanent 
population is 12, 326, 518. By December 1, 2020, the overall count of confirmed COVID-19 cases in Hankou comprised 49% of the 
affected population in central urban area and 37% of the total affected population in the city. One initial epicenters of COVID-19 in 
Wuhan, Huanan Seafood Market, is centrally located in Hankou with a complex and diverse range of surrounding buildings and land 
use types. This research specifically focused on the community scale in Hankou. 

3.2. Sample community selection 

The presence of rivers and water systems can influence the flow of energy and materials, resulting in variation in population density 
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and economic development among the three towns of Wuhan, which are separated by the Yangtze and Han River. For this study, the 
focus is Hankou, where the initial epicenter of COVID-19 (Huanan Seafood Market) is located. Infectious disease outbreaks generally 
exhibit significant morphological and temporal aggregation. Since COVID-19 has not been found to spread by banding factors such as 
rivers, a buffer zone was used to delimit the research area. Specifically, this study targeted communities located within a 3.5 km radius 
buffer zone centered on the Huanan Seafood Market, since the buffer zone exceeding 3.5 km in radius would have extended beyond the 
administrative district of Hankou. Moreover, considering that COVID-19 is characterized by aggregated outbreaks, with more than one 
confirmed case or asymptomatic infected individual identified within a small area over 14 days [65], interpersonal transmission 
through close contact likely plays a significant role in the spread of the pandemic. Accordingly, communities with less than two cases of 
COVID-19 were excluded. Furthermore, through on-site investigation, communities that belong to staff dormitories, as well as those 
with blurred boundaries and limited UGS that were unsuitable for MSPA analysis were excluded from the study. Ultimately, a total of 
44 sample communities in this study were obtained (Fig. 1). 

3.3. Prevalence rate of COVID-19 

Prevalence rate, which is the number of cases per 100,000 people, has commonly been adopted as an indicator of COVID-19 risk in 
previous studies at various scales, such as administrative, urban, and national scales [38,40,66]. Other studies have utilized different 
indicators to assess COVID-19 prevalence risk, including the number of cases [31,41,50], the ratio of confirmed cases and total 
population in research unit [36], and the degree of population aggregation [33]. As the community population is usually smaller than 
100,000, it is improper to use the widely adopted prevalence rate of COVID-19. Additionally, the number of COVID-19 cases tends to 
ignore the impact of the total community population on pandemic risk. Therefore, the ratio of confirmed cases and total population in a 
research unit is a better proxy for COVID-19 risk. However, fine-grained total population in the community are generally not available 
and total number household in community that can be an alternative. Thus, for this study, the risk of COVID-19 was defined as the ratio 
of COVID-19 cases to the total number of households within the community. 

The data for calculating COVID-19 prevalence rate were extracted from the Community Infection Count Checker website (http:// 
2019ncov.com/) provided by China [33]. The data for this website is sourced from local health commissions and also accepts voluntary 
feedback. The website was launched on February 7, 2020, and discontinued 17 days later on February 24. The number of households in 
the sampled communities was extracted from the China Community Network and Lianjiang Real Estate (https://wh.lianjia.com/). 

Fig. 1. Location of research site and sample communities.  
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Both of these data sources have been previously utilized in previous academic research [33,67,68]. 

3.4. Green spaces variables and calculation 

In this study, we adopted green spaces coverage to assess the quantity of UGS. Specifically, green spaces coverage is the ratio of 
extracted green space area to the total area of the community. Indicators of spatial patterns of UGS in this study were calculated using 
MSPA. 

The scope of each community was obtained from Baidu Maps, and on-site field investigation was conducted to ensure community 
boundaries and extract UGS. High-resolution remote sensing images (0.26 m) from Google Earth were downloaded on December 26, 
2019, and processed using ArcGIS 10.2 to map UGS. The area of UGS in each community was then obtained. Before performing MSPA, 
the extracted UGS was reclassified as foreground (assigned a value of 2) and other lands as background (assigned a value of 1). The 
binary raster image data in TIFF format was obtained and imported into GuidosToolbox software to conduct MSPA (Fig. 2). Through 
image processing procedures, UGS in the research unit was classified into seven non-overlapped morphological classes. The seven 
MSPA classes were UGS patches of varying shapes and sizes (Table 1 and Fig. 3 a, b). The structural elements and edge width were two 
main parameters affecting the MSAP results. As for structural elements, adopting eight neighborhoods (four neighborhoods) means 
that the foreground pixel calculated was merged with the surrounding eight (four) pixels. Similar to other research [48,69], eight 
neighborhood were adopted for structural elements. The edge width determined the condition of how well the MSPA results reflected 
the UGS actual condition. Specifically, as the edge width increased, the minimum core size increased, and the number of core patches 
decreased, which could convert a small core UGS class to an islet. To maximize the actual picture of UGS in all communities with 
different sizes, an edge width value of 11 was adopted to gain more detailed information on the UGS spatial pattern. With Equation (1), 
the proportion of each MSPA class in each community was calculated as the UGS spatial metrics. 

MSPAi = Si / S (i= 1, 2,…, 7) (1)  

Where MSPAi refers to the proportion of each MSPA class including core, islet, …perforation (%); Si refers to the area of each MSPA 
class (m2); and S means the area of each community (m2). 

3.5. Variable importance via random forest 

The intricate relationship between COVID-19 prevalence and various UGS variables, along with the intercorrelation between seven 
MSPA classes, rendered traditional statistical models unsuitable. However, RF models have been shown good performance in small 
sample size analysis when compared with other machine learning models and traditional regression models [70]. Therefore, given the 
small sample size of 44 communities, this study adopted an RF model to investigate the relative importance of varied UGS indicators on 
the COVID-19 prevalence. Specifically, UGS coverage and 7 MSPA classes were regarded as explanatory variables respectively and the 
prevalence rate of COVID-19 served as the dependent variable. 

The RF model, proposed by Leo Breiman [62], is an integrated algorithm based on a decision tree. It employs bootstrap resampling 
to randomly and repeatedly select n samples from the initial training set, establishing n decision trees. This process introduces 
randomness to the split samples and variables, enhancing the independence between trees and reducing the likelihood of model 
overfitting. As for RF model building, the number of decision trees (ntree) and the number of variables used per tree (mtry) are two 
essential hyperparameters. Using the optimal hyperparameters that significantly affect the performance of the model can maximize the 
accuracy of the model [71]. The model’s root mean squared error (RMSE), representing the average difference between the observed 
dependent variables and predicted values, was used as the metric to evaluate the model’s performance. The lower RMSE, the higher 
accuracy of the model. To determine the best ntree and mtry, cross-validation was performed to assess the accuracy of the RF model by 
testing different combinations of these hyperparameters. Take the 10-fold cross-validation as an example, the input data can be 
partitioned into ten subsets, and the RF model calculates the RMSE when each subset is used as the testing data. The final RMSE is 
obtained by averaging the ten RMSE values from each calculation. Subsequently, the ntree and mtry values of the model with the 

Fig. 2. Example of seven morphological patterns (Data source [54]).  
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lowest final RMSE are selected to build the final RF model and determine the relative importance of the various factors. Based on 
cross-validation, methods such as Grid search, Bayesian optimization, various packages in R studio, and professional experience can 
help obtain the best hyperparameters [71,72]. 

In this research, the “ParamHelpers” package was adopted to adjust a hyperparameter and a 10-fold cross-validation was performed 
to validate the selected hyperparameter. The performance of model was evaluated using “% var explained”, which is similar to the 
coefficient of determination R2 of traditional regression mode. The best model, with the lowest RMSE and highest “% var explained” 
was selected. The relative influence of the independent variables was measured by the reduction in mean square residuals based on 
random permutations (%IncMSE) or the reduction in model precision (Inc Nodularity). This research used %IncMSE to measure the 
importance of the independent variables since it is the most widely adopted metric, with a higher %IncMSE iindicating a more pre-
dictive variable. 

The RF analysis was conducted in R 4.1.2 using the “RandomForest” package for model building. To assess the significance of each 

Table 1 
Ecological definition of seven morphological patterns.  

MSPA 
classes 

Definition 

Core Large green patches, like community center parks, large group green space 
Islet Small, fragmented, relatively low-connected green patches, like pocket parks, rooftop gardens, and green spaces next to houses 
Perforation The internal boundary of the core area with edge effect, like impervious area for entertainment in large green spaces in communities 
Edge External boundary of the core area with edge effects, which can protect the ecological stability within the core, like the green belt at the edge of the 

community center park 
Loop Internal corridors within the core create shortcuts for species migration and strengthen the energy flow in the core, like the edge of the impervious 

area in the green space 
Bridge Connected to the core area, which is a corridor for material and energy exchange between patches, like the green belt of roads and ribbon green 

space within the community 
Branch Remnant areas of green space that are linked to the core on only one side, like the green belt of the road  

Fig. 3. Example of initial Google image (a) and MSPA result (b) of sample community 28.  

Fig. 4. The prevalence rate of COVID-19 among sample communities.  

W. Li et al.                                                                                                                                                                                                              



Heliyon 9 (2023) e19773

7

independent variable on the dependent variable, the “permute” package was adopted. The “A3” package was used for assessing the 
significance of the full model and cross-validate the R2 values [73]. 

4. Results 

4.1. Prevalence rate of COVID-19 

Among the 44 sample communities, the prevalence rate of COVID-19 varied, with the highest being 3.048% and the lowest being 
0.126% (Fig. 4). Out of these communities, 31 sample communities reported prevalence rates ranging from 0.126% to 1.060%, with 20 
of them having prevalence rates between 0.504% and 1.060%. The remaining 13 communities had prevalence rates between 1.060% 
and 3.048%. 

4.2. Green spaces coverage in sample communities 

Overall, the green spaces coverage in the sample communities ranged from 15.542% to 51.382%, and these values could be divided 
into five tiers (Fig. 5). Notably, the two communities with less than 20% green spaces were older communities built before 2000. Most 
of the sample communities were covered by greenery between 20% and 50%, among which the number of communities with greenery 
coverage of 20%–30%, 30%–40%, and 40%–50% were 12, 18, and 10, respectively. Only two communities had a green spaces 
coverage rate greater than 50%. 

4.3. Spatial patterns of green spaces in sample communities 

According to the average percentage of MSPA classes (Fig. 6), the predominant type of communities in the samples were edge- 
dominated, where the edge class served as the primary constituent, accounting for an average of 32.21%. This dominance can be 
attributed to the unique characteristics of the research unit in this study, which focused on a community with an unconventional green 
spaces in the form of an octopus-shaped road green belt. Consequently, this kind of complex shape of the core patch in the community 
resulted in a higher proportion of edge. The average percentage of core and islet classes represented the second-tier components, with 
their average ratios being roughly half that of the edge, at 18.72% and 17%, respectively. The proportion of linear elements, including 
branches and bridges, accounted for 14.72% and 14.83% respectively. In contrast, the presence of loop and perforation elements was 
relatively lower compared to the other classes, with the majority of communities showing 0% occurrence of these two indicators. On 
average, the proportions of loop and perforation were only 2.47% and 0.06%, respectively. 

4.4. Random forest results and analysis 

The optimal hyperparameters from the “ParamHelpers” package were 736 for ntree, 2 for mtry. The R2 value of the RF regression 
model was 35.4%, implying that more than 35.4% of COVID-19 prevalence can be explained by the 8 selected UGS indicators. The 
relative importance of the 8 factors to COVID-19 prevalence is shown in Fig. 7. The order of four important variables was edge, core, 
loop, and branch. The relative importance of eight UGS metrics generated from the RF model reveals that MSPA indices of community 
green spaces shows greater influence than coverage in this study. Specifically, the influence of edge and core is in the first rank and the 
difference between the two is small. It may because that the core is the relatively large and mainly functional green spaces at the 
community scale, and thus is the main indicator for influencing various environmental factors and residents’ activities. In addition, the 
edge is peripheral green spaces to the core and thus are influenced to some extent by the core share, since the more complex the core 
shape the more the edge share. While green spaces on a community scale is limited in size and thus may render the effects of these two 
indicators comparable. The effects of loop and branch also showed significance and the difference between the two are also small. The 

Fig. 5. Green space coverage of sample communities.  
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rest of the indicators showed a small and insignificant impact. 

5. Discussion 

In this research, we attempt to emphasize the importance of UGS spatial pattern on COVID-19 prevalence, as the majority of 
existing studies primarily focus on UGS quantity. To do this, the relative importance of UGS spatial pattern metrics and UGS quantity 
on community scale was examined using RF model. Findings indicated that the UGS spatial pattern at the community level holds better 
predictive power for COVID-19 risk compared to UGS quantity. In addition to controlling residents’ social distance, which is affected 
by residents’ clustering and dispersal behaviors and represents a core pathway of NPIs, increasing evidence highlights the impact of 
environmental factors on COVID-19 transmission [74,47]. In light of these two pathways, this study considered possible mechanisms 
by connecting the key findings to other relevant literatures that explores the influence of UGS on environmental factors and residents’ 
social distance. 

5.1. Potential mechanisms between urban green spaces and COVID-19 

Findings from this study highlight the importance of UGS spatial pattern in relation to COVID-19 risk by presenting the relatively 
lower importance of UGS quantity at the community scale. The RF model used in this study provides only relative importance of the 
factors, and therefore the specific influence of UGS on the risk of COVID-19 cannot be determined. More broadly, existing results of the 
relationship between UGS coverage and risk of COVID-19 have also not been uniform because of varied locations, metrics, and 
methods. For instance, research in the United States has shown that a 1% increase in the percentage of urban vegetation would result in 
a 2.6% decrease in cumulative COVID-19 cases, and the role of population density and baseline infection may be attenuated by the 
mediating effect of urban vegetation [41]. And the per capita parkland area in the Pearl River Delta showed a high explanation rate for 
the growth rate of COVID-19 infection [52]. Conversely, UGS in other locations, such as India [44] and Hong Kong [24] showed a 
positive correlation with the risk of COVID-19. Additionally, a study on open space presented a mixed association with COVID-19 

Fig. 6. The average percentage of each MSPA class in sample communities.  

Fig. 7. Importance ranking of factors.  
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infection, with forest use outside a park benefiting people more than forest use inside a park [38]. Moreover, at the community level, 
the proximity of UGS displayed both strong positive and negative correlation with COVID-19 risk in different communities in Wuhan 
[33]. The discordant results across different studies points to a need to explore metrics other than total quantity of UGS. 

Existing mixed results may also be due to the influence of UGS on several environmental factors that indirectly influence the 
prevalence of COVID-19. On the one hand, COVID-19 has been shown to be aerosol-transmissible and environmental factors may 
influence the incidence by affecting the survival time of virus in the air [75,76]. For instance, the prevalence of COVID-19 has been 
demonstrated to be related to air quality, air pollutants, temperature, and humidity [77–81]. Furthermore, particulate matter iden-
tified as a carrier for the virus can increase the long-distance viral diffusion and further affect COVID-19 risk in communities [82]. A 
comprehensive study in Wuhan and Xiaogan suggested that AQI and all pollutants were positively associated with daily COVID-19 
prevalence, while the air temperature was negatively associated with COVID-19 prevalence [83]. On the other hand, an increase in 
UGS coverage at the neighborhood scale can increase humidity [84], decrease the air temperature [85], and reduce fine air particle 
[86]. Lower temperature is conducive to virus survival, which may lead to an increase in prevalence; while increased humidity and the 
lower concentration of aerosols and particulate matter deposited in the air has been shown to decrease COVID-19 cases [87]. Thus, 
both conducive (lower temperature) and detrimental (higher humidity, lower particulate matter and better air quality) environmental 
factors for virus transmission lead by more UGS may account for current inconsistent results between environmental factors and the 
risks of COVID-19. 

As for the effect of UGS quantity on social distance among residents, large UGS, corresponding to the core patches of the community 
UGS, provide more public space for residents and therefore are easier to increase the risk of disease transmitting since the increased 
possibility of residents encountering each other [51]. This may appear contradictory to the prevailing evidence indicating a negative 
correlation between UGS quantity indicators and COVID-19 infection indicators. This apparent contradiction might imply the presence 
of a threshold for UGS quantity and core patch size in community, where both excessively high and low levels could contribute to an 
elevated risk of transmission. Exploring this threshold could be a valuable avenue for future research. 

Spatial patterns of UGS, as captured by the MSPA classes, may affect the prevalence of COVID-19 through environmental factors 
and social distance within communities. For example, MSPA classes have shown significant correlations with environmental factors, 
like atmospheric particulate matter and temperature. Thus, MSPA classes may affect the survival time of COVID-19 virus, as well as 
affect aerosol-based transmission by influencing environmental indicators, like temperature and humidity. Relatedly, the RF model in 
this study suggests that the core, edge, branch, and loop patterns were the most significant and influential among the eight variables. 
These four classes were also effective variables in previous studies which probed the relationship between MSPA classes and envi-
ronmental factors. For example, core, edge, and branch ratio were more effective in optimizing PM2.5 levels at varying pollution 
concentrations at the neighborhood scale [48]. In addition, core, edge, and loop ratio have been found to be more associated with the 
mean temperature and temperature range of the neighborhood than other MSPA classes [49]. Finally, the correlation between MSPA 
classes and the mean temperature was found to be more significant when the core accounted for more of the neighborhood UGS. 

MSPA classes may also affect COVID-19 prevalence by affecting residents’ social distance and the degree of aggregation of residents 
within communities. MSPA classes can manifest the connectivity of UGS, like more islet patterns mean higher fragmentation and more 
bridge patterns mean higher aggregation. A study in UK showed that the use of small and continuous UGS was associated with a 
decrease in pre-existing cases, although the mobility of people remained the key measure [50]. However, in another study, highly 
connected UGS with high choice measures showed a correlation with high risk of infection transmission [51]. Therefore, a UGS with 
proper MSPA classes ratio may assist in regulating people’s social distance while providing outdoor activities, which in turn may 
reduce the transmission risk of COVID-19. In an era demanding to mitigate pandemic transmission requires the control of population 
movement and social distance of people, and morphological pattern of UGS needs to be further explored. 

5.2. Significance and implications 

To the best of our knowledge, the relative contribution of UGS spatial pattern and UGS quantity on COVID-19 prevalence was 
examined for the first time. This research extends our knowledge and understanding concerning the role of spatial pattern of UGS in the 
relationship between UGS and pandemics. Although some previous studies have explored the effects of UGS spatial patterns on COVID- 
19 risk, UGS spatial patterns remain under study. This research found that spatial patterns of UGS at the community scale are more 
important variables affecting the prevalence of COVID-19 compared to UGS quantity. Compared to research emphasizing more 
quantity of UGS contributed to less COVID-19 risk, which is difficult to increase in built-up communities and high-density cities, 
optimizing UGS spatial pattern could be more feasible. Second, these findings and mechanisms discussed above suggest that MSPA 
metrics could be an important potential variable related to the risk of pandemics, mediating the relationship between UGS quantity 
and the risk of COVID-19. The MSPA method used to measure the morphological patterns of UGS in this research can help in visualizing 
UGS patterns and therefore provide new ways of optimizing community UGS to mitigate COVID-19 risk. Finally, this research also 
enriches the knowledge and understanding of existing literature on the impact and mechanisms of the quantity and spatial patterns of 
UGS on pandemics. 

5.3. Limitations and future opportunities 

However, this research is subject to certain limitations. Firstly, the availability of fine-grained data is limited, such as the proportion 
of cases infected by family members and cases infected by other residents in the community. Additionally, due to the lack of precise 
population information for the communities, the risk of COVID-19, namely the prevalence rate, was calculated utilizing household 
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data instead of the precise population of the communities. Consequently, there is a possibility of overestimating the risk of COVID-19 
within each community. These may affect the results of quantitative analysis and restrict the generalizability of the findings to a 
specific study area and timeframe, representing characteristics only during the initial transmission stage. Second, since the focus of this 
research was UGS, only indicators of UGS were included in the RF model and the explanatory power for the overall model was 
relatively low. Third, the relative importance via RF model does not generate a causal relationship between UGS factors and risk of 
COVID-19. However, the RF model is still useful as an initial phase of key variable selection. Finally, no control variables were 
included. Although sample communities were carefully selected to control the social-economy factors as much as possible, models that 
include other factors such as population density, transportation routes and modes, lifestyle, income, and occupation, as well as 
environmental elements of the neighborhood (e.g., building density, floor area ratio, building height, temperature, and humidity) may 
be able to better reveal the mechanisms between UGS and COVID-19 prevalence. Considering the limited academic attention on this 
topic thus far, it is imperative to conduct replication studies and further explore the potential mechanisms. Future investigations 
should delve into the detailed relationship between UGS spatial patterns and pandemics risk. Exploring whether the UGS spatial 
patterns mediated the results from UGS quantity metrics and the risk of pandemics will also be important. 

6. Conclusion 

In this research, the RF model was adopted to investigate the relative significance of UGS quantity and UGS spatial pattern metrics 
in relation to the prevalence of COVID-19 at the community scale. Among the various UGS variables, four MSPA variables were 
identified as the most important factors, ranked in the following order: core, edge, branch, and loop. In addition, according to the 
findings from the RF model, the potential mechanisms through which UGS may influence the prevalence rate of COVID-19. These 
mechanisms encompassed its possible influence on resident’s clustering and dispersal behaviors as well as its probable impact on 
environmental factors such as temperature, humidity, particulate matter, and air quality, all of which may affect the survival time of 
COVID-19 virus and disrupt the transmission process. The study’s findings hold implications for urban planners as they underscore the 
potential impact of spatial pattern of UGS on public health. This reinforces the importance of considering these indicators into account 
when examining the role of environmental contributors to public health outcomes. Despite some limitations, the results offer a novel 
perspective on optimizing UGS for public health and pandemic-resistant city design. They inspire further research into the relationship 
between UGS spatial patterns and pandemics, thereby aiding the understanding of UGS-pandemic mechanisms. Lastly, the study also 
underscores the importance of exploring new metrics for assessing the relationship between UGS and pandemic risks. 
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