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17 The impact of urban scaling structure on the local-scale transmission of 

18 COVID-19: A case study of the Omicron wave in Hong Kong using 

19 agent-based modelling

20 Superspreading events underscore the uneven distribution of COVID-19 

21 transmission among individuals and locations. These heterogenous transmission 

22 patterns may stem from human mobility, yet the underlying mechanisms are still 

23 not fully understood. Here, we employ an agent-based model incorporating urban 

24 scaling structure to simulate fine-grained mobility and human-to-human 

25 transmission process. Our results reveal that not only the quantity but also the 

26 scaling structure of mobility profoundly influence local transmission risk. Urban 

27 scaling structure is characterized by a widely-found power-law scaling distribution 

28 of mobility volumes across different locations. By integrating this structure, our 

29 model fits reasonably well with empirical Omicron data at various spatial scales in 

30 Hong Kong. Further analyses show a positive association between the scaling 

31 index, representing the location’s importance within the structure, and local 

32 transmission risks among urban areas as well as the likelihood of becoming 

33 superspreaders among local visitors. This implies that urban scaling structure may 

34 offer the first-mover advantage to a minority of places and individuals to infect 

35 earlier and thus infect more. This study brings important insights for transmission 

36 dynamics of COVID-19 and similar diseases, highlighting the role of urban scaling 

37 structure in influencing local transmission risks and superspreading events.

38 Keywords: COVID-19; scaling structure; complex system; transmission risk; 

39 superspreading event

40 Introduction

41 The COVID-19 pandemic has caused numerous infections and fatalities since the end of 

42 2019 (Keni et al. 2020; A. T. Levin et al. 2022; Paul, Brown, and Ridde 2020). Extensive 

43 evidence reveals that the impact of COVID-19 is unevenly distributed among social 

44 groups and urban areas (Ahmed et al. 2020; Blundell et al. 2022; Damme et al. 2020; 

45 Huang and Kwan 2021; Xi et al. 2023). For example, disadvantageous groups and 

46 individuals residing in densely populated areas often experience a higher COVID-19 
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47 incidence (Chang et al. 2021; Chowkwanyun and Reed 2020; Yancy 2020). Moreover, in 

48 addition to disparities in incidence rates, local transmission processes exhibit significant 

49 disparities as well. Superspreading events demonstrate that a minority of individuals and 

50 locations can contribute to the majority of transmission (Adam et al. 2020; Lau et al. 

51 2020; Lewis 2021; Majra et al. 2021). Such uneven transmission patterns place a 

52 substantial burden on intervention strategies. To better combat future pandemic, a deep 

53 understanding of local transmission patterns within cities is imperative (Koks et al. 2020; 

54 Lewis 2021; Rasmussen, Khoury, and del Rio 2020; Yang et al. 2023).

55 Local-scale transmission of COVID-19 has been closely linked to human mobility 

56 patterns (Damme et al. 2020; Franch-Pardo et al. 2020; Kan et al. 2023; Nouvellet et al. 

57 2021; Xu, Jin, and Lee 2023; W. Zhang and Ning 2023). However, the mechanistic 

58 connections between the two are still not fully understood (Alessandretti 2022). Many 

59 studies identify local mobility volumes as a critical predictor of COVID-19 transmission 

60 trends, and they conjectures that the large mobility volume result in more intensive 

61 contacts and thus an increased transmission risk (Badr et al. 2020; Hong et al. 2021; 

62 Kogan et al. 2021; R. Levin et al. 2021; Nouvellet et al. 2021). Nonetheless, this 

63 explanation may not be exhaustive, as it primarily focuses on the magnitude of local 

64 mobility while overlooking other important aspects, such as, the underlying structure of 

65 mobility.

66 The underlying structure of human mobility could also exert a substantial 

67 influence on the transmission dynamics of COVID-19. Previous research has established 

68 that mobility volumes within urban areas follows a power-law scaling distribution (Batty 

69 2008; Bettencourt 2013; Brockmann, Hufnagel, and Geisel 2006; Jiang, Yin, and Zhao 

70 2009). In simple terms, only a minority of urban areas exhibit large mobility volumes, 

71 while the majority have lower mobility volumes. This phenomenon is referred as urban 
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72 scaling structure in this study. Many studies have confirmed that this structure can be 

73 used to simulate fine-grained mobility patterns across urban space (Jiang and Jia 2010; 

74 D. Ma et al. 2020; Schläpfer et al. 2021). This structure characterizes how urban areas 

75 with heterogenous mobility volumes are spatially distributed and how they interact at the 

76 local scale, which can be critical to influencing local-scale transmission of COVID-19.

77 Despite the importance of urban scaling structure, most existing studies have 

78 primarily focused on examining its effects on overall transmission trends of entire cities 

79 or countries, with limited exploration of its impact on the local-scale transmission within 

80 cities (Aguilar et al. 2022; Lima and Atman 2021; Schläpfer et al. 2014; Tizzoni et al. 

81 2015). For example, one study compared urban scaling structures in three cities and found 

82 that more centralized cities, where mobility gathers in a few hotspots, tend to experience 

83 larger epidemic size and faster spread rates (Aguilar et al. 2022). Two other studies 

84 examined the scaling properties of human interactions across multiple large cities using 

85 mobile phone data or Twitter data and found that cities with the higher degree of scaling 

86 can facilitate the overall disease transmission (Schläpfer et al. 2014; Tizzoni et al. 2015). 

87 While these studies underscore the crucial role of urban scaling structure in disease 

88 transmission, they leave the question of how this structure influences local-scale 

89 transmission within cities largely unanswered.

90 To address this gap, this study employed a spatially explicit Agent-Based Model 

91 (ABM) that incorporated urban scaling structure to simulate fine-scaled mobility patterns 

92 and to reconstruct local transmission processes. The spatial scale employed for simulating 

93 local transmission in this study is the subunit of Tertiary Planning Unit (subTPU) in Hong 

94 Kong, consisting of 4,863 units. This approach enables us to gain deeper insights into the 

95 underlying mechanisms through which urban scaling structure contributes to the 

96 heterogeneity in local transmission risks. To validate our model, we compared the 
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97 simulation outcomes with empirical case data from the Omicron wave in Hong Kong 

98 (HK) across three spatial scales. Further statistical analyses of simulation data examined 

99 the relationship between the scaling index, representing a location’s importance within 

100 the structure, and local transmission risk as well as the likelihood of local visitors 

101 becoming superspreader. Additionally, we analysed the unevenly distributed stress on 

102 local hospitals resulting from heterogenous transmission patterns and provided qualitative 

103 suggestions for hospital emergency preparedness. This study thus enhances our 

104 understanding of how human mobility and its scaling structure influence local 

105 transmission risks and superspreading events, which may inform precise and effective 

106 interventions to combat future pandemic.

107 Study area and datasets

108 Our study area is HK that is a worldwide metropolitan city with a population of over 7.4 

109 million. The Omicron wave in HK, from 1 February to 30 March 2022, was chosen as 

110 our study event. The Omicron wave infected over 40 percent of population (HKUMed 

111 2022). On contrary, previous waves caused limited number of infections (around 0.2 

112 percent of population), and such a small number might bring large uncertainty to our 

113 study. We thus excluded the other waves and chose the Omicron wave. In this study, 

114 empirical data regarding four aspects are used to build the model and to validate the 

115 model, including case data, demographic data, mobility data, and vaccine data.

116 Case data

117 Empirical case data at three spatial scales were used to validate our model (see Model 

118 initialization, calibration and validation in Methods): (1) at the city level, the number of 

119 daily confirmed cases was directly used; (2) at the tertiary planning units (TPU) level, we 

120 retrieved the number of daily cases confirmed by Rapid Antigen Tests (RAT) from the 
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121 RAT reporting platform, launched on 7 March 2022, that records over 460 thousand self-

122 reporting cases and their home building locations (Hong Kong Government 2023a). (3) 

123 at the subunit of TPU (subTPU) level, we identified the high-risk subTPUs where is most 

124 frequently visited by observed cases based on contact tracing data. The contact tracing 

125 data records which buildings the cases had visited during the period 1 to 14 days before 

126 their symptoms started, as of 6 February 2022 (Hong Kong Government 2023b), which 

127 contains 22,869 visitations of 10,608 cases.

128 Demographic data

129 The 2016 census tables were used to generate synthetic population, which contain the 

130 number of populations across 1,622 census tracts by sex, age groups, and household sizes. 

131 The 2011 household survey data from the Hong Kong Transport Department records the 

132 compositions of household members in 35,401 households. 

133 Mobility data

134 The 2011 travel survey data from the Hong Kong Transport Department was used to 

135 generate synthetic mobility behaviors, which provides 121,204 one-day trips of 58,843 

136 residents across 4,863 subTPUs. As shown in Figure S1, even though the 2011 travel 

137 survey data do not cover the simulation period, it exhibits a notable representativeness of 

138 Hong Kong mobility patterns, when comparing to the mobility structure of 2020 subway 

139 data (Zhang et al. 2021). In addition, the Google mobility change index (Google LLC 

140 2023) was used to represent the overall mobility change in response to interventions 

141 during the simulation period. Google mobility change index measures variations in 

142 mobility volume at the city level. Based on anonymized and aggregated location data 

143 from users, Google calculates a percentage change relative to a baseline period (from 3 
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144 January to 6 February 2020) to facilitate temporal comparisons. As shown in Figure S4, 

145 positive values indicate an increase in visits, while negative values suggest a decrease. 

146 Vaccine data

147 To account for the population immunity, we retrieved the daily counts of vaccination by 

148 age group from the Hong Kong Health Bureau Department (DATA.GOV.HK 2023). It 

149 records cumulative COVID-19 vaccine uptake of BioNTech or Sinovac, categorized by 

150 the vaccine type and order (e.g., BioNTech-BioNTech, or BioNTech-Sinovac) in 

151 different age on a daily basis.

152 Methods

153 To build the spatially explicit ABM, the census data and household survey data were first 

154 used to generate the demographic and household characteristics of synthetic individuals 

155 (Figure 1a), using iterative proportional fitting (IPF) (Templ et al. 2017; Wong 1992). 

156 727,796 agents, almost 10 percent of the Hong Kong population, with age, sex, and 

157 household structure characteristics were generated that have identical joint distributions 

158 of the real population across 1,622 census tracts.

159 We then generated the mobility and social contact behaviours of the synthetic 

160 individuals, and disease would start to spread through those behaviours. For mobility 

161 behaviours, the traditional mobility model, the departure-diffusion model (Giles and 

162 Wesolowski 2023), was first built using the limited number of 2011 travel survey data in 

163 Hong Kong, simulating the daily mobility flows across TPUs (Figure 1b). To further 

164 refine the mobility flows to subTPUs, we built a subTPU complex network that captures 

165 the urban scaling structure based on the hierarchical and spatial relationships of subTPUs 

166 considering mobility volume (Jiang and Jia 2010; D. Ma et al. 2020; Schläpfer et al. 2021). 

167 Based on the complex network, the scaling index for each subTPU was calculated by 
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168 using the Google’s PageRank algorithm (Brin and Page 1998) to refine the destinations 

169 of mobility flows to the subTPU level (Jiang and Jia 2010; Jiang, Yin, and Zhao 2009).

170 There is a two-layer contact structure in our model (Figure 1c). On a daily basis, 

171 agents first had contacts with families at home, and then had contacts with other people 

172 in the same places during trips. Each agent had a certain number of daily contacts that 

173 was sampled from the age-dependent distributions (Figure 1d). For every contact, the 

174 susceptible agent had a specific probability to contract the virus from the infectious and 

175 enter the latency period and afterward the infectious period.

176 Most of our parameters were from empirical evidence (Table 1), but two constant 

177 parameters needed to be calibrated: the infection probability per contact and the initial 

178 proportion of latent cases. We calibrated them to the observed city-level daily cases by 

179 minimizing the Root Mean Square Error (RMSE). In addition, the in-sample prediction 

180 accuracy was evaluated: when calibrated on the number of city-level cases, our best-fit 

181 model can predict roughly well the city-level cases and the TPU-level cases.

182 Simulating synthetic individuals

183 Demographic and household characteristics

184 Based on the aggregate census tables and individual-level household survey data, we used 

185 IPF to generate and calibrate the 727,796 agents and 263,609 households with age, sex, 

186 household structure characteristics across 1,622 census tracts that have identical joint 

187 distributions of the real population (Table 1) (Templ et al. 2017; Wong 1992). The 

188 simulated household structure includes the composition of individuals within a household 

189 unit. Our model considers not only the household sizes but also the age and sex 

190 composition of household members. 
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191 The workflow for simulating the demographic and household characteristics of 

192 synthetic individuals follows the following process (Templ et al. 2017): firstly, the 

193 individual-level household survey data is calibrated to match the true population numbers 

194 by age and sex, using IPF. IPF is a technic to fit an n-dimensional table (household survey 

195 data in our context) with unknown entries to match a set of marginal distributions (derived 

196 from aggregate census tables). This iterative process involves adjusting the inner cells for 

197 each dimension to match the totals for the given dimensions according to related marginal 

198 distributions. The iteration continues the n-dimensional table fits all marginal 

199 distributions. Then, the calibrated individual-level household survey data is extrapolated 

200 to create the realistic household structure of the synthetic population. Finally, synthetic 

201 individuals and households are randomly allocated to each census tract, with ongoing 

202 adjustments to the allocation process until the convergence is achieved and a good fit to 

203 the aggregate census tables is attained.

204 Urban scaling structure, the scaling index, and mobility behaviours

205 To account for the spatial heterogeneity in mobility patterns, we initially simulated the 

206 TPU-TPU mobility flows using the departure-diffusion mobility model (Giles and 

207 Wesolowski 2023). Considering the trade-off between spatial resolution and prediction 

208 accuracy of the traditional mobility models, we subsequently constructed a subTPU 

209 complex network to inform mobility at finer spatial scales. The nodes and links of this 

210 network serve to characterize the urban scaling structure, specifically delineating the 

211 scaling properties of mobility towards different locations within a city. In this case, the 

212 scaling indices, which encapsulate the scaling properties of urban scaling structure, were 

213 used to distribute the destinations of previously simulated TPU-TPU flows to the subTPU 
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214 level. As a result, this approach enabled the simulation of mobility volumes across 

215 subTPUs that follows the scaling law.

216 In the simulation of TPU-TPU mobility flows, the departure-diffusion model 

217 (Giles and Wesolowski 2023) was used. This model estimates the travel probability 

218 within and outside the origin separately and combines them using conditional probability 

219 rules. The model first estimates the travel probability outside the origin location  (the i

220 departure process) and then the distribution of travel from the origin by normalizing 

221 connectivity values across all  destinations (the diffusion process). These two processes 𝑗

222 are then combined in the departure-diffusion model as  (the probability of leaving origin 𝜏𝑖

223 ) and  (the probability of going from  to ). The probability of travel within the origin i 𝜋𝑖𝑗 i 𝑗

224  is denoted as Equation 1, and the probability of travel outside the origin  is described i i

225 as Equation 2. The expected mean number of trips for route  is then as shown in i→𝑗

226 Equation 3, where  is a proportionality constant representing the overall number of trips 𝜃

227 per person in an origin population of size .𝑁𝑖

228                                                             (1)𝑃𝑟 (¬𝑑𝑒𝑝𝑎𝑟𝑡𝑖) = 1 ― 𝜏𝑖

229                    (2)Pr (𝑑𝑒𝑝𝑎𝑟𝑡𝑖,𝑑𝑖𝑓𝑓𝑢𝑠𝑒𝑖→𝑗) = Pr (𝑑𝑖𝑓𝑓𝑢𝑠𝑒𝑖→𝑗| 𝑑𝑒𝑝𝑎𝑟𝑡𝑖)Pr (𝑑𝑒𝑝𝑎𝑟𝑡𝑖) = 𝜏𝑖𝜋𝑖𝑗

230                                                   (3)𝜆𝑖𝑗 =  {𝜃𝑁𝑖(1 ― 𝜏𝑖)         𝑖𝑓 𝑖 = 𝑗
𝜃𝑁𝑖𝜏𝑖𝜋𝑖𝑗              𝑖𝑓 𝑖 ≠ 𝑗

231 As there is a trade-off between spatial resolution and prediction accuracy of traditional 

232 mobility models with limited number of travel survey data (Table S6), we then 

233 characterized urban scaling structure to further refine the mobility patterns across 

234 subTPUs. 

235 Urban scaling structure, in this study, particularly refers to the scaling property of 

236 human mobility within cities. More precisely, the mobility volumes originating from or 
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237 destined for different locations in a city follows the scaling law (Batty 2008; Brockmann, 

238 Hufnagel, and Geisel 2006; Jiang, Yin, and Zhao 2009). The scaling property of mobility 

239 can be reflected in nodes (origin and destination of movement) and links (between nodes) 

240 from a network perspective, which has proven effective in informing mobility at quite 

241 fine spatial scales (Jiang and Jia 2010; D. Ma et al. 2020; Schläpfer et al. 2021). Jiang 

242 (2018) introduced a topological network representation of taking urban space as a living 

243 structure that differentiates from and adapts to each other, as intense local competition 

244 for space could be the major reason of the emergent scaling property of cities (Batty 

245 2008). By classifying nodes into different hierarchies and creating links between 

246 hierarchies and across hierarchies, the complex network can reflect the scaling property 

247 of mobility within cities at fine spatial scales (Jiang 2018; Jiang and Liu 2012; D. Ma et 

248 al. 2020). Therefore, we adopted this topological complex network to characterize the 

249 urban scaling structure. To build it, several steps were followed (Figure 1b): 

250 (1) Firstly, we took subTPUs as distinct nodes, and divided them into 5 hierarchies 

251 (see Table S7) by mobility volume using head/tail breaks proposed by Jiang (2013). The 

252 head/tail breaks classification method is specifically designed for heavy-tailed data (e.g., 

253 the power-law scaling distributed data). This method involves iteratively partitioning all 

254 data values around the mean into two parts until the head part are no longer heavy-tailed 

255 distributed. (2) The nodes in the same hierarchy were then used to create Thiessen 

256 polygons, and one hierarchy leads to one way of segmentation of urban space. The 

257 hierarchies and the Thiessen polygons we partitioned demonstrate how urban areas 

258 differentiate from each other. (3) Based on the polygon-to-polygon relationships, we 

259 created edges among subTPUs, which show how urban areas adapt to each other. 

260 Specifically, in the same hierarchy, the small sized subTPU points to the adjacent large 

261 subTPUs, and across two consecutive hierarchies, the low-level subTPU points to the 
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262 high-level subTPU which contains it. As a result, the subTPU complex network was 

263 created to characterize the scaling property of human mobility patterns across subTPUs.

264 Based on the constructed subTPU network, the Weighted PageRank algorithm 

265 (Brin and Page 1998) was used to calculated the scaling index for each node, as this 

266 algorithm can evaluate the relative importance of nodes in the scaling-characterized 

267 networks. The Weighted PageRank algorithm considers not only the mobility volume of 

268 the node but also the mobility volume of its neighbours and its neighbours’ neighbours 

269 through an iterative process. The “neighbours” of a node here is defined as the other nodes 

270 that directly point to it. The algorithm first assigns an initial index (the mobility volume) 

271 to each node. Then, through an iterative process, it adjusts these indices by considering 

272 the indices of linking nodes (Equation 4). This iterative nature of this algorithm ensures 

273 convergence to stable values, providing a measure of a node's relative importance within 

274 the complex network. 

275                                                  (4)𝑃𝑅 (𝑖) = (1 ― 𝑑) +𝑑∑
𝑗𝑃𝑅(𝑗)𝑊𝑖,𝑗

276 where  is a damping factor (usually set to 0.85), and  is the nodes that point to ,  is 𝑑 𝑗 𝑖 𝑊𝑖,𝑗

277 the weight of which is typically normalized to ensure that the sum of the weights 𝑙𝑖𝑛𝑘𝑖,𝑗 

278 for outgoing links from each node is equal to 1. More mathematics details can be found 

279 in Xing and Ghorbani (2004).

280 As the calculated scaling index is a good indicator to predict the fine-grained 

281 aggregate mobility (Jiang and Jia 2010; Jiang, Yin, and Zhao 2009), it was used to 

282 prorated TPU-level mobility to subTPUs. In essence, the destinations of original TPU-

283 TPU mobility flows were refined to the subTPU level, but the origins remained at the 

284 TPU level. The origins (namely, the home locations of synthetic individuals) could not 

285 be simulated at the subTPU level due to the limitations of available census tables. For the 

286 technic details, agents were first assigned their TPU destinations by their home TPUs; 
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287 and according to the refinement of TPU destinations, agents were then assigned finer 

288 subTPU destinations. After the processes, we differentiated agent’s visits across 4,863 

289 subTPUs, which would further have important effect on the social contact behaviours in 

290 subTPUs.

291 Mobility changes to Non-pharmacological Interventions (NPI)

292 We assume that the effect of social distancing, school closure, and work from home can 

293 be reflected as mobility decline. The reduced mobility would result in decreased social 

294 contacts and thus disease control. Therefore, the Google mobility change index (Google 

295 LLC 2023) that represented the mobility change during the simulation period was used 

296 to represent the NPI effects on disease spread (Figure S3). Notably, we assume that half 

297 of infected individuals would undergo 7-day isolation at home (HKUMed 2022). The 

298 mobility changes resulting from isolation were integrated into our arrangement of the 

299 daily mobility change index. This setting reflects the real-world scenario where 

300 individuals who developed symptoms or was confirmed as positive cases are more likely 

301 to stay home (Bian et al. 2012; Cai et al. 2022; HKUMed 2022). To apply this setting, we 

302 employed probability sampling to determine who would undergo isolations when 

303 infected. Subsequently, when they were developing symptoms or being confirmed 

304 (whenever is earlier), they would start their 7-day isolations. After this, the remaining 

305 reduction in mobility was randomly assigned to other non-infected individuals, using the 

306 Monte Carlo method. 

307 Contact behaviours

308 As shown in the two-layer contact structure (Figure 1c), all agents first contacted every 

309 other family member on a daily basis. In our study, the contacts occurred within 

310 households and among family members were classified as household contacts. Contacts 
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311 occurring during trips, excluding those within households, were classified as non-

312 household contacts. Subsequently, after cancelling a certain percentage of agent trips as 

313 described in Mobility changes to Non-pharmacological Interventions (NPI), for the agent 

314 who still had trips, it visited different subTPUs and had a chance to contact a certain 

315 number of contactees in the same subTPU. The contactees were randomly chosen on the 

316 first simulation day and fixed afterward, using the Monte Carlo method. A certain number 

317 of contacts was sampled from the age-dependent distributions (Figure 1d) (Kucharski et 

318 al. 2014): we first sampled the total number of contacts from the age-dependent 

319 distribution, and then simply assume that the number of non-household contacts was 

320 evenly distributed in daily visited subTPUs.

321 Infection attributes

322 Susceptible-Latent-Infectious-Removed model was used to represent the course 

323 of COVID-19 infection in our model. On the first simulation day, almost all agents are 

324 susceptible to the virus, except for a proportion of initial cases. Through daily contacts, 

325 susceptible agents could contract the virus and subsequently enter the latency period and 

326 the infectious period. As the Gamma distribution is a probability distribution that models 

327 right-skewed data and the individual variability in latency period and infectious period 

328 tends to be right-skewed, Omicron studies tend to adopt this distribution to characterize 

329 individuals’ latency period and infectious period (Cai et al. 2022; Manica et al. 2022). 

330 Therefore, we used the estimated Gamma distributions to sample the lengths of the 

331 latency period and the infectious period for each infected agent, with mean values of 1.20 

332 and 5.64, respectively. Moreover, we further assume that the confirmation delay from 

333 being infected to being confirmed follows the Gamma distribution, with a mean delay 

334 time of 5.05 days (Manica et al. 2022).
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335 To estimate the number of confirmed cases from the overall infections, we assume 

336 that 8 percent of the infections were confirmed before 24 February, 30 percent were 

337 confirmed between 24 February and 7 March, and afterward, 35 percent were confirmed, 

338 due to the changing reporting standard. On 24 February, the HK government officially 

339 acknowledged positive cases tested by commercial laboratories as confirmed cases, 

340 reporting them without double confirmation. Additionally, the RAT online reporting 

341 system, launched on 7 March, allowing citizens to report positive results tested since 26 

342 February. The values of report rates were from Hong Kong University’s study (HKUMed 

343 2022), assuming report rates were 0.08 before and 0.20 after 24 February. However, the 

344 post-February 24 value did not account for RAT-reported cases, as these values were 

345 estimated on 28 February 2022, before the system’s launch. The RAT system-reported 

346 cases accounted for 40 percent of the total reported cases during the simulation period, so 

347 we adjusted report rates to our current setting as . Sensitivity 20% ÷ (1 ― 40%) ≈ 33%

348 analyses on other values, including increasing from 0.08 to 0.10, and decreasing from 

349 0.30 to 0.25, and 0.35 to 0.30, revealed that our current setting fits better than other 

350 scenarios (see Sensitivity analyses on report rates in Supplementary Material).

351 Protection behaviours

352 This work considered vaccine-acquired immunity, due to the limited number of infections 

353 (in total 12,258 cases by 20 December, 2021) during previous waves in HK. As there is 

354 no geographic information of vaccination data, we randomly assigned the vaccination 

355 status to agents by age group, using the Monte Carlo method. The vaccination status 

356 includes how many doses and which type of vaccine the agent had been taken. We assume 

357 that the vaccination can reduce the per-contact infection probability by certain 

358 percentages (Table S8) that are determined by the inoculation time, the number of doses, 
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359 and the vaccine type (Andrews et al. 2022; HKUMed 2022; Kirsebom et al. 2022). In 

360 addition, as almost 96.6 percent Hong Kong residents wear masks, we did not explicitly 

361 consider the protective effects of mask-wearing behaviours (Cheng et al. 2020).

362 To model heterogenous healthcare burden associated with Emergency 

363 Department (ED) visits and hospitalizations, we assume that 8.6 percent of confirmed 

364 cases visited Emergency Department (ED), and 2.7 percent of confirmed cases required 

365 hospitalization (Iuliano et al. 2022). These severe cases would search the medical care 

366 from the hospital closest to their residences. To determine the ED capacity for COVID-

367 19 patients in 17 Hong Kong hospitals, we assume that half of the ED capacity (Hong 

368 Kong Government 2023c) was used to serve COVID-19 patients (HKUMed 2022). As 

369 for the hospital bed capacity, we assume that one in five hospital beds per day were 

370 available capacity for new hospitalizations in seven COVID-19-designated hospitals 

371 because patients would normally stay in hospital for 5 days (HKUMed 2022).

372 Model initialization, calibration and validation

373 Model initialization

374 The experiments span from 1 February to 30 March 2022. We assume that initially a  p0

375 proportion of agents was infected and all of them were in the latency period. The latent 

376 agents were randomly selected from the whole population, using the Monte Carlo method.

377 Model calibration

378 Most model parameters (Table 1) can be estimated from empirical data or studies. Apart 

379 from this, two parameters need to be calibrated with data: (1) the infection probability per 

380 contact ; (2) the initial proportion of exposed cases . We calibrated these two 𝑝𝑖  𝑝0
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381 parameters to the city-level number of confirmed cases from 1st February to 30th March 

382 2022 as follows: 

383 We first identified plausible parameter ranges and selected 800 parameter 

384 combinations to test which one best fits to the empirical data (see Selecting Parameter 

385 Ranges in Supplementary Materials). For each combination, 30 replicates were run. After 

386 running all combinations, we compared the model prediction to the empirical data by 

387 calculating RMSE: for each run,

388                                            (5)𝑅𝑀𝑆𝐸 =  
1
𝐷∑𝐷

𝑑 = 1(𝑁𝑑
𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑 ― 𝑁𝑑

𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑)2

389 where  is the observed confirmed cases (per 10,000 people) on day , and 𝑁𝑑
𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑 𝑑

390  is the corresponding value in the simulation. The average RMSEs over 30 𝑁𝑑
𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑

391 replicates were the final results for all parameter combinations.

392 The best-fit parameter set is that the one has the lowest value of average RMSE. 

393 To consider parameter uncertainty, we selected the parameter sets that have RMSE values 

394 within 20 percent of the lowest RMSE (Chang et al. 2021). By gathering the predictions 

395 over these selected parameter sets and replicates, we calculated the mean and 2.5th/97.5th 

396 percentiles as the model predictions.

397 Model validation

398 Three empirical data was used to validate different aspects of the simulation outcomes. 

399 Firstly, we used the city-level number of confirmed cases to calculate the city-level 

400 RMSE. Secondly, we used the TPU-level number of RAT-confirmed cases from 1st to 30 

401 March 2022 to calculate the RMSEs of 214 TPUs and summed these RMSEs together as 

402 the TPU-level RMSE (see Validation on TPU-level Data in Supplementary Materials). 

403 Thirdly, we compared the observed high-risk subTPUs with the simulated superspreading 

404 subTPUs that were identified by counting cumulative non-household infections that 
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405 occurred in every subTPU. Non-household infections in this context refer to cases that 

406 were infected through non-household contacts (refer to Contact behaviours). Specifically, 

407 these cases do not include household transmission and only consider the community 

408 transmission, which is consistent with the criteria of observed data. 

409 Results

410 Model fitting

411 Our model fits empirical case data roughly well at both the city level and the TPU level 

412 (Figure 2). Noted that the TPU-level prediction is more difficult than the city-level 

413 prediction, as the former predicts 214 epidemic curves, and the latter only predicts one 

414 curve. At the city level, our model accurately predicts the number of cases during the 

415 peak period from 21 February to 10 March 2022, but underestimates the case numbers 

416 before 21 February. This underestimation can be attributed to the Chinese New Year 

417 celebrations (from 1 to 15 February 2022) that caused intense social contacts and thus 

418 large number of infections. The limitations of our model stem from its reliance on Google 

419 mobility change data, which may not accurately capture the nuances of social behaviour 

420 changes during holidays, despite its proven representativeness during regular periods in 

421 other studies (Chang et al. 2021; Cot, Cacciapaglia, and Sannino 2021; Yilmazkuday 

422 2021). To solve this issue, more detailed social contact data during holiday periods are 

423 needed in future studies.

424 At the TPU level, our model predicts well the peak period of the eight most serious 

425 TPUs, but underestimates the cases after 7 March. As the empirical case data has an 

426 unnatural increase after 7 March, which could be largely resulted from the increased 

427 reporting behaviours due to the RAT reporting system launched on 7 March 2022, we 

428 infer that our underestimates could be partly originated from this reason. Although our 
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429 model considered the increased report rate after 7 March (increasing the report rate from 

430 0.3 to 0.35), other potential factors could still play in a role. For example, the launch of 

431 RAT reporting system might change the time gaps between the test date and the report 

432 date, and such change may significantly vary among individuals. Despite the 

433 underestimation, the analysis reveals a strong positive relationship between the 

434 cumulative observed RAT cases and simulated cases, as evidenced by a high Pearson 

435 correlation coefficient of 0.97 (p < 0.01). Furthermore, both empirical data and simulated 

436 results exhibit similar spatial patterns (Figure 2b).
437438  

439 The superspreading subTPUs

440 By calculating the average cumulative non-household infections (see Contact behaviours 

441 in Methods) across 30 runs using the best-fit parameters, we identified the superspreading 

442 subTPUs: 20 percent of superspreading subTPUs account for 78 percent of non-

443 household infections (Figure 3a). When comparing with the top 20 percent of the 

444 empirical high-risk subTPUs that were most frequently visited by cases (see Study area 

445 and datasets), our results identified 46 percent of them (Figure 3b). The top 20 percent 

446 of observed subTPUs gathered 83 percent of the visits by cases, which shows a similar 

447 nonlinear relationship with our results (Figure 3c).

448 The spatial distribution of simulated superspreading subTPUs is similar to the 

449 observed patterns (Figure 3b, d). They both confirmed that the financial and commercial 

450 centers and the most densely residential areas were highly risky. The differences between 

451 the simulated and observed patterns are that the simulated results include more high-risk 

452 subTPUs around the populated areas but exclude some high-risk subTPUs in the financial 

453 and commercial centers. Notably, the observed patterns include all visits of cases, but 

454 only a minority of them would lead to infections. Therefore, they may overestimate the 
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455 risk degree of some subTPUs, especially subTPUs that gather a large volume of visits, 

456 such as some in the financial and commercial centers.

457 The effects of urban scaling structure on transmission risks for subTPUs

458 To understand heterogenous transmission risks across subTPUs, multivariate linear 

459 regression was used to estimate the effects of key components, including spatial structure, 

460 mobility density, and the structure of social network for each subTPU. The transmission 

461 risk for subTPU was measured by the proportion of transmission contacts that 

462 successfully transmit the virus among all contacts. The mobility density refers to the 

463 number of visiting agents per unit of subTPU area. The social network is generated by 

464 the process described in Contact behaviours in Methods section. As the successful 

465 transmission is a chance event, we took 30-run average as the reported result to guarantee 

466 a more reliable estimation. After controlling mobility densities and clustering coefficients 

467 of social networks for 4,863 subTPUs, the scaling index still have an important effect on 

468 the transmission risk: a 1-percent-point increase in the scaling index leads to 2.54 percent 

469 increase in transmission risk on average (Table 2). 

470 The effects of urban scaling structure on individual’s probability of becoming a 

471 superspreader

472 As subTPUs with larger scaling index have higher transmission risks, individuals who 

473 visits these subTPUs may have higher chance to infect more people and become 

474 superspreaders. The top 10 percent of agents, ranked by the number of secondary cases, 

475 were classified as superspreaders, and these superspreaders accounted for on average 77.3 

476 percent (95% CI: 76.5%-78.6%) of infections across 30 simulations. Logistic regressions 

477 were used to quantify the average effect of spatial structure on individual’s probability of 

478 becoming a superspreader. After controlling the number of daily contacts, the average 
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479 scaling index has a large influence on the probability of being superspreaders: A 1-

480 percent-point increase in the average scaling index enhances 3.94 percent of the log odds 

481 ratio for individual becoming a superspreader, suggesting that the probability of being a 

482 superspreader would be increased by 4 percent (Table 3).

483 The unevenly distributed strain on local hospitals

484 Because the infections are unevenly distributed, the consequent hospital strain also 

485 expected to vary across space. To evaluate the local strain, we calculated the ratios of the 

486 simulated demands to available local capacities for ED visits and hospital beds (see 

487 Protection behaviours in Methods). During the peak period of the pandemic (from 1 

488 March to 15 March 2022), all hospitals were heavily hit, but the degree of hospital strain 

489 varies (Figure 4). In 17 hospitals with ED services, three of them experienced the most 

490 drastic surge in ED visits that excessed 350 percent of their capacities, and the rest of the 

491 hospitals mainly required 150 percent to 300 percent of current capabilities to cope with 

492 local ED demands (Figure 4a). To show the hospital strain on space, we take the service 

493 area (TPUs) of each hospital as a group and show the average hospital strain on each 

494 group. TPUs in the central of the city experienced severe ED strain, and remote TPUs in 

495 the west and north were slightly better (Figure 4a).

496 The strain on hospital bed capacity was also unevenly distributed across seven 

497 COVID-19 designated hospitals (Figure 4b). Three in seven hospitals required over 300 

498 percent of their current hospital bed capacities, but one hospital only used 18 percent of 

499 hospital beds, during the peak period. Remote TPUs in the west and east of the city 

500 experienced severe strain on hospital bed capacity, and the strain for the central TPUs 

501 was slightly relieved. The Island District in the southwest corner of the city was an 

502 exception, and the demand was much less than the local capacity.
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503 Discussion

504 This study employed the spatially explicit ABM to reconstruct the transmission processes 

505 at the fine spatial scale. After validating by city-level to subTPU-level empirical data, 

506 further statistical analyses of model results reveal that not only the quantity of mobility 

507 but also the scaling structure of mobility have important impacts on local transmission 

508 risk: areas with low scaling indices could be less likely to transmit virus, even when they 

509 have a rather large mobility density or a clustering social network; similarly, individuals 

510 who tend to visit low-scaling-index areas could be less likely to transmit the virus to 

511 others, even when they have a large number of contacts. These findings suggest urban 

512 scaling structure may play an important role in the mechanisms driving the heterogeneity 

513 in local transmission risks among urban areas and individuals.

514 How urban scaling structure influences local transmission risks

515 It is widely acknowledged that high population or mobility density would increase the 

516 local transmission risk (Alessandretti 2022; Damme et al. 2020; Hong et al. 2021; Wong 

517 and Li 2020). However, our findings suggest areas with a rather high mobility density 

518 may not necessarily be more likely to transmit virus, especially when they have low 

519 scaling indices. The scaling index measures the relative importance of different areas in 

520 the entire structure based on the links pointing to them and the links of those links through 

521 an iterative process (see Urban scaling structure, the scaling index, and mobility 

522 behaviours in Methods). Due to the nature of the scaling law (Clauset, Shalizi, and 

523 Newman 2009; Jiang 2009; Jiang, Yin, and Zhao 2009), only a minority of areas are of 

524 great importance in this structure, and they would be more likely to rapidly import the 

525 virus from the initial infections occurred in elsewhere. In this case, the high-scaling-index 

526 areas take one step ahead to infect susceptible people first, leaving little chance for most 
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527 low-scaling-index areas to transmit the virus, as most of their visitors would have already 

528 been infected elsewhere.

529 Therefore, the scaling index could be a potential risk factor for local transmission. 

530 Different from the local population or mobility density, it highlights the urban structure’s 

531 impact on local risk. Urban scaling structure offers a minority of areas the ‘first-mover 

532 advantage’, allowing them to initiate infections earlier and on a larger scale. In this regard, 

533 our study provides a deeper understanding of superspreading places or Points of Interests 

534 (POIs): while large population or mobility may be necessary, they are not sufficient 

535 conditions for superspreading places. The opportunity for early access to the virus 

536 brought by urban scaling structure also matters.

537 How urban scaling structure contributes to superspreaders

538 The heterogeneity in local transmission risk would further influence individuals’ chance 

539 of having more infections and becoming superspreaders. In our model, we assumed that 

540 all individuals have an equal probability of successfully transmitting the virus per contact. 

541 Therefore, infected people with large number of contacts are more likely to infect more 

542 susceptible people and thus become superspreaders. However, our analyses found that 

543 where those infected people visited also matters. Individuals tends to visit locations with 

544 large scaling indices are more likely to become superspreaders. This suggests that when 

545 individuals are embedded in areas with low scaling indices, even those with large number 

546 of daily contacts may not necessarily become superspreaders. The reason could be that 

547 these individuals fail to infect their contactees when competing with others at high-

548 scaling-index locations who also want to infect the same contacts. The high scaling index 

549 offers others an advantage in infecting the same contactee first, as the large value of 

550 scaling index increased the local transmission risk. Therefore, individuals at low-scaling-
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551 index locations encounter fewer susceptible people to infect, reducing their likelihood of 

552 becoming superspreaders.

553 In contrast to our findings, some researchers posit that it is the high infectiousness 

554 of certain individuals that causes superspreaders (Sidik 2023; Zhou et al. 2023). They 

555 think infectiousness is highly unequal distributed among infected cases. However, our 

556 results demonstrate that even with the same level of infectiousness, superspreaders are 

557 naturally emerged from the interaction of social contacts, in which the location also play 

558 an important role. Nevertheless, we conducted a sensitive analyse to consider the 

559 heterogeneity in infectiousness and found that the urban scaling structure is a still 

560 important risk factor for individuals becoming superspreaders (see Sensitivity analyses 

561 on the effect of heterogeneous infectiousness on superspreader results in Supplementary 

562 Materials). Therefore, superspreaders could be originated from a complex interplay of 

563 both individual, social, and environmental factors. To comprehensively quantify these 

564 intricate interactions, more individual-level viral and behaviour data is needed in future 

565 studies.

566 Theoretical implications from urban science

567 From the perspective of complexity theory, cities are viewed as complex systems that are 

568 constructed from the bottom up in a hierarchical way in which the basic components of 

569 cities and their interactions determine the complex networks of cities (Batty 2013). The 

570 new perspective emphasises that place is a synthesis of interactions, and it is the networks 

571 between places, rather than the intrinsic attributes of places, that influence our 

572 understanding of cities. From this point of view, our study constructed the subTPU 

573 network to represent interactions between places. This network provides a dynamic and 

574 structural view to show how places, mobility, and transmission that depend on the 

Page 24 of 53Annals of the American Association of Geographers



For Peer Review Only

25

575 network  that may change and evolve in time by adapting to and differentiating from other 

576 places (Jiang 2018). Through this view, we gain a deeper understanding of how local 

577 transmission might influence other places’ transmission, compared to the traditional static 

578 and localized view that emphasizes more on the current attributes of places, namely, the 

579 population/mobility densities of places. 

580 By thinking the whole transmission from the bottom up, we found that the scaling 

581 properties of superspreading places and superspreaders were emerged from local 

582 competition processes in which places and infected cases competed with each other to 

583 infect more susceptible people. In a broader sense, many other scaling relationships of 

584 urban quantities also reflects the way competition determines the sizes (values) of 

585 different places within cities (Batty 2013). For example, interactions between cities in 

586 terms of trade or migration, and within cities in terms of shopping and other social 

587 movements all exhibit similar scaling properties (Batty 2008). Therefore, the way of 

588 thinking and modelling from the bottom up in our study could also be applicable to 

589 understand many other urban phenomena.

590 Practical suggestions on hospital emergency preparedness

591 The uneven distribution of infections and medical resources gives rise to the 

592 heterogeneous strain on the existing healthcare systems (see Protection behaviours in 

593 Methods). After considering the high spatial heterogeneity in hospital strain, we may 

594 provide some qualitative suggestions on hospital emergency preparedness to adequately 

595 staff local hospitals in advance and wisely share the existing resources. The specific 

596 suggestions are as follows:

597 Firstly, to relieve the strain on local EDs, triage centers are needed in Sha Tin 

598 District in the middle of the city and Wan Chai District in Hong Kong Island. During the 
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599 fifth wave in Hong Kong, many patients with mild symptoms occupied the ED resources 

600 that should have been used to treat those with severe symptoms (A. Ma and Parry 2022). 

601 The triage centers in the most severe areas can efficiently filter out a large number of non-

602 urgent patients and identify the critical patients for further ED services. Secondly, more 

603 hospital beds should be assigned for local COVID-19 patients in Tin Shui Wai and Tuen 

604 Mun New Towns in the west of the city. Thirdly, transferring the patients to the hospital 

605 in Island District is another practical suggestion as there would be relatively lower 

606 pressure even at the peak of the pandemic. The hospital in Island District (North Lantau 

607 Hospital Hong Kong Infection Control Centre) started the services special for COVID-

608 19 patients in 2021 and has over 800 isolation beds, so it is capable to take patients from 

609 other hospitals and regions.

610 Limitations of this study

611 This study has several limitations from two aspects. The first aspect is the study design. 

612 We only chose the fifth wave of the pandemic in Hong Kong to verify the validity of the 

613 proposed model. More experiments on different periods and cities could be conducted in 

614 future studies to further validate our model if more data can be collected. The first four 

615 waves in Hong Kong were excluded because these waves had limited infections (in total 

616 12,258 cases by Dec. 20, 2021), and such a small number of infections might cover up 

617 the local-level findings.

618 The second aspect is the model structure. Firstly, we assume that all contacts have 

619 an equal probability of successfully transmitting the virus irrespective of the contact 

620 duration and the contact intensity, which is a simplification of reality. If more biological 

621 data is available, further study can be conducted to thoroughly examine how the 

622 infectiousness per contact may influence the local-scale transmission. Another 
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623 simplification is the number of contacts at different places. For an agent, the total number 

624 of contacts is evenly distributed across its travel destinations regardless of the activity 

625 type. In reality, certain types of activities may lead to more contacts than others. If such 

626 kind of data is available in the future, we can further determine how the social contact 

627 characteristics may influence local transmission. 

628 Lastly, we did not explicitly consider the spatial heterogeneity in the vaccine-

629 acquired immunity, but our model considered the vaccination by different age groups and 

630 the age groups were spatially heterogenous distributed, through which our model may to 

631 some extent accounted for the spatial heterogeneity in vaccination. What’s more, only a 

632 small proportion (12 percent) of population had taken the booster vaccination by Jan. 31st, 

633 2021(DATA.GOV.HK 2023), and most of population that took the primary vaccination 

634 had limited protective effect for the Omicron (Andrews et al. 2022). Therefore, we infer 

635 that the spatial heterogeneity in vaccine may have limited effects on our results. If we can 

636 gather related empirical data, more realistic situations can be considered in the future 

637 study. 

638 Conclusion

639 To gain a deeper understanding of the underlying mechanisms by which urban scaling 

640 structure of human mobility contributes to local transmission risks of COVID-19 within 

641 cities, this study introduced a spatially explicit ABM which incorporated urban scaling 

642 structure to reconstruct fine-grained mobility patterns and transmission processes. After 

643 validating by empirical data at various spatial scales, further statistical analyses of 

644 simulation outcome reveal that not only the quantity of mobility but also its scaling 

645 structure have important impacts on local transmission risks among urban areas and 

646 individuals. For urban areas, a large volume of local mobility is only a prerequisite for 
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647 high transmission risk, and their significance within the urban scaling structure also plays 

648 a crucial regulatory role in it. Consequently, the resulted heterogenous risks among urban 

649 areas would further influence the transmission potential of their visitors becoming 

650 superspreaders. In summary, urban scaling structure may provide the ‘first-mover 

651 advantage’ to a small group of urban areas and individuals, enabling them to initiate 

652 infections earlier and on a more substantial scale. This study thus brings important 

653 insights for the transmission dynamics of COVID-19 and similar diseases, highlighting 

654 the role of urban scaling structure in driving the heterogeneity in local transmission risks 

655 and superspreading events. These insights may serve as valuable guidance for the 

656 development of precise and effective interventions to mitigate future pandemics.
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943 List of figure captions

944 Figure 1. Model description of the spatially explicit agent-based model. a, synthetic 

945 population was generated based on census data and household survey data using iterative 

946 proportional fitting, which captures the household structures and age structures among 

947 real population across 1,622 census tracts. b, synthetic mobility flows were first simulated 

948 at the TPU level using the departure-diffusion model, and then were refined the 

949 destinations of flows from 214 tertiary planning units (TPUs) to 4,863 subunits of TPUs 

950 (subTPUs) using the urban scaling structure, captured by the subTPU network built based 

951 on travel survey data. c, the two-layer contact structure consists of household contacts 

952 and non-household contacts during trips. At visited subTPUs, agents would have contacts 

953 with certain number of agents, and the certain number was sampled from the age-

954 dependent distributions for Hong Kong population (d).
955
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956 Figure 2. Model fitting results. a, epidemic curves. The left plot is the city-level 

957 prediction, and the right plot is the TPU-level prediction on the eight worst affected TPUs. 

958 The grey bar is the 7-day moving average of observed confirmed cases. Shaded regions 

959 denote the 2.5th and 97.5th percentiles across selected parameter sets and stochastic 

960 realizations. b, the spatial distribution of the total number of observed RAT cases (left) 

961 and simulated cases averaged across selected parameter sets and stochastic realizations 

962 (right).

963

964 Figure 3. The simulated superspreading subTPUs and the observed high-risk subTPUs. 

965 a, the top 20 percent of simulated subTPUs (or superspreading subTPUs), ranked by the 

966 average number of infections occurred in subTPUs across 30 runs, accounts for 78 percent 

967 of the average number of simulated infections. b, the spatial distribution of simulated 

968 superspreading subTPUs. c, the top 20 percent of observed subTPUs, ranked by the total 

969 number of visits by infected cases occurred in subTPUs, account for 83 percent of visits. 

970 d, the spatial distribution of the observed high-risk subTPUs.

971

972 Figure 4. Simulated hospital strain on the Emergency Department (ED) services (a) and 

973 hospital beds (b). The strain on each hospital was estimated by the ratio of simulated local 

974 demand to available hospital capacity. In a and b, Left, the hospital strain varied by 

975 hospital and time. Right, the average hospital strain during the peak period (from 1 March 

976 to 15 March 2022) varied across TPUs.
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1 The impact of urban scaling structure on the local-scale transmission of 

2 COVID-19: A case study of the Omicron wave in Hong Kong using 

3 agent-based modelling
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4 Table 1. Individual attributes, values, and sources
Attributes Value Source

Demographics and households

Identify of individual Agent ID Simulated

Age Twelve age groups ([0,15), 

[15,20), [20,25), [25,30), [30,35), 

[35,40), [40,45), [45,50), [50,55), 

[55,60), [60,65), 65+)

(2016 HK Census)

Sex Male, female (2016 HK Census)

Identify of household Household ID Simulated

Household location Census tract ID (2016 HK Census)

Travel behaviors

Trip destinations subTPU IDs Derived from HK 

travel survey data

Probability of cancelling all trips (stay at 

home) when being infected

50% (HKUMed 2022)

Contact behaviors

The total number of total contacts 17.5 (the mean value) Derived from HK 

contact survey data 

(Kucharski et al. 

2014)

Number of contacts at home Decided by household size Simulated

Number of contacts outside home Decided by the number of total 

contacts and household size

Simulated

Infection attributes

Infection probability per contact 0.05 Estimated

Probability of being initial latent cases  6 × 10 -5 Estimated

Latency period 1.20 (the mean value) (Cai et al. 2022)

Infectious Period 5.64 (the mean value) (Cai et al. 2022; 

Manica et al. 2022)

Period from infectious to confirmed 5.05 (the mean value) (Manica et al. 2022)

Probability of being confirmed when being 

infected

8% before 24 Feb, 30% between 

24 Feb. and 7 Mar., 35% after 7 

Mar.

Estimated based on 

HKUMed (2022)

Protection behaviors

Vaccination information Vaccine dose and type, 

inoculation date 

Vaccine data 

(DATA.GOV.HK 

2023)
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Vaccination effectiveness Decided by vaccine information 

(see Table S8)

(HKUMed 2022)

Probability of visiting Emergency 

Department when being infected

8.60% (Iuliano et al. 2022)

Probability of requiring hospitalization 

when being infected

2.70% (Iuliano et al. 2022)

5

6 Table 2. The effect of the scaling index on the average transmission risk (the average 

7 proportion of transmission contacts across 30 runs with the best-fit parameters) for 

8 subTPUs through multivariate linear regression.

Variable Coefficient

The scaling index 2.54***

Average mobility density 0.16***

Average clustering coefficient of social network 0.09***

9                                        *** Significant result with p-value < 0.001.

10

11 Table 3. The average effects of the scaling index on individual’s probability of becoming 

12 a superspreader (the top 10% of individuals ranked by the number of secondary cases) 

13 through logistic regressions across 30 runs with the best-fit parameters.

Variable The mean of 

coefficients

Exponential of (coefficients*1 unit)

The average scaling index 3.94 * ^ 104% 

(a 1-percent-point increase)

The number of contacts 0.03 *** 103% 

(a 1-point increase)

14                        *** Significant result with p-value < 0.001; * ^ 60% of results are significant with p-value < 0.05. 
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Supplementary Materials

The impact of urban scaling structure on the local-scale transmission of 

COVID-19: A case study of the Omicron wave in Hong Kong using the 

agent-based model

Supplementary Methods

Selecting Parameter Ranges

We assume that  of Omicron ranges from 6 to 10. This is a relatively wide range, as a 𝑅0

previous study estimated the  of 8.2 (Liu and Rocklöv 2022). To determine the values 𝑅0

of   that make  in the assumed range, we created a well-mixed agent-based model. 𝑝𝑖 𝑅0

This is due to the definition of  that requires a completely susceptible and fully mixed 𝑅0

population. The well-mixed model does not have the immunity and mobility settings, so 

all agents are fully susceptible, and they randomly choose their contacts in the whole 

population. 

Under this scenario, we initialized a proportion of index cases ( ) and 𝑝0 = 10 ―4

recorded the number of secondary cases. Let  be the number of index cases, and  be 𝑁0 𝑁𝑠

the number of secondary cases, which gives .  We averaged these  values over 𝑅0 =  
𝑁𝑠

𝑁0
𝑅0 

30 replicates for each  value, and results shows that is linear in  (Chang et al. 2021). 𝑝𝑖 𝑅0 𝑝𝑖

To allow in the plausible range,  should range from 0.04 to 0.07, and this range is 𝑅0 𝑝𝑖

then used in the model fitting. 
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It is still not clear that how many infections existed at the beginning of the 

simulation (1st February 2022). We set  with a large range between to  to 𝑝0 10 ―5 10 ―3

account for the uncertainty of the real situation. 

Validation on TPU-level Data

The number of cases confirmed by rapid antigen tests (RAT) at every TPU can be used 

to evaluate the TPU-level model accuracy. Different from the city-level data, this data 

only records partial confirmed cases (not including cases confirmed by the polymerase 

chain reaction test) and does not cover the whole period of simulation (starting from 26th 

February 2022). Due to its incompleteness, we do not use it to calibrate our model, but 

we directly use it to validate the model accuracy on the local scale. We sum the RMSEs 

of TPUs together to evaluate the TPU-level prediction, 

                                       (1)𝑅𝑀𝑆𝐸𝑇𝑃𝑈 =  ∑𝑇𝑃𝑈
𝑡𝑝𝑢

1
𝐷∑𝐷

𝑑 = 1(𝑁𝑑,𝑡𝑝𝑢
𝑅𝐴𝑇 ― 𝑁𝑑,tpu

𝑅𝐴𝑇 )2

where  is the observed RAT-confirmed cases in a  on a day , and  is the 𝑁𝑑,𝑡𝑝𝑢
𝑅𝐴𝑇 𝑡𝑝𝑢 𝑑 𝑁𝑑,𝑡𝑝𝑢

𝑅𝐴𝑇

corresponding value in our simulation. As our model predict on all confirmed cases, we 

assume that a  proportion of cases are confirmed by RAT, 𝑝𝑅𝐴𝑇 = 0.4 𝑁𝑑,𝑡𝑝𝑢
𝑅𝐴𝑇 =  𝑝𝑅𝐴𝑇 ×  

.  is determined by the proportion of the total number of RAT-confirmed 𝑁𝑑,𝑡𝑝𝑢
𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑 𝑝𝑅𝐴𝑇

cases in the total number of observed confirmed cases. The time series of this validation 

also spans from 1st March to 30th March 2022.

Supplementary Results
 

Comparison of 2011 travel survey data with 2020 mobility data

To verify the representativeness of 2011 travel survey data, we compared the mobility 

structure of 2011 travel survey data with that of 2020 subway data in Hong Kong as 

presented in Zhang et al. (2021), the most recent figure available. Using the Louvain 
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heuristics algorithm, as employed in Zhang et al. (2021), to detect communities in 

complex networks, we found consistent community structures in both 2011 travel survey 

and the latest 2020 data (Figure S1). This indicates a high degree of temporal and spatial 

regularity in human mobility patterns (Gonzalez, Hidalgo, and Barabasi 2008; Song et al. 

2010). Therefore, even though the 2011 data do not cover the simulation period, it is still 

acceptable to apply the 2011 data for modelling human travel behaviours.

Figure S1. The comparison of the mobility structure of 2011 travel survey data (Left) and 

2020 MTR (Mass Transit Railway) card data (Right) from Zhang et al. (2021), both using 

Louvain heuristics. Left, 45,960 trips involved MTR stations in 2011 travel survey data 

were used, and four groups of communities were found. Right, MTR card data on a 

typical day between 1 January to 31 March 2020 were used, and also four groups of 

communities were found. In Left and Right, the edges in grey and dark blue represent 

population flows between and within communities, respectively. The vertex size is 

proportional to the total population flow after log transformation.

Sensitivity analyses on report rates

To account for the uncertainty of report rate values, sensitivity analyses were conducted 

on three additional parameter sets (Table S2). As mentioned in Infection attributes in 

Method section, the report rates referenced from Hong Kong University was 0.08 and 

0.20 before and after 24 February (HKUMed 2022). These values did not consider the 

RAT online reporting platform, which accepts RAT positive results tested since 26 
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February. Therefore, the actual values are more likely larger than those values. To address 

this, we increased the report rate between 24 February and 7 March from 0.20 to 0.25 or 

0.30, and the report rate after 7 March from 0.20 to 0.30 or 0.35. What’s more, report rate 

before 24 February was increased from 0.08 to 0.10 to account for the potential bias in 

referenced value.

After replicating the model calibration process for three scenarios (see Model 

calibration in Methods), Table S2 and Figure S2 show that compared to our model, 

scenario S2 yielded comparable model fits, and scenario S1 and S3 generated slightly 

worse results. In other words, larger values in post-February 24 report rates fit better. 

Given that the report rate is a global index, and changes in report rates equally affect local 

case numbers, the relative differences in local-scale transmission are likely to remain 

consistent across scenarios. Thus, although there are uncertainties in report rates in our 

model, these uncertainties are expected to exert limited influence on our conclusions.

Table S1. Scenarios of report rates

Scenarios Report rate before 

24 February

Report rate between 24 

February and 7 March

Report rate after 

7 March

Our model 0.08 0.30 0.35

S1 0.08 0.25 0.30

S2 0.10 0.30 0.35

S3 0.10 0.25 0.30

Table S2. The comparison of the city-level and TPU-level RMSE of the best-fit models

Scenarios City-level RMSE TPU-level RMSE

Our model 7.486 9.257

S1 10.976 9.287

S2 7.668 9.558

S3 10.509 9.472
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Figure S2. Model fittings under different report rate settings. The report rates for our 

model (a) were 0.08 before 24 February, 0.30 between 24 February and 7 March, and 

0.35 after 7 March. Similarly, the report rates for S1 (b) are 0.08, 0.25, and 0.30; for S2 

(c) were 0.10, 0.30, and 0.35; for S3 (d) were 0.10, 0.25, and 0.30.

Sensitivity analyses on partially-fixed contactees

Instead of assuming that all contacts remain the same, we assume that 70% of contacts 

are fixed, and 30% of contacts are updated daily. On the first simulation day, agents were 

randomly connected to a certain number of contactees in the same subTPU. After the 

initial setup, the planned links in each subTPU were partitioned into two parts: 70% of 
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them were classified as fixed contacts, and 30% of them were classified as random 

contacts. The random contacts were then rearranged, meaning 30% of links in each 

subTPU were rewired on a daily basis. All other dynamics remains the same with the 

original model. After 30 runs using the best-fit parameters, we repeated the multivariate 

linear regression (see Table 2) and logistic regression (see Table 3) used in the main 

manuscript.

The regression results demonstrate that our conclusion holds true for the partially-

fixed contactee scenario. As shown in Table S3 and Table S4, the scaling index still play 

an important role in influencing the local transmission risk and individual’s probability 

of becoming a superspreader. These results echo with the main findings of Smieszek, 

Fiebig, and Scholz (2009), who compared two types of epidemic models— one assuming 

no repetition of contacts, the other assuming the same contacts repeat day-by-day. The 

study found that when the transmission probability is very high (e.g., for Measles and 

Chickenpox), both models exhibit similar outcomes. Given Omicron’s notably high 

transmission probability (R0 is comparable to that of Measles and Chickenpox), it is 

acceptable to assume fully fixed contactees in our study.

Table S3. For partially-fixed contactee scenario, the effect of the scaling index on the 

average transmission risk (the average proportion of transmission contacts across 30 runs 

with best-fit parameters) for subTPUs through multivariate linear regression.

Variable Coefficient

The scaling index 2.61***

Average mobility density 0.17***

Average clustering coefficient of social network 0.09***

                                       *** Significant result with p-value < 0.001.

Table S4. For partially-fixed contactee scenario, the average effects of the scaling index 

on individual’s probability of becoming a superspreader (the top 10% of individuals 
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ranked by the number of secondary cases) through logistic regressions across 30 runs 

with best-fit parameters.

Variable The mean of 

coefficients

Exponential of (coefficients*1 unit)

The average scaling index 4.80 * ^ 105% 

(a 1-percent-point increase)

The number of contacts 0.03 *** 103% 

(a 1-point increase)

                       *** Significant result with p-value < 0.001; * ^ 73% of results are significant with p-value < 0.05.

Sensitivity analyses on the effect of heterogeneous infectiousness on 

superspreader results

In this scenario, instead of assuming equal infection probabilities for all agents, we 

assume that the infection probabilities of agents follow the lognormal distribution with  

and . As shown in Figure S3, the lognormal distribution can 𝜇 = log (0.05) 𝜎 = 0.5

guarantee that most of samples would be low values (around 0.05) and a small proportion 

of samples would be large values (the maximum can reach 0.5 that is 10 times of the 

original infection probabilities 0.05 (see Table 1)). What’s more, the mean value of 

sampled infection probabilities would be comparable to the original infection 

probabilities 0.05 (see Table 1). We randomly sampled the infection probabilities from 

the lognormal distribution to account for the heterogeneous infectiousness across 

individuals, and all other dynamics remains the same with the original model. After 30 

runs, we repeated the multivariate linear regression used in the main manuscript (see The 

effects of urban scaling structure on individual’s risk of becoming superspreaders in 

Results).
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Figure S3. The log-normal distribution for sampling the infection probability.

The results of this scenario did not show much difference. Firstly, superspreaders 

(the top 10% agents with the large number of secondary cases) still accounted for a large 

proportion (76.6%, 95% CI: 76.4%-76.7%) of infections. Secondly, conditioning on the 

infection probability does not substantially change the magnitude and the direction of the 

coefficients of the average scaling index (Table S5). The results suggest the infection 

probability could be one of the important reasons that influence the individual’s risk of 

becoming superspreaders, but similar to the number of contacts, individuals with high 

infection probability need to be embedded in areas with high scaling indices, so that they 

can reach full potential in infecting more people and becoming superspreaders.

Table S5. When the infection probabilities are heterogeneously distributed among agents, 

the average effects of the scaling index on individual’s risk of becoming superspreaders 

(the top 10% of individuals ranked by the number of secondary cases) through logistic 

regressions across 30 simulations.
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Variable The mean of 

coefficients

Exponential of (coefficients*1 unit)

The average scaling index 3.42 * ^ 104% 

(a 1-percent-point increase)

The infection probability 6.82 *** 107% 

(a 1-percent-point increase)

The number of contacts 0.03 *** 103% 

(a 1-point increase)

            *** Significant result with p-value < 0.001; * ^ 46% of results are significant with p-value < 0.05.

Supplementary Tables

Table S6. Model fit statistics for the mobility models at the Tertiary Planning Unit (TPU) 

and sub-TPU scales

The mobility model DIC RMSE R2 Mean trips 

(per person)

Spatial scale: 214 TPUs

The gravity model 10071869 1812.46 0.93 -

The radiation model NA 4550.83 0.73 -

The departure-diffusion model 8652189 1936.98 0.90 2.17

Spatial scale: 1622 LSBGs*

The gravity model 13369799 742.45 0.71 -

The radiation model NA 595.97 0.79 -

The departure-diffusion model 13259806 732.64 0.70 20.2

* LSBG refers to Large Street Block Groups, which is a set of subunits of TPUs used by the Census and 
Statistics Department in Hong Kong.

Table S7. Head/tail breaks of 4,863 subTPUs (subunits of Tertiary Planning Units) by 

mobility volume

Hierarchy Range subTPU count

1 (0, 15.0) 3,780

2 (15.0, 56.2) 772

3 (56.2, 122.2) 222

4 (122.2, 227.8) 58

5 (227.8, 703) 31
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Table S8. Vaccine effectiveness in reducing susceptibility to Omicron by time since the 

second or third dose, the estimates from HKU Li Ka Shing Faculty of Medicine 

(HKUMed 2022)

Vaccine effectiveness Time since 2nd and 3rd dose

Vaccine 14 days 90 days 180 days

BioNTech × 1 0 0 0

Sinovac × 1 0 0 0

BioNTech × 2 0.20 0.05 0.01

Sinovac × 2 0.03 0.01 0.01

BioNTech × 3 0.89 0.86 0.77

BioNTech Sinovac× 2 + 0.81 0.67 0.44

Sinovac BioNTech× 2 + 0.64 0.47 0.29

Sinovac × 3 0.36 0.19 0.08

Supplementary Figures

Figure S4. Google mobility change index in workplaces during Feb.1st to Apr. 1st, 2022. 

We took the two-week average of the original data to avoid weekly fluctuation due to 

noise or other bias. To better account for the large decline during Spring festival (Feb. 1st 

Two-week average

Spring festival

Original value
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to 3rd), three-day average was calculated and taken as the mobility change index for the 

three special days.
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Figure 1. Model description of the spatially explicit agent-based model. a, synthetic population was 
generated based on census data and household survey data using iterative proportional fitting, which 

captures the household structures and age structures among real population across 1,622 census tracts. b, 
synthetic mobility flows were first simulated at the TPU level using the departure-diffusion model, and then 

were refined the destinations of flows from 214 tertiary planning units (TPUs) to 4,863 subunits of TPUs 
(subTPUs) using the urban scaling structure, captured by the subTPU network built based on travel survey 
data. c, the two-layer contact structure consists of household contacts and non-household contacts during 

trips. At visited subTPUs, agents would have contacts with certain number of agents, and the certain 
number was sampled from the age-dependent distributions for Hong Kong population (d). 
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Figure 2. Model fitting results. a, epidemic curves. The left plot is the city-level prediction, and the right plot 
is the TPU-level prediction on the eight worst affected TPUs. The grey bar is the 7-day moving average of 

observed confirmed cases. Shaded regions denote the 2.5th and 97.5th percentiles across selected 
parameter sets and stochastic realizations. b, the spatial distribution of the total number of observed RAT 

cases (left) and simulated cases averaged across selected parameter sets and stochastic realizations (right). 
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Figure 3. The simulated superspreading subTPUs and the observed high-risk subTPUs. a, the top 20 percent 
of simulated subTPUs (or superspreading subTPUs), ranked by the average number of infections occurred in 

subTPUs across 30 runs, accounts for 78 percent of the average number of simulated infections. b, the 
spatial distribution of simulated superspreading subTPUs. c, the top 20 percent of observed subTPUs, ranked 
by the total number of visits by infected cases occurred in subTPUs, account for 83 percent of visits. d, the 

spatial distribution of the observed high-risk subTPUs. 
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Figure 4. Simulated hospital strain on the Emergency Department (ED) services (a) and hospital beds (b). 
The strain on each hospital was estimated by the ratio of simulated local demand to available hospital 

capacity. In a and b, Left, the hospital strain varied by hospital and time. Right, the average hospital strain 
during the peak period (from 1 March to 15 March 2022) varied across TPUs. 
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