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Abstract 32 

The World Health Organization considered the wide spread of COVID-19 over the world as a pandemic. 33 

There is still a lack of understanding of its origin, transmission, and treatment methods. Understanding 34 

the influencing factors of COVID-19 can help mitigate its spread, but little research on the spatial 35 

factors has been conducted. Therefore, this study explores the effects of urban geometry and socio-36 

demographic factors on the COVID-19 cases in Hong Kong. For each patient, the places they visited 37 

during the incubation period before going to hospital were identified, and matched with corresponding 38 

attributes of urban geometry (i.e., building geometry, road network and greenspace) and socio-39 

demographic factors (i.e., demographic, educational, economic, household and housing characteristics) 40 

based on the coordinates. The local cases were then compared with the imported cases using stepwise 41 

logistic regression, logistic regression with case-control of time, and least absolute shrinkage and 42 

selection operator regression to identify factors influencing local disease transmission. Results show 43 

that the building geometry, road network and certain socio-economic characteristics are significantly 44 

associated with COVID-19 cases. In addition, the results indicate that urban geometry is playing a more 45 

important role than the socio-demographic characteristics in affecting COVID-19 incidence. These 46 

findings provide a useful reference to the government and the general public as to the spatial 47 

vulnerability of COVID-19 transmission and to take appropriate preventive measures in high-risk areas. 48 

 49 
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1. Introduction 54 

Coronavirus disease 2019 (COVID-19) is a new emerging infectious virus which is originated in Wuhan, 55 

Hubei Province, China (N. Zhu et al., 2020), and has been announced a global pandemic by the World 56 

Health Organization (WHO). The earliest known cases were identified in December 2019, and the 57 

WHO officially defined COVID-19 as a pandemic on March 11, 2020 (World Health Organization, 58 

2020a). As of June 12, 2020, a cumulative total of 7,410,510 confirmed cases and 418,294 deaths have 59 

been reported from 215 countries/regions (World Health Organization, 2020b). Although COVID-19 60 

causes the catastrophic results, the understanding of COVID-19 epidemiology is limited and its 61 

mortality is only roughly estimated (Chen et al., 2020; Huang et al., 2020; Ruan et al., 2020). 62 

 63 

In recent research, geospatial and spatial-statistical analysis is performed to identify the association 64 

between geographic variables and disease incidences. These studies from around the world indicate that 65 

COVID-19 cases to be highly correlated with socioeconomic and demographic factors. The socially 66 

and economically relevant factors with prominent inter-generational and social characteristics were 67 

showing close correlations with COVID-19 in 20 European countries (Mogi and Spijker, 2020). In New 68 

York City, the analysis of multi-temporal positive records suggested that occupation is playing a more 69 

important role in disease transmission than other factors such as income, race, gender and household 70 

size (Almagro and Orane-Hutchinson, 2020). In Sweden, a positive relationship was observed between 71 

socio-demographic factors (i.e., gender, income, education level, marital status, immigration status) and 72 

the toll of COVID-19 pandemic (Drefahl et al., 2020). Studies performed in Italy and South Korea 73 

reported that the ages and the household composition were associated with both the spread and mortality 74 

of COVID-19. Mollalo, Vahedi and Rivera (2020) adopted 35 environmental, socioeconomic, 75 

topographic and demographic variables to explain the spatial distribution of confirmed cases in the 76 

United States, and they concluded that factors such as income, inequality, median household income, 77 

race, and the proportion of nursing practitioners were variables with significance. Similarly, Raifman 78 

and Raifman (2020) also suggested that race and income are factors that are highly associated with virus 79 

exposures in the United States. Khunti et al. (2020) highlighted the association between ethnicity and 80 

number of confirmed cases in England and the United States, because the socio-economic conditions 81 
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are quite different among different racial or ethnic groups in a country. As indicated by Pareek et al. 82 

(2020), ethnicity is an important factor that closely related to people’s health status, health behavior and 83 

social behavior, so the factor should be considered in taking the measures for pandemic control. 84 

Therefore, there are pieces of evidence that the socio-economic and demographic characteristics are 85 

contributing factors to COVID-19 transmission. 86 

 87 

Similar to other infectious diseases, COVID-19 transmission is more frequently observed in urban areas. 88 

However, recent studies on COVID-19 did not focus on factors such as urban geometry and urban 89 

design that are considered important for the outbreak of other infectious diseases. In England, for 90 

example, urbanization promotes the transmission of an infectious disease due to increased contact rates 91 

and altered socio-economic conditions (Zhang and Atkinson, 2008). Another study in China suggested 92 

that the increased connection between rural and urban areas and the rural-to-urban migration caused by 93 

the urbanization could speed up the transmission of infectious disease (Gong et al., 2012). Urban 94 

geometry can affect the living environment and should be considered when studying the health 95 

conditions of residents, and the factors can also be further divided into sub-factors such as the building 96 

geometry, the road network and the distribution of greenspaces, etc. (Johansson, 2006).  97 

 98 

A key factor of urban geometry is the Sky View Factor (SVF), which is defined as the ratio of the 99 

visible sky with obstructions to that of without obstruction (Oke, 1988), and it is always considered as 100 

a typical indicator of urban geometry (Krüger et al., 2011; Yang et al., 2016, 2015). Lai et al. (2013) 101 

found that the SVF, which is related to building height and density, would potentially serve as an 102 

indicator of the risk of health in an urban area. Some studies stressed the role of air ventilation, which 103 

is largely a result of the urban geometry, on disease transmission (Cheng et al., 2011; Gao et al., 2008; 104 

Keshavarzian et al., 2020), and poor ventilation was found to be associated with Severe Acute 105 

Respiratory Syndrome (SARS) infection (Gao, Li, & Leung, 2009) as well as asthmatic symptoms 106 

(Smedje and Norbäck, 2000). It has also been found that the area of outdoor space affects the quality of 107 

the indoor environment (Chan and Liu, 2018; Niachou et al., 2008). The former proposed that the 108 

neighborhood environment had a direct influence on people’s health conditions which is also related to 109 
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the relationship between the indoor environment and people’s health condition. They found that lower 110 

density and height of buildings are most beneficial for human health, especially for those with 111 

respiratory diseases (e.g., bronchoconstriction, asthma symptoms). Although these studies did not 112 

emphasize the infectious disease, they aligned the SARS outbreak in Hong Kong with their findings.  113 

 114 

In addition to the building geometry, the road network is another essential factor of city design as it is 115 

closely related to traffic flow and the connectivity between different places. It is also found that this 116 

factor could facilitate the spread of serious diseases (e.g., malaria and diarrheal pathogens) in 117 

developing countries (Coimbra, 1988; Eisenberg et al., 2006) as well as respiratory diseases in 118 

developed countries (Vu et al., 2013). Furthermore, Chan and Liu (2018) found that a higher proportion 119 

of greenspaces around the buildings are associated with lower levels of air pollution, and such 120 

environment is good for people’s health, especially for those with respiratory disease. The latest 121 

research in China (Y. Zhu et al., 2020) and Western Europe (Ogen, 2020) also found that air pollution 122 

was associated with COVID-19 transmission. Therefore, it is important to investigate the role that 123 

greenspace plays in COVID-19 transmission (Qu et al., 2020). Based on the findings of these studies, 124 

some questions are raised about how urban geometry may affect COVID-19 cases.  125 

 126 

With the advancements in Geographical Information System (GIS) technologies, in 1999, Moore and 127 

Carpenter (1999) suggested that the relationship between environmental and socio-economic factors 128 

and infectious disease displays potential research values. With the use of GIS, we are able to link 129 

different types of data spatially, e.g., residential addresses, environmental exposure, building geometry, 130 

and demographic information. Indeed, spatial clustering in GIS was adopted for epidemiologic 131 

investigations after the outbreak of SARS in Hong Kong in 2003. Using the spatial clustering methods, 132 

it was found that SARS was highly clustered disease in Hong Kong as the geospatial clusters were 133 

observed in the case locations (Leung et al., 2004), and the urban population is faced with a higher risk 134 

(Lai et al., 2004). During COVID-19 pandemic, more than 63 scientific studies that focus on the spatial 135 

analysis of COVID-19 have been published, covering spatiotemporal analysis, health and social 136 

geography, environmental variables, data mining and web-based mapping (Franch-Pardo et al., 2020).  137 
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 138 

Spatial variables have long been found to be connected to the infectious disease, and COVID-19 appears 139 

to be no exception. However, to date, most of the studies of COVID-19 focused on the socio-140 

demographic factors, while little of them have touched upon the issue of urban geometry. Therefore, it 141 

is necessary to analyze the influence of urban geometry, including building configurations, road 142 

network and greenspace. This study aims to investigate the importance of spatial context, including 143 

urban geometry and socio-demographic factors, in the COVID-19 epidemic in Hong Kong.  144 

  145 
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2. Study area and data source 146 

2.1 Study area and COVID-19 cases 147 

Hong Kong is selected as the study area for this research (Figure 1). It is a highly urbanized city with a 148 

population of more than seven million and it covers an area of 1,111 km2. Due to its mountainous terrain, 149 

the population is squeezed in the densely built and high-rises in urban areas, while these high-rises 150 

occupy only approximately 20% of general land area. The first COVID-19 case in Hong Kong was 151 

reported on January 23, 2020, which was an imported case from Wuhan, China. Up to June 12, 2020, 152 

1,109 COVID-19 cases were recorded, of which 1,061 cases were discharged, 4 patients were deceased, 153 

and the remainder were still hospitalized (Centre for Health Protection (HKSAR), 2020). For this study, 154 

the details of COVID-19 cases in Hong Kong were retrieved from the Centre for Health Protection 155 

(hereafter government dataset), and Internet source “covid19.vote4.hk - COVID-19 in HK” (hereafter 156 

Internet dataset) for the period January 23 to April 30, 2020, covering 1,038 cases. 157 

 158 

The government dataset comprised two types of information about the daily cases in Hong Kong. The 159 

first type is related to the COVID-19 infection cases in Hong Kong accompanied with the details of 160 

individual patients: (1) case number, (2) date of report, (3) date of onset, (4) gender, (5) age, (6) hospital 161 

admitted, (7) current status (i.e., hospitalized, discharged, or deceased), (8) citizenship (i.e., Hong Kong 162 

or non-Hong Kong resident), (9) case classification (i.e., imported case, close contact of imported case, 163 

possibly local case, close contact of possibly local case, local case, or close contact of local case), and 164 

(10) confirmation of case (i.e., confirmed or probable). The second type of information contains the 165 

residential buildings in which the infected patients have resided or the non-residential buildings with 166 

two or more cases in the past 14 days, which is accompanied with detailed such as (1) district, (2) 167 

building name, (3) last date of stay of the case(s), and (4) related probable/confirmed cases. Since this 168 

dataset provided building names only, the coordinates of the addresses were retrieved by using Google 169 

Geocoding API for further spatial analysis. Figure 1 shows the spatial distribution of the patients visited 170 

in Hong Kong with their case classification. 171 

 172 
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Another dataset was retrieved from the Internet dataset which summarizes the reports of the government, 173 

Internet, and news media, and it also provides the details of patients’ information and high-risk areas. 174 

The information regarding the patients was similar to that of the government dataset. The second set of 175 

data provides more specific information such as where the patients stayed before hospitalization, the 176 

action done (i.e., residence, working, gathering, stay, medical, arrival, departure or transportation) and 177 

the coordinates (i.e., latitude and longitude).  178 

 179 

Figure 1 – Study area and the residential spatial distribution of the confirmed cases from government 180 

dataset 181 

 182 

2.2 Spatial context 183 

(1) Socio-demographic characteristics 184 

The 2016 census data were extracted from the Census and Statistics Department (Census and Statistics 185 

Department (HKSAR), 2018) at the Tertiary Planning Unit (TPU) level. The Hong Kong Planning 186 

Department uses these regional units for the fine-scale regional planning. The 291 TPUs in Hong Kong 187 

were aggregated by the Census and Statistics Department into 154 TPU groups (as shown in Figure 2) 188 
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to protect personal data privacy of census data. These data include demographic, educational, economic, 189 

household and housing characteristics. Specifically, they provide statistics of age, ethnicity, marital 190 

status, usual spoken language, reading and writing ability in Chinese and English, educational 191 

attainment, economic activity status, monthly income, occupation, industry, working hours per week, 192 

place of work, household size, household composition, monthly domestic household income, type of 193 

housing, tenure of accommodation and monthly domestic household rent. All the data within the TPUs 194 

were transformed from the number of persons into ratio variables, which indicate the percentage of the 195 

population within the TPU with certain socio-demographic characteristics. In addition, the total 196 

population and the population density of each TPU group were also involved in this study to evaluate 197 

the influences of these factors to COVID-19 cases. The detailed information of independent variables 198 

adopted in this study is provided in Table A.1 in the appendix. Individual COVID-19 cases were 199 

combined with the socio-demographic characteristics data for each TPU by matching the coordinates 200 

of places visited by patients in the last 14 days before going to hospital.  201 

 202 

Figure 2 – TPU boundaries, and building data used 203 
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(2) Building geometry 204 

In order to understand the role that the urban geometry plays in facilitating the spread of COVID-19, 205 

three building-related settings were included in this study (i.e., building height, building density and 206 

Sky View Factor (SVF)). Building height was obtained from the Lands Department of Hong Kong in 207 

2019 (Figure 2) based on the 1:1000 scale building polygon that it provides, and then, the data were 208 

resampled to 5-meter resolution. Building density was also derived from this building layer by 209 

calculating the percentage of building occupation in each 100 m × 100 m area, to measure the 210 

crowdedness between buildings (Figure 3). An SVF map at 10-meter resolution (Figure 4) derived by 211 

Yang et al. (2015) using airborne LiDAR captured by the Civil Engineering and Development 212 

Department of Hong Kong in 2011 was adopted in this study. SVF values range from zero to one, and 213 

zero stands for a totally obstructed sky while one for unobstructed sky, respectively. A 500-meter buffer 214 

zone was created for individual confirmed cases to study these building-related variables. Within this 215 

buffer area, the sum and standard deviation of building height, the building density and SVF were 216 

estimated, and these parameters are usually used for representing the urban morphology. The sum of 217 

building height, building density and SVF usually represent the urbanization level, where a highly 218 

urbanized area always has higher sum values of building height and building density and lower SVF. 219 

The standard deviation of these factors represents the variation of the urban morphology and the 220 

building geometry. The standard deviation of building density and building height refer to the 221 

crowdedness between buildings and the roughness of the buildings in urban morphology. These 222 

building related attributes have been extensively utilized in other studies. For example, Hang et al. 223 

(2012) evaluated the pollutant dispersion and pedestrian ventilation using different standard deviation 224 

of building heights and same average building height to simulate different urban morphologies. 225 

Building height, building density and SVF were also used for studying the urban heat island effect 226 

caused by urban geometry heterogeneity (Yang and Li, 2015). 227 
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 228 

Figure 3 – Map of building density 229 

 230 

Figure 4 – Map of sky view factor 231 



 

12 

 

(3) Road network 232 

In addition to the building geometry, the road networks were also considered, as they are related to the 233 

vehicular and pedestrian flows and play an important role in the urban design and planning (Penn et al., 234 

1998). The pedestrian road networks within a 500 m walkable buffer zone of each case were collected 235 

with the tool “OSMnx” (Boeing, 2017), road networks can be collected and analyzed easily based on 236 

the OpenStreetMap data using graph theory. The characteristics of the road network and the walkable 237 

connectivity were considered based on information of nodes, streets, and connectivity in this study. The 238 

list of all the parameters adopted is shown in Table A.1. 239 

 240 

Figure 5 – Examples of road network collected from “OSMnx” (a) urban area; (b) rural area 241 

 242 

(4) Greenspace exposure 243 

The neighborhood green space within a 500-meter-radius buffer zone of the residential address of each 244 

case was measured using the Normalized Difference Vegetation Index (NDVI) image derived from a 245 

Satellite Pour l’Observation de la Terre (SPOT) 7 image captured on February 29, 2016. The NDVI is 246 

a normalized ratio of the infrared and red bands, ranging from -1 (no vegetation) to 1 (dense vegetation) 247 

(Goward et al., 1991) (Figure 6). The sum and standard deviation of the NDVI within a 500-meter 248 

buffer area of each case were retrieved, to represent the total greenspace exposure and the variation of 249 

greenspace. 250 



 

13 

 

 251 

Figure 6 – NDVI map for the calculation of greenspace exposure 252 

  253 
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3. Methodology 254 

To further investigate the influence of spatial context on COVID-19 transmission, the stepwise logistic 255 

regression, the logistic regression with case-control of time, and the least absolute shrinkage and 256 

selection operator (Lasso) regression were performed to identify the significant factors. The dependent 257 

variable for the regression was the class of cases, that is imported cases or local cases. Local confirmed 258 

cases of COVID-19 (including local, possibly local, close contact of local, and close contact of possibly 259 

local cases) in Hong Kong were selected as target cases, and non-local cases (imported cases) were 260 

selected as the controls, since the non-local cases were not subject to the local factors when they get 261 

infected. The close contact with the imported cases was not considered in this study, as they were 262 

dependent on both local factors and imported patients.  263 

 264 

A total of 125 independent variables were used in this study, as shown in Table A.1 included in the 265 

appendix, that is, building geometry, road network, greenspace and socio-demographic characteristics, 266 

respectively. These variables were extracted from the government and Internet datasets based on the 267 

location list. Hospitals, ports of entry and quarantine facilities were excluded from the list because the 268 

patients are infected with COVID-19 before they visit these sites. Information such as neighborhood 269 

greenspace, building geometry, road networks, and the census information of individual location 270 

retrieved from the government dataset and the Internet were normalized within a range of 0 to 1, to 271 

determine the critical risk factors for COVID-19 cases. Spearman's correlation analysis was conducted 272 

to evaluate the relationship between variables, and the variables were removed if the correlation value 273 

was higher than 0.8 so that the variables with high correlation can be excluded.  274 

 275 

3.1 Evaluation of the association between spatial context and the COVID-19 infection 276 

Logistic regression was performed to describe the relationships between independent variables and 277 

dependent variable (Kleinbaum and Klein, 2002), while the stepwise approach is adopted to estimate 278 

the parameters to be included in the model (Steyerberg et al., 1999). However, there are several 279 

limitations if logistic regression is used. First, the date of onset is a crucial factor for understanding the 280 

transmission of infectious disease, especially for those diseases which are contagious before the onset 281 
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(Fraser et al., 2004). Therefore, the dataset was further analyzed using the 282 

conditional logistic regression to confirm the time of case confirmation.  283 

 284 

To tackle the problem of the unequal number of cases and control that is commonly occurred in the 285 

epidemiological studies, as well as to control the time-related variables, logistic regression with case-286 

control analysis was performed to account for the 1-n matched design. The imported cases were 287 

considered as controls and the local cases were considered as the target cases for the analysis in the 288 

case-control study. Since the ratio of local cases to imported cases was approximately 1/2 in Hong Kong, 289 

two imported case records were matched with each local case record by the closest dates of confirmation 290 

for case-control comparison. In addition, in order to conduct temporal evaluation of the influence of the 291 

urban geometry and socio-demographic characteristics on COVID-19 local cases, the difference in the 292 

confirmation date was set at most three days for each pair of case-control group so that this method 293 

evaluated the changes of COVID-19 cases over time among the groups. The commercial software SPSS 294 

was adopted to perform the stepwise logistic regression and logistic regression with case-control of 295 

time in this study. 296 

 297 

To avoid the multicollinearity problem caused by a large number of highly correlated parameters (Shen 298 

and Gao, 2008), logistic regression with Lasso regularization was also performed in the current study. 299 

Tibshirani (1996) developed Lasso regularization to minimize the sum of squared residuals by applying 300 

a penalization parameter to shrink smaller coefficients toward zero, leaving only the most predictive 301 

variables in the model: 302 

𝛽̂𝑙𝑎𝑠𝑠𝑜 = min⁡(∑ (𝑦𝑖 − 𝛽0 − ∑ 𝛽𝑗𝑥𝑖𝑗
𝑝
𝑗=1 )

2
+ 𝜆∑ |𝛽𝑗|

𝑝
𝑗=1

𝑛
𝑖=1 )                       (1) 303 

where 𝑦𝑖 denotes the dependent variable for the 𝑖th data, 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝)
𝑇

 denotes the predictor 304 

variables for the 𝑖th data, 𝛽𝑗 denotes the coefficient of the regression model for the 𝑗th dependent variable, 305 

𝑝 denotes the number of independent variables, and 𝜆 denotes the penalization parameter which is 306 

determined by 10-fold cross-validation in this study. This method is useful in identifying the specific 307 

factors that were most associated with the confirmed case by eliminating those unassociated variables, 308 
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so that the predictive performance can be improved (Tibshirani, 2011, 1996). In this study, the logistic 309 

regression with Lasso regularization was conducted in R software with “glmnet” package (Friedman et 310 

al., 2010; Simon et al., 2011). 311 

  312 
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4. Results 313 

From January 23, 2020, to April 30, 2020, there were 1,038 COVID-19 cases confirmed in Hong Kong, 314 

including 616 imported cases, 25 cases that have been in close contacts with imported cases, 67 local 315 

cases, 165 cases that have been in close connection with local cases, 103 likely local cases and 62 cases 316 

that have been in close contacts with the likely local cases. The temporal distribution of confirmed cases 317 

is shown in Figure 7. The age of patients ranged from 40 days to 96 years, while 559 patients were 318 

males and 479 patients were females. Since the cases that have been in close contact with the imported 319 

cases were excluded, 1,013 cases were analyzed. Based on the selection criteria as described in the 320 

methodology, 1,893 records retrieved from the government dataset and 1,880 records were retrieved 321 

from the Internet dataset for logistic regression and Lasso regression. After considering the three-day 322 

interval for case-control study, only 1,053 and 1,005 records were retrieved from the government and 323 

Internet datasets respectively. The reason why there are more locations than COVID-19 cases is that 324 

the patients have been to a number of locations during their incubation period as reported. Some cases 325 

reported several locations, and some reported one or none, especially for the imported cases which were 326 

diagnosed during entry or the home confinement period. For each reported location, 125 variables were 327 

input to the three proposed models after the highly correlated variables (correlation higher than 0.8) 328 

were filtered, including six building geometry variables, eight road network variables, two greenspace 329 

variables and 109 socio-demographic characteristics. 330 

 331 

Figure 7 – Temporal distribution of the case class of the confirmed cases 332 
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Table 1 presents the coefficients of spatial factors with significance obtained from logistic regression, 333 

case-control and Lasso regression for both government and Internet datasets. The insignificant variables 334 

were not presented because there are a large number of variables. The independent variables used in 335 

logistic regression and case-control analysis were tested using the Chi-square test, and Table 1 shows 336 

the variables with p-value smaller than 0.05. For Lasso regression, the coefficients of selected variables 337 

from 10-fold cross-validation are listed in Table 1 as well. Among the 125 independent variables, 29 338 

variables were found to have a significant relationship with COVID-19 cases in Hong Kong, in either 339 

one of the models or datasets. From the table, it is found that 13 variables displayed a positive 340 

relationship, and 16 had a negative relationship with the confirmed cases. Among the significant factors, 341 

five variables are associated with the building geometry, one with the road network, two with the 342 

demographic characteristics, one with the educational characteristics, 14 with the economic 343 

characteristics, one with the household characteristics and five with the housing characteristics. 344 

However, no significant relationship was found in its relationship with greenspace exposure. 345 

 346 
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Table 1 – Coefficient of significant spatial variables from logistic regression analysis, case-control analysis and Lasso regression analysis. The bold text indicates 347 

the significant variables from at least three out of six models. 348 

Spatial variable Government dataset Internet dataset 

Main category Sub-category Variable 
Logistic 

regression 
Case-control 

Lasso 

regression 

Logistic 

regression 
Case-control 

Lasso 

regression 

Urban geometry Building 

geometry 

Building height (sum) 
2.132** 2.710** 1.159 3.210** 

2.240** 

 
0.951 

Building height (standard 

deviation) 
- - - -2.302** - - 

Building density (sum) - - - - - 0.273 

Building density (standard 

deviation) 
-1.590** -1.797** -0.030 -1.536** -1.924** -0.140 

Sky view factor (sum) - - -0.419 - - -0.234 

Road network Street length (average) -2.304** - -0.675 -2.870** - -0.226 

Socio-

demographic 

characteristics 

Demographic 

characteristics 

Population density 0.849** - 0.213 - - - 

Age group: 65+ (male) 1.007** - 0.290 - - - 

Educational 

characteristics 

Highest educational attainment: 

Sub-degree course 
- - - 1.316** - 0.100 

Economic 

characteristics 

Economic status: Others - - - - - 0.298 

Occupation: Professionals - - - -2.543** -1.669** - 

Occupation: Service and sales 

workers 
- - 0.093 1.278* - 0.325 

Occupation: Craft and related 

workers 
- - - -3.459** - - 

Occupation: Skilled 

agricultural and fishery 

workers; and occupations not 

classifiable 

-2.123** -3.475** -0.719 - - - 

Industry: Accommodation and 

food services 
- - - - - 0.415 

Industry: Manufacturing - - - - - -0.049 
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Industry: Public administration, 

education, human health and 

social work activities 

- - - - - -0.183 

Working location: Another 

district on Hong Kong Island# 
- - 0.153 0.813** 

1.058** 

 
0.638 

Working location: Outside 

Hong Kong 
- - - -1.116** - - 

Weekly working hours: 18-34 - - - - - 0.108 

Weekly working hours: 65 and 

over 
- 1.458* - - - - 

Median monthly income from 

main employment (male) 
- -1.723** - - - - 

Median monthly income from 

main employment (female) 
- - - - - -0.073 

Household 

characteristics 

Median monthly domestic 

household income 
- - - - - -0.732 

Housing 

characteristics 

Tenure of accommodation: 

Owner-occupier (with mortgage 

and loan) 

- - -0.018 - - - 

Tenure of accommodation: 

Owner-occupier (without 

mortgage and loan) 

- - - -1.421** - - 

Tenure of accommodation: Sole 

tenant 
- - - - - 0.309 

Tenure of accommodation: Co-

tenant 
-0.642** - - -0.705* - - 

Tenure of accommodation: 

Provided by employer 
- - - -1.229* - - 

** Significant result with p-value < 0.01 349 

* Significant result with p-value < 0.05 350 

# “Working location: Another district on Hong Kong Island” means the number of persons working on Hong Kong Island, excluding the persons living 351 

and working in the same district on Hong Kong Island. 352 
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The results from the three models using the two datasets are not identical, we selected those factors 353 

which were significant in at least three models for the investigation, and there are six factors in total 354 

(Table 2). Three factors are associated with urban geometry and three are associated with the socio-355 

demographic characteristics. These factors were the sum of building height (positive in six models), the 356 

standard deviation of building density (negative in six models), average street length (negative in four 357 

models), working location in another district on Hong Kong Island (i.e., the number of persons working 358 

on Hong Kong Island, excluding the persons living and working in the same district on Hong Kong 359 

Island) (positive in five models), service and sales workers (positive in three models), skilled 360 

agricultural, fishery workers and occupations not classifiable (negative in three models).  361 

 362 

Table 2 – Summary of important spatial variables from at least three models 363 

Spatial variable Number of models 

indicated as 

significant factors 

Sign of the 

coefficient in the 

model Main category Sub-category Variable 

Urban 

geometry 

Building 

geometry 

Building height (sum) 6 (+) 

Building density (standard deviation) 6 (-) 

Road network Street length (average) 4 (-) 

Socio-

demographic 

characteristics 

Economic 

characteristics 

Working location: Another district on 

Hong Kong Island 
4 (+) 

Occupation: Service and sales workers 3 (+) 

Occupation: Skilled agricultural and 

fishery workers; and occupations not 

classifiable 

3 (-) 

 364 

Table 3 generalizes the absolute contribution of the spatial factors (i.e., sum of the absolute coefficient 365 

of the factors listed in Table 2) to each of the models. Since the values were normalized through pre-366 

processing phases, these weightings can be directly compared. Comparison of the coefficients of urban 367 

geometry with the socio-demographic characteristics shows that the weighting of urban geometry is 368 

higher than that of socio-demographic characteristics in all models. By analyzing the ratio of the 369 

important factors between urban geometry and socio-demographic characteristics as shown in brackets 370 

of Table 3, it is found that the number of variables related to the urban geometry is usually greater than 371 

or equal to the socio-demographic characteristics. These two findings indicate the importance of urban 372 

geometry to COVID-19 cases in Hong Kong. 373 
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 374 

Table 3 – Weighting of the important spatial variables to COVID-19 cases based on the main category 375 

and the number in brackets indicates the important factors from the model 376 

Spatial variable 

Government dataset Internet dataset 

Logistic 

regression 
Case-control  

Lasso 

regression 

Logistic 

regression 
Case-control 

Lasso 

regression 

Urban geometry 6.026 (3) 4.507 (2) 1.863 (3) 7.616 (3) 4.164 (2) 1.317 (3) 

Socio-demographic 

characteristics 
2.123 (1) 3.475 (1) 0.965 (3) 2.091 (2) 1.058 (1) 0.963 (2) 

 377 

  378 
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5. Discussion 379 

This study compared the local with the imported COVID-19 cases in Hong Kong with the use of logistic, 380 

case-control and Lasso regressions to identify the relevant spatial factors in the transmission and spread 381 

of the disease. A total of 125 variables were analyzed with six of them related to the building geometry, 382 

eight related to the road networks, two related to the greenspace and 109 related to the socio-383 

demographic characteristics. Six important factors were determined through six models, to explain the 384 

relationship between urban geometry, socio-demographic characteristics and the incidence of COVID-385 

19. 386 

 387 

Of the socio-demographic characteristics investigated, those found to be associated with COVID-19 388 

patients were related to the working locations and occupations, which are consistent with the findings 389 

of other studies (Almagro and Orane-Hutchinson, 2020). Positively related factors included the working 390 

location on Hong Kong Island and the occupation as service and sales workers. Hong Kong Island is 391 

the central business district of Hong Kong, which occupies 7% of the land area, while but 23% of the 392 

working population resides on the island. High population density has been discussed in several studies, 393 

as one of the factors leading to the transmission or mortality of COVID-19 (Rocklöv & Sjödin, 2020; 394 

Wu et al., 2020). The densely populated Hong Kong Island provides many chances of social contacts 395 

among the large working population. In addition, the workers engaged in the service and sales industry 396 

have a greater chance of getting close the contact with the customers and clients, so they are faced with 397 

greater risks due to the nature of their jobs. This finding aligned with findings from the first outbreak 398 

of the COVID-19 in Wuhan, China, and those earliest confirmed cases were salesmen or saleswomen 399 

at Huanan Seafood Wholesale Market (Rothan and Byrareddy, 2020). Based on the experience from 400 

Singapore, Koh (2020) also suggested that occupational exposure are the main reasons for earliest 401 

confirmed cases engaged in the tourism, retail and transportation industries. The result of this study 402 

further supports the findings of these previous studies, indicating high exposure risk of certain 403 

occupations. In contrast, the occupation of the group “skilled agricultural, fishery workers and 404 

occupations not classifiable” was negatively correlated with the infection. These workers are either 405 
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working outdoors or tend to work at one location away from urban areas (e.g., cultivated field, 406 

mariculture raft, fishing boat or home) leading to lower contact with others. 407 

 408 

Some of the other studies highlighted the importance of the socio-demographic characteristics on 409 

COVID-19 cases, especially the population density on the COVID-19 case number and the spread of 410 

the disease. For example, direct relationship was found between the COVID-19 outbreak and the 411 

population density in Iran (Ahmadi et al., 2020). Similar finding from the study in Japan suggested the 412 

positive correlations between the morbidity and mortality rates and population density (Kodera et al., 413 

2020). The study in Turkey emphasized the importance of the population density and wind that these 414 

two factors can explain 94% of the variance in the spread of COVID-19 in the country (Coşkun et al., 415 

2021). However, most of the studies have not yet considered the urban geometry as a factor in their 416 

analysis. In this study, the population density was found to be less important than the urban geometry 417 

to COVID-19 cases. From Table 1, population density is the significant factor in two out of six models 418 

only while the sum of building height and standard deviation of building density are involved in all six 419 

models. In logistic regression and Lasso regression using government dataset, the coefficients of 420 

population density are 0.849 and 0.213 respectively, while the coefficients of the sum of building height 421 

are 2.132 and 1.159, in which the standard deviation of building density are -1.590 and -0.030, and that 422 

of average street length are -2.304 and -0.675 respectively. When comparing the coefficients of the 423 

variables, it is clearly observed that the contribution of urban geometry characteristics is higher than 424 

the population density in the models. 425 

 426 

To our understanding, there was no research on the relationship between COVID-19 and urban 427 

geometry in the past. The results of the study reveal the importance of urban geometry to COVID-19. 428 

The most important spatial factors found in this study were the building height and the building density, 429 

and they were two variables with significance in all six models. There was a positive association 430 

between COVID-19 cases and the sum of building height, and a negative association with the standard 431 

deviation of building density. Building height and building density are key components of urban 432 

geometry and surface roughness, and these greatly determine the magnitude of wind ventilation (Kubota 433 
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et al., 2008; Rafailidis, 1997; Wong et al., 2010). The total building height evaluates the level of 434 

urbanization level in an area, as high buildings usually exist in urban areas where there are densely built 435 

high-rises. In Hong Kong, there are 20 floors to 50 floors in most urban buildings (Wong et al., 2010), 436 

and high-rise and dense buildings are always considered as factors that are not good for wind ventilation, 437 

and in such an environment, people’s health condition will be adversely affected (Wargocki, 2013). 438 

Building density is an indicator of how dense of the buildings in an area, and the wind ventilation is 439 

always poor in the high building density area since the wind is obstructed by the buildings (Yang et al., 440 

2019). The standard deviation of building density can represent the building distribution of the area, 441 

and the higher building density (standard deviation) means more diversified the building blockage. 442 

More diversified building blockage improves ventilation because of the enhanced turbulence generation 443 

by rough surfaces. A typical case of the building environment affecting the spread of infectious disease 444 

was happened during SARS outbreak in 2003, where more than 300 people who lived in Amoy Gardens 445 

housing complex in Hong Kong were infected. The consensus document of the World Health 446 

Organization reported the large number of infection in building Block E that the dry U-traps in bathroom 447 

allowed the contaminated sewage droplets entering households, and the increasing number of virus in 448 

the sewer system was aerosolized in bathroom (World Health Organization, 2003) and contaminated 449 

droplets were transported through the running exhaust fan to air shaft and thus to the upper part of the 450 

building (World Health Organization Regional Office for the Western Pacific, 2003). Since some of the 451 

patients did not have person-to-person contacts with others, Yu et al. (2004) conducted some 452 

epidemiologic analysis, experimental studies and airflow simulations to further examinate and confirm 453 

the airborne spread of SARS between building blocks. Since the outbreak of SARS and avian flu in 454 

2003, researchers start investigating the relationship between urban environments and the infectious 455 

diseases, and how different urban settings can affect health of inhabitants and the spread of diseases 456 

(Wolf, 2016). This study further emplasizes the relationship between building geometry and COVID-457 

19 cases. 458 

 459 

The average street length was significantly related to urban geometry, as four models suggested the 460 

negative correlation of this factor with the infection risk within a 500m walkable zone. Longer lengths 461 
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generally represented by main roads and shorter lengths represented by short streets and lanes. As 462 

shown in Figure 5a, the pedestrian networks in Hong Kong urban areas usually consist of several main 463 

roads and a number of short streets connecting with the main roads. Long average street length is the 464 

result of low connectivity where only main roads exist in the target zone (Figure 5b) and there are fewer 465 

connections between roads. The walking mobility is thus restricted by limited connectivity and this also 466 

reduces the social contact. Increasing social distancing has been demonstrated as a mean to reduce the 467 

spread of COVID-19, and the low walking mobility from low connectivity is able to achieve the 468 

objective in reducing the infection risk, probably through increased social distancing. 469 

 470 

In addition to the analysis of individual factors, a major conclusion of this study is that urban geometry 471 

is more important than socio-demographic characteristics in COVID-19 risk. Most other studies of the 472 

spatial-statistical factors related to COVID-19 cases focused on socio-demographic characteristics, (e.g., 473 

Drefahl et al., 2020; Mogi & Spijker, 2020; Raifman & Raifman, 2020) while the urban geometry is 474 

rarely considered. In this study, although the number of independent variables for urban geometry was 475 

fewer than socio-demographic characteristics, the results indicate that urban geometry is more 476 

important than socio-demography in affecting the COVID-19 cases in Hong Kong. Although this 477 

significant association has not been mentioned in the literature, urban geometry has been found 478 

influential to other diseases. For example, building properties were found correlated with tuberculosis 479 

(Lai et al., 2013), respiratory conditions (McCarthy et al., 1985), visual and acoustic comfort (Chan and 480 

Liu, 2018), thermal comfort (Ali-Toudert and Mayer, 2006) and excess mortality (Wong et al., 2017). 481 

The results of this study confirm the association between urban geometry and disease in the case of 482 

COVID-19. The findings on the importance of the urban geometry in this study can be further extended 483 

to other infectious diseases, e.g. influenza, tuberculosis and dengue fever. Since there are only a few 484 

studies evaluating the association between infectious diseases and urban geometry, this study could 485 

further be extended once the data are available. 486 

 487 

Limitations of the study include the use of the imported cases as a control group for comparison with 488 

the local cases, as it is based on the assumption that the imported cases were not exposed in the high-489 
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risk areas when they became infected. The reason for not selecting healthy people as the control group 490 

was to prevent bias caused by the differences between the control group and target group, as more than 491 

seven million people did not catch the disease. Regarding the data used, all the urban geometry and 492 

socio-demographic factors considered were collected at a fixed time, as the spatially and temporally 493 

dynamic data were unavailable. In addition, the socio-demographic data have been retrieved from the 494 

census at TPU, rather than based on the characteristics of an individual patient. The method used in this 495 

study displays great applicability in determining the influence of the social environment on the 496 

individuals, rather than the individual personal characteristics (Kosatsky et al., 2012). If the personal 497 

characteristics of individual patients could be obtained, an individual vulnerability could be identified 498 

using a similar approach. Although this study could not exhaust all the potential factors, it provides a 499 

useful approach to the identification and highlights the importance of urban geometry to COVID-19 500 

cases. 501 

  502 
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6. Conclusions 503 

In this study, a combination of logistic, case-control and Lasso regressions was performed to evaluate 504 

the importance of urban geometry and socio-demographic factors in the transmission and spread of 505 

COVID-19 cases in Hong Kong. The main factors contributing to increased risk were building height, 506 

working in another district on Hong Kong Island, and service and sales occupations. Low-risk factors 507 

included districts with large variation in building density, low walkability and occupation of skilled 508 

agricultural and fishery workers, and occupations not classifiable. The results suggest the important 509 

contribution of urban design and geometry, including building geometry and road network settings, to 510 

risk from COVID-19 when compared with socio-demographic characteristics. This result can provide 511 

insight for citizens to understand and avoid risk, and for government to establish planning and design 512 

policies to minimize disease transmission in the short-term and better urban planning in the long-term. 513 
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Appendix 528 

Table A.1 – Variables used in this study 529 

Main category Sub-category Variable 

Urban geometry Building 

geometry 

1. Building height (Sum/Standard deviation) 

2. Building density (Sum/Standard deviation) 

3. Sky view factor (Sum/Standard deviation) 

Road network 1. Number of nodes in network 

2. Number of edges in network 

3. Average node degree  

4. Intersection count  

5. Average streets per node 

6. Counts of streets per node  

7. Total edge length  

8. Average edge length 

9. Total street length  

10. Average street length  

11. Count of street segments  

12. Average circuity 

13. Self-loop proportion  

14. Mean average neighbourhood degree 

15. Mean average weighted neighbourhood degree 

16. Average degree centrality  

17. Average weighted clustering coefficient 

18. Average betweenness centrality  

Greenspace 1. Normalized difference vegetation index 

(Sum/Standard deviation) 

Socio-

demographic 

characteristics 

Demographic 

characteristics 

1. Total number of populations 

2. Population density 

3. Age 

(i) 0 – 19 (Male/Female/Both sex) 

(ii) 10 – 64 (Male/Female/Both sex) 

(iii) 65 + (Male/Female/Both sex) 

4. Median age (Male/Female/Both sex) 

5. Ethnicity  

(i) Chinese 

(ii) Filipino 

(iii) Indonesian 

(iv) White 

(v) Others 

6. Marital Status 

(i) Never married 

(ii) Married 

(iii) Widowed 

(iv) Divorced 

(v) Separated 

7. Usual spoken language 
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(i) Cantonese 

(ii) Putonghua 

(iii) Other Chinese dialects 

(iv) English 

(v) Other languages 

8. Whether able to read Chinese 

(i) Able to read 

(ii) Not able to read 

9. Whether able to read English 

(i) Able to read 

(ii) Not able to read 

10. Whether able to write Chinese 

(i) Able to write 

(ii) Not able to write 

11. Whether able to write English 

(i) Able to write 

(ii) Not able to write 

Educational 

characteristics 

1. Educational attainment (highest level attended) 

(i) No schooling/ Pre-primary 

(ii) Primary 

(iii) Lower secondary 

(iv) Upper secondary 

(v) Post-secondary: Diploma/ Certificate 

(vi) Post-secondary: Sub-degree course 

(vii) Post-secondary: Degree course 

Economic 

characteristics 

1. Economic activity status 

(i) Employees 

(ii) Employers 

(iii) Self-employed 

(iv) Unpaid family workers 

(v) Home-makers 

(vi) Students 

(vii) Retired 

(viii) Others 

2. Place of Work 

(i) Work in the same district 

(ii) Work in another district on Hong Kong Island 

(iii) Work in another district in Kowloon 

(iv) Work in another district in New Towns 

(v) Work in another district in other areas in the 

New Territories 

(vi) No fixed place/ Marine 

(vii) Work at home 

(viii) Places outside Hong Kong 

3. Monthly income from main employment 

(i) < HK$10,000 

(ii) HK$10,000 –HK$19,999 
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(iii) HK$20,000 –HK$39,999 

(iv) > = HK$ 40,000 

4. Median monthly income from main employment 

(Male/Female/Both sex) 

5. Occupation 

(i) Managers and administrators 

(ii) Professionals 

(iii) Associate professionals 

(iv) Clerical support workers 

(v) Service and sales workers 

(vi) Craft and related workers 

(vii) Plant and machine operators and assemblers 

(viii) Elementary occupations 

(ix) Skilled agricultural and fishery workers; and 

occupations not classifiable 

6. Industry 

(i) Manufacturing 

(ii) Construction 

(iii) Import/export, wholesale and retail trades 

(iv) Transportation, storage, postal and courier 

services 

(v) Accommodation and food services 

(vi) Information and communications 

(vii) Financing and insurance 

(viii) Real estate, professional and business services 

(ix) Public administration, education, human 

health and social work activities 

(x) Miscellaneous social and personal services 

(xi) Others: including “Agriculture; forestry and 

fishing”; “Mining and quarrying”; “Electricity 

and gas supply”; “Water supply; sewerage, 

waste management and remediation activities” 

and industrial activities unidentifiable or 

inadequately described 

7. Weekly usual hours of work of all employment 

(i) < 18 

(ii) 18 – 34  

(iii) 35 – 44  

(iv) 45 – 54  

(v) 55 – 64  

(vi) 65+ 

Household 

characteristics 

1. Household size 

(i) 1 

(ii) 2 

(iii) 3 

(iv) 4 

(v) 5 



 

32 

 

(vi) 6 + 

2. Average domestic household size 

3. Household composition 

(i) Composed of couple 

(ii) Composed of couple and unmarried children 

(iii) Composed of lone parent and unmarried 

children 

(iv) Composed of couple and at least one of their 

parents 

(v) Composed of couple, at least one of their 

parents and their unmarried children 

(vi) Composed of other relationship combinations 

(vii) One-person households 

(viii) Non-relative households 

4. Monthly domestic household income 

(i) < HK$10,000 

(ii) HK$10,000 –HK$19,999 

(iii) HK$20,000 –HK$39,999 

(iv) HK$40,000 –HK$79,999 

(v) > = HK$ 80,000 

5. Median monthly domestic household income 

6. Median monthly household income of economically 

active households 

Housing 

characteristics 

1. Type of Housing 

(i) Public rental housing 

(ii) Subsidised home ownership housing 

(iii) Private permanent housing 

(iv) Non-domestic housing 

(v) Temporary housing 

2. Tenure of Accommodation 

(i) Owner-occupier – With mortgage or loan 

(ii) Owner-occupier – Without mortgage and loan 

(iii) Sole tenant 

(iv) Co-tenant/Main tenant/Sub-tenant 

(v) Rent free 

(vi) Provided by employer 

3. Median monthly domestic household rent 

4. Median rent to income ratio 

 530 

  531 
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