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Abstract

The first coronavirus disease 2019 (COVID-19) outbreak was reported in December 2019,

developing into a global pandemic by March 2020 and producing shutdowns of business and

industry across the world. In comparison with other industries, the disease produced particularly

acute health crises and economic losses in the construction industry. This high vulnerability to

COVID-19 was due in part to the unavoidable close proximity required during manual labour.

In an attempt to mitigate these effects, the construction industry followed macro-level non-

pharmaceutical interventions (NPIs), which were established based on transmission patterns at

the city level. Since the pandemic, most recent research regarding the construction industry has

investigated the effects and challenges of COVID-19 and the responses taken to address them.

There is, however, still limited discussion of the specific and major transmission patterns within

the construction industry and how a knowledge of such patterns can help decision-makers to

align targeted NPIs proactively in order to mitigate such transmission.

In this dissertation, epidemiological evidence has been gathered in order to produce a com-

prehensive understanding of COVID-19 transmission within the construction industry, which

has then been used to design targeted NPI response strategies. Primary data from confirmed

cases and case clusters of COVID-19 in the construction industry in Hong Kong (including

demographic information, epidemiological information regarding symptom onset date and date

reported, and contact tracing data) are used. All cases were confirmed by the government and

identified by the local authority of disease surveillance (Centre for Health Protection). Several

epidemiological methods were used, including compartment models, spatiotemporal analysis,

and K-shell decomposition analysis. There are four objectives of this study: 1) to explore the

transmission dynamics of COVID-19 and the effectiveness of macro-level NPIs in Hong Kong;

2) to uncover the transmission patterns of COVID-19 in the construction industry in Hong Kong;

3) to estimate the effectiveness of contact restrictions and vaccinations for construction workers

and their close contacts on a construction site; and 4) to investigate the feasibility of a priori iden-

tification of potential super-spreaders in a construction project. The present study contributes to

the ongoing efforts to control and prevent the spread of COVID-19 in the construction industry

in Hong Kong.

In this study, the transmission dynamics of COVID-19 and the effectiveness of macro-level NPIs

(such as restrictions on gathering sizes and quarantine policies) are explored based on a modified

Susceptible-Exposed-Infectious-Hospitalized-Recovered (SEIHR) model with nine-month data
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from 2020 in Hong Kong. These phenomena indicate "pandemic fatigue," as demonstrated by

lower and lower adherence to macro-level NPIs among people in Hong Kong. At the same

time, from an epidemiological standpoint, the possibility of backward bifurcation makes it

imperative for the construction industry to design targeted strategies for adapting to the post-

pandemic environment. In order to identify the specific transmission pattern of COVID-19, a

spatiotemporal analysis was used with data from five COVID-19 case clusters associated with

construction sites in Hong Kong. In these cases, COVID-19 transmission diffused spatially

from the workplace to the residential neighbourhoods in which the infected construction workers

live, but not to the community surrounding the infected construction sites. Temporally, these

outbreaks demonstrated three to five generations in 25.8 days. Several super-spreading events

were identified, both at the workplace and within households. Around 18% of seed cases (those

who can infect others) infected 79.6% of offspring cases (those who can be infected). It is

estimated that, if super-spreaders were restricted before they infect others, it would be possible

to eliminate at least half of the offspring cases.

Based on the transmission pattern found above, the feasibility and effectiveness of several

response strategies, including contact restrictions, vaccinations, and a priori identification of

potential super-spreaders, are discussed. A dual-community compartment model is developed

to describe the transmission patterns of COVID-19 among construction workers and their close

contacts, and to evaluate the effectiveness of contact restrictions. The best-performing scenario is

found to be one in which the movements of the close contacts exposed to COVID-19 by infected

construction workers are restricted. Such restrictions reduce the total attack rate (TAR) with 25%

absolute efficiency (AE) and decrease the duration of an outbreak (DO) in the whole population

by 1.8 days, according to the model. In addition to contact restrictions, the vaccination of

all construction workers along with at least 67% of their close contacts can extinguish an

ongoing wave. In order to identify potential super-spreaders, this study develops a network-

based computational framework based on K-shell decomposition approach with the input of

the topological interaction network of all project participants. The feasibility of the developed

framework is evaluated by three numerical cases: one sample case with a hierarchical structure

with an average accuracy of 98.45%, one sample case with a matrix structure with an average

accuracy of 92.25%, and an empirical case related to a COVID-19 outbreak in a construction

project in Hong Kong with an accuracy of over 80.13%. All potential super-spreaders, especially

if they are employed by the main contractor, are suggested to take Rapid Antigen Tests (RATs)

regularly. If all potential super-spreaders are detected through regular RATs and all potential
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secondary cases were detected by contract tracing, up to 82.35% of infected cases could be

prevented.

The main contribution of this study is threefold: (1) a comprehensive investigation of COVID-19

in the construction industry; (2) a more thorough understanding of the transmission dynamics

of COVID-19 and super-spreading patterns; and (3) estimating the effectiveness of NPIs and

vaccinations. The main epidemiological evidence includes the high infection risks demonstrated

both at the workplace and in households, and the existence of super-spreaders. The proposed

response strategies include contact restrictions between targeted groups (e.g., exposed individuals

and their close contacts), vaccination plans, and the priori identification of potential super-

spreaders.
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Chapter 1

Introduction

1.1 Research Background

Since the first outbreak of coronavirus disease 2019 (COVID-19) was reported in December

2019, and a global pandemic declared in March 2020 [163], the disease has caused health crises

around the world. By August 2022, the total number of COVID-19 cases worldwide exceeded

591.68 million, resulting in more than 6.44 million deaths [164]. It soon came to be understood

that COVID-19 transmits via droplets and small airborne particles through close face-to-face

contact with pre-symptomatic, asymptomatic, or symptomatic infectious individuals [237]. Gov-

ernments struggled with instituting and enforcing various non-pharmaceutical intervention (NPI)

measures (mask mandates [57], travel restrictions [202], quarantine orders [127], and contact

tracing [50]) to slow down the spread of the virus. In addition to NPIs, COVID-19 vaccines

were developed throughout 2020 and made available to the public through emergency use au-

thorization by early 2021 [219]. As of August 2022, a total of 12.41 billion vaccine doses have

been administered [164]. Owing to the frequent mutations and the decline in vaccine immunity

over time, there is still much work to be done in order to achieve herd immunity (when enough

people in the population have developed protective antibodies against future infection) [24, 38].

Given the economic shocks that followed the health crisis, there also remains an urgent need to

improve resilience to the post-pandemic reality across every industry.

The construction industry represents a large proportion of the economic productivity of almost

every country, comprising approximately 13% of the global gross domestic product [45, 162].

During the COVID-19 pandemic, the significant rise in unemployment throughout the construc-

tion industry triggered financial recessions globally [28]. Due to the integral nature of the

industry, many countries tried to resume construction even in the face of repeated waves of

infections [67]. These attempts, however, frequently conflicted with the objectives of public

health and disease prevention. In the face of macro-level NPIs in response to COVID-19, many

construction projects were delayed, suspended, or even cancelled [28]. Construction sites were

forced to shut down during city lockdowns, even if no construction workers were infected [18].

Even on active construction sites, when a case was confirmed at the workplace, all of the infected

person’s colleagues might have to accept a quarantine order [139]. Due to physical distancing,

1
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many construction workers were unable to complete their tasks onsite [70, 83]. To complicate

matters still further, the implementation of work from home required greater cooperation between

construction companies and local residents [96]. These restrictions have produced a number of

negative impacts, most notably a shortage of workers [165]. Going forward, the construction

industry must be able to establish a targeted response to epidemics if it wishes to successfully

navigate between the objectives of controlling disease and continuing construction activities.

In comparison to other industries, construction industry is particularly vulnerable to COVID-

19. The unavoidable reality of the close proximity of manual labourers on construction sites

provides ample opportunity for droplet transmission of COVID-19. The prevalence of smoking

among onsite workers further increases the risk of COVID-19 infections [169]. During the

COVID-19 pandemic, construction employees demonstrated a hospitalization rate nearly five-

fold higher than for other occupational categories [107]. The frequency of COVID-19 cases in

the construction industry has been noted consistently across different countries and cities (e.g.,

Singapore [118], the United States [10], and Hong Kong [178]), even in the face of interventions

(such as mask wearing and physical distancing). Most recent studies have discussed the effects of

COVID-19 on the construction industry without considering its transmission dynamics [5, 18].

Several studies have investigated response strategies but have so far not proposed any targeted

strategies for the construction industry [15, 191]. A comprehensive investigation of COVID-19

based on epidemiological evidence is thus required to help the construction industry to coordinate

their continued response to COVID-19.

1.2 Research Scope and Problem Statement

By August 2022, the densely populated metropolitan area of Hong Kong had endured at least

five epidemic waves, with 367,537 confirmed cases and 9,580 deaths [64]. One component

of the waves included at least five COVID-19 case clusters (comprising 221 total confirmed

cases) associated with construction sites [178]. Based on the work of Adam et al. (2020),

the super-spreading potential of COVID-19 throughout Hong Kong was also expected to pose

serious challenges to active construction workers [1]. In order to mitigate the severity of the

COVID-19 outbreak, the construction industry complied with several NPIs introduced by the

municipal government of Hong Kong, which policies were classified as moderately stringent

by the Oxford COVID-19 Government Response Tracker (OxCGRT) [82]. Meanwhile, the

construction industry in Hong Kong also tried to implement several more specific strategies

aimed at safeguarding workers. For example, each construction worker was assigned to specific
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locations for changing, resting, and dining so as to maintain physical distancing [42]. Even in the

face of a volatile and complex epidemic, the construction industry in Hong Kong showed a high

degree of resilience in response to COVID-19. In December 2020, the Hong Kong Construction

Industry Council (HKCIC) announced that there were 103,000 workers working on construction

sites on a daily basis, which was a 5.2% increase over 2019 [249]. The response of this vital

industry to the novel coronavirus provides insight into the spread and mitigation of COVID-19

in construction industry in other densely populated international metropolises.

In the discussion of disease prevention and control, researchers usually explore the epidemio-

logical evidence of a disease (transmission dynamics [102], transmission patterns [132], and

super-spreading potential [136]) before designing response strategies such as NPIs and vaccina-

tion plans on the basis of the epidemiological evidence [51, 127, 242]. During the COVID-19

pandemic, many industries have explored this epidemiological evidence in order to build a com-

prehensive understanding of the disease’s spread and to construct effective response strategies.

Health care providers [138, 158, 239] and the restaurant industry [17, 137, 184] have, unsurpris-

ingly, been at the forefront of this push. Compared with other industries, the studies associated

with the construction industry have mostly investigated the impacts and challenges [18] presented

by COVID-19, and have mostly neglected the epidemiological element. Response strategies in

the construction industry, meanwhile, were designed based on the tactical strategies announced

by local governments [56, 58, 162]. During the pandemic, policy makers tried to maintain

construction activities via several generally mandated NPIs, including face masks and shift work

[172, 191]. The efficacy of cross-applying epidemic mitigation strategies from one industry to

another, however, is ambiguous [19]. In addition, given the lack of attention to epidemiological

evidence regarding the spread of COVID-19, it is difficult to design strategies tailored specifically

for the construction industry. This study addresses this research gap through an exploration of

the epidemiological evidence (transmission dynamics and patterns), which provides the basis for

several strategies targeted at epidemic mitigation in the construction industry in Hong Kong.

1.3 Research Aims and Objectives

The aims of this study are twofold: 1) to explore the epidemiological evidence of the spread of

COVID-19 as it relates to Hong Kong’s construction industry, and 2) to design response strategies

based on this epidemiological evidence. In order to attain the aims, this study establishes the

following objectives:
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1. To estimate the transmissibility of COVID-19 from the first three waves in Hong Kong;

2. To determine the industry-specific transmission patterns of COVID-19 in the construction

industry in Hong Kong;

3. To explore NPIs (i.e., contact restrictions, a ban on visitors onsite and onsite disinfection)

and vaccine programs on construction sites;

4. To investigate a priori identification of potential super-spreader in construction projects.

1.4 Dissertation outline

Based on the research background, research scope, problem statement, and research aims and

objectives described above, the rest of the dissertation is organized as follows:

Chapter 2 summarizes the literature relevant to COVID-19 epidemiological investigations and

response strategies, studies of COVID-19 in different industries, and studies of the particular

response of the construction industry.

Chapter 3 presents the research methods used in this study to explore the transmission dynamics

of COVID-19 (compartment models), the transmission patterns of COVID-19 (retrospective

cohort studies and spatiotemporal connectivity analysis), and the identification of potential

super-spreaders (network-based epidemic models and K-shell decomposition analysis).

Chapter 4 describes the transmission dynamics of COVID-19 in Hong Kong via a modified

Susceptible-Exposed-Infectious-Hospitalised-Recovered (SEIHR) model, and estimates the ef-

fectiveness of municipally mandated NPIs (especially gathering restrictions and quarantine or-

ders). This chapter indicates the necessity of designing targeted strategies for individual industries

to adapt to the post-pandemic environment.

Chapter 5 explores the transmission pattern of COVID-19 via construction sites in Hong Kong,

which offers the epidemiological foundation for the response strategies presented in later chapters.

Chapter 6 investigates the effectiveness of several response strategies (e.g., contact restrictions

and vaccinations) for controlling COVID-19 transmission among construction workers and their

close contacts on construction sites.

Chapter 7 proposes a network-based computational based on K-shell decomposition methods and

stochastic network-based epidemic models to identify potential super-spreaders on construction

projects.
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Chapter 8 concludes the study with a discussion of the major findings, their implications, their

limitations, and specific directions for future research arising from this study. The outline of the

studies arising from this dissertation is also provided in visual form below in Figure 1.1.

Figure 1.1: Organization of studies in this dissertation



Chapter 2

Literature Review

2.1 Studies relevant to COVID-19

2.1.1 Epidemiological evidence of COVID-19 transmission

For the purposes of both determining the severity and scale of the disease and designing appro-

priate interventions and responses, it is necessary to first explore the transmission dynamics of

COVID-19. Numerous epidemiological studies have been conducted to understand the trans-

mission dynamics of COVID-19 and to estimate the basic reproduction number (i.e., the average

number of secondary infections caused by a single infection when a population is wholly suscep-

tible, R0) [202]. TheR0 values of a given illness are usually estimated from compartment models

in which the transmission dynamics of the disease are formulated by dividing the populations

into mutually-exclusive compartments representing disease status [102, 227]. When the basic

reproduction number R0 is less than one, the disease is likely to die out by itself. When 𝑅𝑜 is

larger than one, the disease has the potential to start spreading within a population [127]. Since

December 2019, many studies have estimated the R0 values of COVID-19 in different countries.

Tang et al. (2020) employed a deterministic, Susceptible-Exposed-Infectious-Recovered (SEIR)

compartmental model to determine a mean reproduction number of 6.39 for mainland China

[202]. D’Arienzo and Coniglio et al. (2020) estimated R0 values ranging from 2.43 to 3.10 in

Italy [51]. In addition to compartment models, several quantitative methods were also available.

Wu et al. (2020) calculated R0 in mainland China as 2.68 through the use of a Markov chain

Monte Carlo (MCMC) method [242]. Zhao et al. (2020) estimated that the R0 ranges from 2.24

to 5.71 for mainland China by modelling the epidemic curve in accordance with exponential

growth [259]. In Hong Kong, Cowling et al. (2020) used a branching process model to estimate

the time-varying intensity of transmission, with a daily effective reproduction number 𝑅𝑡 that

ranged from 0.72 to 1.28 [49]. In South Korea, the R0 values were estimated at 2.3 to 3.5 via a

maximum likelihood estimation approach [260]. A recent systematic review and meta-analysis

of 85 studies by Alimohamadi [9] reported that the mean R0 was calculated as 3.38±1.40, with a

range of 1.90 to 6.49. Such a high R0 indicates that COVID-19 is capable of transmission across

at least three to four generations [202], which provoked the global panic in March 2020.

After analyzing the data regarding laboratory-confirmed, positive COVID-19 cases, many studies

6
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explored the epidemiological characteristics of COVID-19, such as incubation period, infection

period, and transmission heterogeneity. Given the possibility of human-to-human transmission

between pairs of COVID-19 patients, many secondary cases were determined to have become

infected during the pre-symptomatic stage of an infected case [87, 196]. Asymptomatic and

mild COVID-19 cases, it was discovered, were also able to infect others [69]. Alene et al. (2021)

concluded, based on a systematic review and meta-analysis, that the mean serial interval (that

is, the time delay between the onset of symptoms of a primary case and the presentation of

symptoms in one or more secondary cases) ranged from 4.2 to 7.5 days, and that the mean

incubation period ranged from 4.8 to 9 days [8]. At the same time, many countries (including

Hong Kong) announced several reinfection cases [95]. Many super-spreading events were

also found globally, provoking speculation that such events might be the main catalyst of the

pandemic [74]. In an attempt to determine the risks of super-spreading event, many studies

have evaluated the dispersion parameter (𝑘) as having a value less than 1, which indicates

an over-dispersed transmission pattern of COVID-19 [232]. Compared with other respiratory

diseases (such as Middle East Respiratory Syndrome (MERS) and Severe Acute Respiratory

Syndrome coronavirus (SARS)), COVID-19 makes more people (including pre-symptomatic,

asymptomatic, and symptomatic individuals) available to infect others.

2.1.2 Response strategies to COVID-19

Faced with a lack of available vaccines and antiviral medication, many governments implemented

highly restrictive NPIs in response to COVID-19 so as to delay and moderate the spread of the

emerging pandemic [82, 85, 119]. The effectiveness of different NPIs has since been explored

by many studies. Eikenberry et al. (2020) used a modified compartment model to determine

that the use of face masks by the general public is highly effective in curtailing community

transmission [57]. Tian et al. (2020) found that quantitative analysis indicated that city lock-

down policies delayed the growth and limited the size of the COVID-19 pandemic in Wuhan,

China [222]. Chinazzi et al. (2020) used a global metapopulation disease transmission model

to highlight the positive impact of international travel restrictions in Wuhan on delaying the

global dispersion of COVID-19 [46]. The lockdown policy also had large effects on reduc-

ing transmission in 11 European countries (Italy, France, Spain, the UK, Belgium, Germany,

Sweden, Switzerland, Austria, Norway, and Denmark) [61]. By means of an age-structured,

susceptible-exposed-infected-removed (SEIR) model, Prem et al. (2020) evaluated the effec-

tiveness of physical distancing in preventing transmission for different groups, and focused
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particularly on workers and school children [174]. Gatto et al. (2020) identified the importance

of identifying and isolating pre-symptomatic infected individuals in Italy through a metacommu-

nity, Susceptible–Exposed–Infected–Recovered (SEIR)-like transmission model [72]. In light

of the limited capacity of the US health care system, Moghadas et al. (2020) discussed the ef-

fectiveness of self-isolation and contact tracing for symptomatic individuals through a modified

compartment model [146] [50]. Thanks to studies such as these, mask mandates, city lockdowns,

travel restrictions, physical distancing, and contact tracing became the major NPIs implemented

globally.

After the genetic sequence of the virus SARS-CoV-2 became available through the Global Ini-

tiative on Sharing Avian Influenza Data (GISAID) in early January 2020, the development of

vaccines against COVID-19 was initiated [108]. There are four major vaccine types: whole

virus vaccines (CoronaVac-Sinovac), subunit vaccines (EpiVacCorona-FBRI), viral vector vac-

cines (Ad5-nCoV-CanSino), and nucleic acid vaccines (BNT162b2-Pfizer/BioNTech) [44], with

different vaccine efficacy levels. For example, the nucleic acid vaccine (the BNT162b2 mRNA

COVID-19 vaccine) was found to confer 95% protection against COVID-19 in persons 16 years

of age or older [173]. In an attempt to optimize the allocation of limited vaccine supplies in

the early stages of the rollout, the prioritization of vaccination for the elderly (> 60 years old)

was found to reduce deaths significantly [65]. It was then determined based on occupations,

that concentrated essential workers (such as health care workers) should receive priority for

vaccination, followed by clustered essential workers (including construction workers) [34]. Be-

fore the achievement of herd immunity, authorities tried to stress, a high level of compliance

with NPIs remained crucial, as an early relaxation of safe behaviours might trigger a disease

resurgence [75]. In addition, it was expected that the vaccine’s efficacy against COVID-19 might

wane naturally over time or decline in the face of a still-evolving virus [104, 224]. Even after

the eventual mass uptake of the vaccines, a combination of vaccination and NPIs might remain

necessary to control future transmission risks.

2.2 Studies relevant to COVID-19 in different industries

As the most important sector for any response to emerging diseases, the emergence of COVID-19

provoked immediate concerns about the overloading of the global health care system [107, 215].

In an effort to improve the resilience of health care provision in the face of epidemics, studies

related to this sector included 1) estimations of the infection risk of different people (such as front-

line medical providers) and/or settings (such as hospital wards); 2) protection methods for at-risk
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people and/or settings; and, 3) optimizations of the system’s overall capacity [239, 246]. Front-

line health care workers were found in one prospective study to have an infection risk of COVID-

19 at least three times greater than the public [158]. Given these risks, it was recommended

to prioritize the provision of both face masks [226] and vaccines [252] so as to protect them

from COVID-19 infections. During the pandemic, some COVID-19 patients were infected in

hospital wards or in an open cubicle of a general ward before their diagnosis [239], a phenomenon

known as "nosocomial transmission". Some health care workers were afraid of getting infected

by these patients and refused to work [192]. In order to prevent nosocomial transmissions in

hospital wards, ventilation systems were specially designed in response to simulations of airborne

transmission [138]. In another effort to prevent nosocomial transmissions, the implementation

of traffic control bundling (TCB) was recommended in Taiwan, which involved triage outside of

hospitals, the classification of patients based on their symptoms, and separate zones (including

contamination, transition, and clean zones) [188]. A similar triage system was also proposed by

Wake et al. (2020), which combined clinical assessments with rapid SARS-CoV-2 testing [229].

In terms of system capacity optimization, Moghadas et al. (2020) used a modified compartment

model to predict the potential of severe cases and maximize the effective utilization of intensive

care units (ICUs) [146]. Before designing any response strategies in the health-care sector,

researchers focused on an analysis of relevant epidemiological data from existing patients. Their

response strategies were mostly designed to reduce the infection risk of vulnerable people and

settings.

Restaurants have also proved highly vulnerable to many respiratory diseases over the years

(including influenza, SARS, and COVID-19). Many COVID-19 outbreaks were associated

with air conditioning in restaurants in both China [137] and Korea [115], as well as across the

globe. After conducting case studies of the existing outbreaks, several researchers conducted

an experimental study that simulated the airborne transmission route of COVID-19 [90, 123].

Mounting evidence also indicated airborne transmission of particles RNA material from the

SARS-CoV-2 virus was detected and its survival in air estimated [17, 133]. The infection

distribution reported in these studies was consistent with a spread pattern representative of

long-range transmission via exhaled, virus-laden aerosols. Hence, the prevention of airborne

transmission in restaurants became a major challenge over the course of the pandemic response.

Tang et al. (2020) suggested a reduction of the use of central air conditioning [203], while

Mohanmmadi et al. (2021) indicated the importance of educating restaurant staff regarding

mitigation measures [147]. Takeaway and food delivery services were also widely promoted
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[184]. In response to the dining restrictions implemented during the pandemic, a number of new

strategies have since been proposed, including the elimination of certain menu items and the

redesigning of dining rooms [161].

The difference in epidemiological evidence across different industries (in this case, health care

and restaurant) influenced the varying response strategies that they eventually adopted. The

basic strategy of analysis in the case of these two industries was to determine the infection risks

of a group of people by analyzing the data of laboratory-confirmed COVID-19 infections. For

groups that demonstrated a higher risk of infection (i.e., front-line, health care providers), their

protection was usually prioritized in mitigation strategies. For scenarios where the infection

risk was significantly high in general (i.e., hospital wards and restaurant dining rooms), more

targeted strategies were likely to be designed. Throughout the epidemic, a combination of

epidemiological research and response strategy development contributed to different disease

response efforts in each industry.

2.3 Studies relevant to COVID-19 in the construction industry

2.3.1 Effects of COVID-19 on the construction industry

During the COVID-19 pandemic, researchers have focused on investigating the effects of the

disease and the practical challenges it poses, and on developing effective response strategies. In

the absence of vaccines and antiviral medication in early 2020, NPIs were implemented globally

as the major anti-epidemic strategy [85]. The Chinese government initially implemented several

extreme measures, including citywide lockdowns, travel restrictions, and quarantine orders,

which effectively mitigated further transmission in Wuhan [46, 127]. In Hong Kong, early

government interventions contributed to a reduction in COVID-19 infections carried by cross-

border travellers [113]. As a result of this tactical strategy, many industries (including the

construction industry) were also required to comply with these government-mandated NPIs in

response to COVID-19 [19].

Given the general lack of scientific evidence regarding the risk of COVID-19 infection in the

construction industry, it is informative to first quantify the effects of the outbreak on the industry

and to discuss ongoing challenges. Several studies have relied on interviews, surveys, and

questionnaires in order to quantify the impact of COVID-19 on the construction industry in

different countries. Significant negative effects, including low business turnover, job loss, and

difficulty working from home, have been reported in both developing and highly industrialized
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countries [18, 56, 162]. In South Africa, the lack of compliance with COVID-19 safety measures

among construction workers proved to be a major and continuous safety management challenge

[11]. In Ghana, disease control strategies (such as social distancing) caused a decrease in the

work rate, which had deleterious consequences for the construction industry overall [2]. In

Egypt, due to the suspension of multiple construction projects, half of the respondents reported

temporarily changing their employment to other industries [58]. In Malaysia, only 30% of

workers were allowed onsite, which led to slow progress and project delays [70]. The Iraqi

construction industry faced an acute labour shortage due to a lack of safety and risk management

[5]. In the United Kingdom, as some construction workers were forced to work from home,

management and coordination of projects became increasingly difficult [96]. In the United States

[10], the construction industry implemented social distancing and the wearing of masks to protect

the workforce, but this also resulted in additional costs and productivity losses. In Singapore,

meanwhile, a high infection rate of COVID-19 among migrant workers contributed to a labour

shortage [128]. Globally, COVID-19 mitigation efforts tended to restrict onsite construction

activities, obstructing progress and exacerbating labour issues.

2.3.2 Response strategies to COVID-19 in the construction industry

The pandemic has had a variety of effects on the construction industry at different stages of its

progress. Multiple studies have proposed a variety of reliable measures with which to monitor

the dynamic impact of COVID-19 on the construction industry. Kanno (2021) used dynamic

conditional correlation multivariate GARCH models to asses the dynamic impacts of COVID-

19 on a number of industries (including construction) [100]. Chih et al. (2022) examined

the magnitude and severity of the impact of COVID-19 on construction organizations via an

examination of the longitudinal daily stock prices and indices [45]. Joen et al. (2022) proposed

the Purdue Index for Construction (Pi-C) and observed continuous fluctuations in construction

employment in the US [98]. These observations of the difficulties produced by the response to

COVID-19 suggest that further response strategies should be flexible in order to compensate for

the dynamic nature of the pandemic.

During the early stages of COVID-19, the construction industry was restricted by NPIs imple-

mented by public authorities. Construction workers were forced to stay at home due to lockdowns

and quarantine ordinances [62]. Supply chain disruptions further delayed construction projects,

leading eventually to their suspension or even cancellation [18]. When confronted with an out-

break, healthy workers were rendered unable to participate in any productive activity. In terms
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of the effectiveness of these NPIs, Araya (2021) used a simulation of COVID-19 transmission

to consider the possibility of a tiered response for construction workers, in which a two-week

quarantine restriction was implemented for sick workers alongside a physical distancing policy

for healthy onsite workers [15]. Man et al. (2021) confirmed the importance of a climate of

safety through an examination of the acceptance of personal protective equipment (PPE) among

construction workers [143]. Kim et al. (2021) also analyzed the feasibility of a disinfection

process for workers before and after their shifts [105]. This research has taken the need for

flexibility in response seriously, but has done so largely within the response framework already

established by governments and civil authorities.

As the acute crisis produced by COVID-19 has started to abate, more studies have begun to

explore the possibilities of designing a response strategy specifically tailored to the construction

industry. Araya and Sierra (2021) indicated that different stakeholders in construction projects

(engineers, management, workers, etc.) should have different response strategies tailored to their

level of risk and exposure [16]. Pamidimukkala and Kermanshachi (2021) further discussed

the varied response strategies among field and office workforces, respectively [165]. Liang

et al. (2022) addressed the needs of decision-makers trying to make choices in the face of an

uncertain response environment to COVID-19 for workers on a construction project with varying

levels of education and experience [126]. Seresht (2022) evaluated the efficiency with which

COVID-19 spread through different sections of a construction project [191]. He et al. (2022)

addressed the challenges of social distancing on construction sites by evaluating the effectiveness

of the Takt-time planning method, which they then used to reduce the overlap in workspace

between different construction operations [86]. In practice, in addition to the larger scale NPIs

implemented by governing authorities, more health and safety (H&S) technologies have been

promoted by construction companies in conjunction with public health officials, including the

adoption of the health quick response (QR) code system, artificial intelligence (AI)-powered

fever monitoring, and site access control systems [250].

2.4 Summary and Research Gap

As the studies surveyed here attest, COVID-19 posed a significant challenge to the construction

industry in a number of different dimensions, particularly in regard to labour shortages [5, 18]. A

number of existing studies have explored some of the different response strategies like disinfection

[105] and social distancing, but few studies have explored the epidemiological patterns of COVID-

19 transmission within the construction industry, or its super-spreading potential. Current
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response strategies were largely established based on the adoption and adjustment of NPIs

announced by local governments [62]. Because of the lack of an epidemiological foundation,

the effectiveness of these NPIs as implemented in the construction industry is ambiguous [19].

Hence, limited research considered both transmission characteristics of a disease (COVID-19)

and industry-specific characteristics of the population in the construction industry. Few studies

explored the targeted response strategies at different scopes for the construction industry. A

serious consideration of the epidemiological paths by which COVID-19 spreads would allow a

full analysis of the effectiveness of response methods that is currently lacking in the available

literature.

In contrast to the construction industry, health care providers and restaurants invested in de-

veloping a full understanding of the epidemiological evidence of COVID-19’s spread in order

to design targeted response strategies. On the other hand, although construction workers have

exhibited a great deal of vulnerability to COVID-19 infection, a full picture of the spread of

COVID-19 has yet to be drawn. In the meantime, construction workers have reported a nearly

five-fold hospitalization rate over other occupational categories [166]. Cases of COVID-19 have

continued to occur frequently in the construction industry globally ( as shown in, for example,

reports from Singapore [118] and the United States [10]). In this regard, Hong Kong is of par-

ticular interest because there were at least five significant COVID-19 outbreaks associated with

construction sites [178]. Several of the individual construction sites even experienced multiple

outbreaks of COVID-19 [209]. Given this context, this study aims to explore the epidemiological

evidence of the spread of COVID-19 related to the construction industry in Hong Kong, as shown

in Chapters 4 and 5, and then design targeted response strategies based on the epidemiological

evidence, as shown in Chapters 6 and 7.



Chapter 3

Research Methodology
This chapter introduces the research methods applied in this study, which include compartment-

based epidemic models and network-based epidemic models for describing the transmission

dynamics of COVID-19, retrospective and prospective cohort studies (including spatiotemporal

connectivity analysis) for investigating the transmission patterns of COVID-19, and K-shell

decomposition analysis for identifying super-spreaders on a network-based epidemic model.

Research methodology has been summarized in 3.1

Figure 3.1: Research Methodology.

3.1 Transmission dynamics of COVID-19

3.1.1 Compartment-based epidemic models

Epidemic models have rested at the core of all comprehensive investigations of infectious disease

since 1760 [27], and compartment models have come to be the most prevalent of these [102].

Compartment-based Epidemic Models have been widely applied to describe the transmission

dynamics of infectious diseases, and have been employed during the COVID-19 pandemic to

estimate the basic reproduction number R0 of the novel coronavirus [245]. It is important to

note that the model assumes well-mixed homogeneous populations [102]. The transmission

dynamics of a given disease are then formulated based on dividing the populations into mutually

14
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exclusive compartments. The population within each compartment is assigned different defini-

tions. For example, the classical Susceptible-Infectious-Recovered (SIR) model classifies people

into three compartments based on their epidemic characteristics [89]. This can be formulated

mathematically as follows: 

𝑑𝑆

𝑑𝑡
= − 𝛽𝐼𝑆

𝑁
,

𝑑𝐼

𝑑𝑡
=
𝛽𝐼𝑆

𝑁
−𝛾𝐼,

𝑑𝑅

𝑑𝑡
= 𝛾𝐼,

(3.1)

𝑁 (𝑡) = 𝑆(𝑡) + 𝐼 (𝑡) +𝑅(𝑡), (3.2)

𝜆 =
𝛽 𝐼

𝑁
, (3.3)

R0 = 𝜌(𝐹𝑉−1) = 𝛽

𝛾
, (3.4)

where

𝛽 is the transmission rate between 𝑆 and 𝐼; 1/𝛾 is the average duration of the incubation period; 𝜆

is the force of infection; 𝑁 (𝑡) is the total population at time 𝑡, which is assumed to remain constant;

𝑆(𝑡) is the number of people susceptible to infection at time 𝑡; 𝐼 (𝑡) is the number of infectious

individuals at time 𝑡; 𝑅(𝑡) is the number of recovered people (in this group, individuals are either

immune or deceased) at time 𝑡; 𝐹 is the matrix of the new infection terms. The matrices of the

remaining individuals transferring out of (or into) the various compartments are represented as

𝑉− and 𝑉+; and the transition term 𝑉 is the difference between 𝑉− and 𝑉+.

In the SIR model, the total population 𝑁 remains constant, and only infectious people 𝐼 can shed

the virus and infect others. As shown in Eq. (3.3), the force of infection 𝜆 describes the transition

rate of individuals from the susceptible compartment 𝑆 to the infectious compartment 𝐼. The

basic reproduction number R0 is then defined as the spectral radius of the next generation matrix

under a disease-free equilibrium (DFE) [227]. The DFE is locally asymptotically stable when

R0 < 1, and unstable when R0 > 1. In Eq. (3.1), R0 is estimated as R0 =
𝛽

𝛾
. When R0 is greater

than one, and when 𝛽 > 𝛾 in Eq. (3.1), the disease will persist; otherwise, the disease will die out.

The SIR model is a classical approach to studying the the severity and size of a given disease. In

addition to the disease-free equilibrium discussed here, researchers have devoted attention to the

relative stability of other equilibria, such as the endemic equilibrium and backward bifurcation

[13]. This study conducts the mathematical analysis using compartment models, more detailed

descriptions of which are provided in Chapters 4 and 6.
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During the early phase of COVID-19, the compartment model was mostly used for calculating

the R0 values of COVID-19 and evaluating the effectiveness of different NPIs (as mentioned in

Section 2.1). Based on the calculation of R0, it follows that the at-risk group that contributes

most to R0 should be prioritized for infection control. For example, by simulating the spread of

COVID-19 with compartment models, Gatto et al. (2020) found that pre-symptomatic individuals

contributed the most to the spread in Italy [72]. Moghadas et al. (2020) also indicated that

mildly symptomatic individuals contributed the most to the spread in the United States [146].

Prem et al. (2020) identified the significance of workers and school children in the spread of

COVID-19 in China [174]. In addition to its basic information-gathering properties (e.g., the

identification of disease-free and endemic equilibria), the compartment model also provides

important information for generating epidemic prevention and control strategies, including travel

restrictions, lockdowns, and quarantine orders [127].

3.1.2 Network-based epidemic models

In the real world, epidemic spread is heterogeneous among individuals. Individuals may contact

a given disease in a specific interaction pattern, or they may come into contact with only a small

section of the population [167]. In contrast to compartment models, which are based on a well-

mixed population, network-based epidemic models have been developed to compute epidemic

dynamics at the general population level from the individual behaviours of infectious persons

[101]. Networks are mostly described as graphs, consisting of points (vertices) and edges. Each

point represents an individual. The edge represents an interaction between two individuals.

The weight of an edge can represent the transition rate, transmission possibility, contact rate,

or infection probability [152]. If there is a graph 𝐺 of size 𝑁 (with nodes 𝑣𝑖 ∈ 𝑉,1 ≤ 𝑖 ≤ 𝑛),

an adjacency matrix 𝐴 summarizes all connections within the network with elements 𝑎𝑖 𝑗 . Most

networks are non-directed, as the virus can pass in either direction across an interaction; thus,

𝐴𝑖 𝑗 = 𝐴 𝑗𝑖 and the adjacency matrix 𝐴 are symmetric. If 𝑎𝑖 𝑗 is equal to one, nodes 𝑣𝑖 and 𝑣 𝑗

are connected. If 𝑎𝑖 𝑗 is equal to zero, nodes 𝑣𝑖 and 𝑣 𝑗 are not connected. As for the edge

𝑒{𝑣𝑖 ,𝑣 𝑗 } , when considering contact heterogeneity, 𝑒{𝑣𝑖 ,𝑣 𝑗 } is defined as the contact rate between

individuals 𝑣𝑖 and 𝑣 𝑗 . In epidemiology, the infection risk can be increased through a higher

contact rate [152]. Figure 3.2, depicts a non-directed network 𝐺 of size 𝑁 = 6 (with nodes

𝑣𝑖 ∈ 𝑉,1 ≤ 𝑖 ≤ 6), consisting of 𝑒{𝑣1,𝑣2} , 𝑒{𝑣1,𝑣3} , 𝑒{𝑣1,𝑣5} , 𝑒{𝑣3,𝑣5} , 𝑒{𝑣4,𝑣5} , and 𝑒{𝑣5,𝑣6} . There is

a connection between individuals 𝑣1 and 𝑣2, so 𝑎12 = 1. The weight of edge 𝑒{𝑣1,𝑣2} shows how

frequent or close their contact is with each other, and thus the possibility of shedding the virus
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Figure 3.2: A non-directed network 𝐺 of size 𝑁 = 6 (with nodes 𝑣𝑖 ∈ 𝑉,1 ≤ 𝑖 ≤ 6), consisting
of 𝑒{𝑣1 ,𝑣2 } , 𝑒{𝑣1 ,𝑣3 } , 𝑒{𝑣1 ,𝑣5 } , 𝑒{𝑣3 ,𝑣5 } , 𝑒{𝑣4 ,𝑣5 } , and 𝑒{𝑣5 ,𝑣6 } .

as a result of this interaction.

By using a network to represent the epidemic spread, knowledge of every individual in a

population and every relationship between individuals is required. In many cases, it is not clear

how to define such relationships of how much contact is necessary to have with an infected

individual. As a result, much research has been devoted to understanding how the topology of a

network affects the epidemic spreading process [167]. Newman et al. (1999) described disease

propagation as an imitation of the infection of individuals in the network [156]. The Watts

and Strogatz network [234] also described disease propagation based on small-world network

properties, emphasising short average path lengths and high clustering. In this study, a high-

dimensional, small-world network has been used, which allows a consideration of the mean

degree, dimension, and rewiring rate [231]. Given the number of nodes 𝑁 , the mean degree of

nodes ⟨ 𝑘 ⟩, and a rewiring probability 𝑝, a non-directed graph is constructed with 𝑁 nodes and
𝑁 ⟨ 𝑘 ⟩

2 edges, satisfying 0 ≤ 𝑝 ≤ 1 and 𝑁 ≫ ⟨ 𝑘 ⟩ ≫ ln𝑁 ≫ 1. Dimensions determine the location

of a node. Rewiring makes isolated nodes impossible and disconnections unlikely. The mean

network distance ⟨𝑑 ⟩ between distinct nodes is 1
𝑁 (𝑁−1)

∑𝑁
𝑖=1

∑𝑁
𝑗=1 𝑑𝑖 𝑗 , 𝑖 ≠ 𝑗 . The number of

edges in the shortest path between nodes 𝑖 and 𝑗 is represented by 𝑑𝑖 𝑗 . In a small-world network,

two individuals may not contact each other via a direct connection, but can contact each other

within the shortest path distance across other individuals.
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3.2 Transmission patterns of COVID-19

The transmission patterns of infectious disease have been used on several occasions to design

targeted control strategies. The frequent hospital-associated outbreaks of MERS-CoV [47]

led to strict isolation requirements for patients with MERS-CoV, and the adoption of personal

protective equipment by health care professionals in contact with such patients [7]. More

recently, the awareness of super-spreading events of SARS-CoV also drove the implementation

of a variety of prevention measures (quarantining of close contacts, increased hand washing

after sneezing, or coughing [176], among others). Compared to MERS-CoV and SARS-CoV,

SARS-CoV-2 has demonstrated a higher viral load in the upper respiratory tract at an earlier

stage of infection, ensuring a higher proportion of transmission competent individuals (including

pre-symptomatic, asymptomatic, and symptomatic infectious individuals) [244] and leading to

greater difficulties in screening infectors [60]. The expeditious human-to-human transmission

pattern of COVID-19 quickly became evident during the early stage of the outbreak [183],

supporting decision-making by governments to implement a variety of control strategies (such

as the wearing of masks [91] and travel restrictions [127]). The degree to which super-spreading

events (SSEs) were involved in SARS-CoV-2 transmission [128] also informed the coordination

of current screening and containment strategies. The labour-intensive nature of industries such

as construction rendered workers more vulnerable to COVID-19 infection through SSEs [166],

necessitating further discussion of the specific transmission patterns of the virus.

3.2.1 Retrospective and prospective cohort studies

Generally speaking, a cohort study records the clinical symptoms and COVID-19 nucleic acid test

results of each close contact approximately every 24 hours [139, 225]. By assessing the second

attack rate (i.e., the ratio of the number of cases occurring within the incubation period following

exposure to a primary case to the total number of susceptible contacts), the riskiest contact

setting can be identified [189]. Both retrospective and prospective studies can be conducted for

the analysis of confirmed cases. When it is unclear whether or not each close contact had been

infected, a prospective cohort study is used [144]. When data on the number of secondary cases

generated by each primary case is available, a retrospective cohort study can be performed [144].

Kwok et al. (2021) depicted COVID-19 transmission based on age assortativity and the different

types of social settings for the first two epidemic waves of COVID-19 in Hong Kong [114]. Adam

et al. (2020) further identified 7 SSEs across 51 clusters in Hong Kong [1]. Liu et al. (2021)

found a connector (a confirmed case that sheds the virus from one cluster to another), which
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linked two large clusters [132]. Both prospective and retrospective cohort studies are intended

to determine the risk factors of infection based on the transmission relationship between each

pair of confirmed cases.

3.2.2 Spatiotemporal connectivity analysis

Spatiotemporal connectivity analysis is conducted as part of a retrospective cohort study [132,

144]. An event in a spatiotemporal dataset describes a spatial and temporal phenomenon that

exists at a certain time 𝑡 and location 𝑥. In epidemiology, the temporal phenomenon represents

the time when an infector passed the virus to an infectee. The spatial phenomenon represents the

place in which an infector transmitted the disease to an infectee. The transmission relationship

between each pair of confirmed cases was reconstructed in accordance with temporal and/or

spatial connectivity [132]. According to available data, when the onset date of a second case was

within 14 days [178] of the onset date of the first case, the transmission relationship between the

first and second cases are characterized by temporal connectivity. People who visited the same

building within 14 days of their symptom onset are referred to as spatially connected cases. The

categories for the spatial connectivity of these cases include a variety of settings, and are based

on the type of activities most closely associated with the venues where the source cases were

identified [48]. When there is more than one seed case identified due to temporal connectivity,

the case that is also connected spatially will be regarded as the primary seed case. The priority of

sources when determining the transmission relationship between each pair of confirmed cases is

as follows: both spatial and temporal connectivity, only spatial connectivity, and only temporal

connectivity. This approach is described in further detail in Chapter 5.

3.3 Super-spreading event identification

3.3.1 Spreading on a network-based epidemic model

Super-spreading is explicitly influenced by both the quantity and quality of interactions between

individuals [194]. The impact of interaction heterogeneity on individual infectiousness has

been described by compartment models [255], network-based models [185], and agent-based

models [15]. Compartment models, as the core approach to describing the dynamics of disease

transmission, are limited by a well-mixed population assumption [223]. The other two methods

were developed to correct the assumptions of the standard transmission dynamics described

in compartmental models, and bring them into closer alignment with the observed course of

a disease. The heterogeneous epidemic spreading processes can be simulated by agent-based
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models and network-based models. While agent-based models can mimic individual interactions

within well-defined parameters [197], their performance can be marred by poor data quality [228].

A network-based structure, on the other hand, enables models to compute epidemic dynamics

at the general population level from information about individual infections [101]. Similar to

the spread of human sexual diseases via sexual partnership networks [76], airborne infectious

diseases spread through interpersonal interaction [22]. A large number of close contacts thus

increases the risk of SSEs [201], the likelihood of which can be estimated via network theory

[106]. Hence, network-based epidemic models have tended to dominate research into individual

infectiousness [167].

Network-based models describe interactions as a cluster of nodes (individuals), edges (contacts

between persons) and the weights of edges (the probability of infections). These models can

be constructed as random networks, scale-free networks [234], small-world networks [23], and

heavy-tailed networks [251]. The spread and control of the disease throughout the network are

each highly affected by a small number of influential nodes distinguished by degree centrality

(the number of the immediate neighborhood of the node) [6, 23], betweenness centrality (a

measure of how many shortest paths cross through this node) [29, 66], or K-shell decomposition

analysis (a measure to locate a node in the network [39]. The K-shell index helps to predict

the outcome of spread more reliably than either degree or betweenness centrality [106] and is

adopted for the purposes of this study.

3.3.2 K-shell decomposition analysis

K-shell decomposition analysis was introduced as a tool for investigating the topology in a

network. Many recent studies of Internet topology [135] and social networks [39] have used

it to identify the most influential spreader within a complex network. This method has also

found application in the study of the spread of epidemics throughout human contact systems

[134]. The identification of the most influential spreaders within complex networks is essential

for controlling the spread of any infectious disease. K-shell decomposition analysis decomposes

a network into hierarchically ordered shells, which are labelled according to the k-shell index

𝑘𝑠. The k-shell decomposition algorithm works by recursively pruning all nodes with a degree

less than the current shell index in the following manner: First, all nodes with degree 𝑘 = 1 are

removed. Then, nodes of 𝑘 = 1 are successively eliminated until all are removed. The removed

nodes now belong to the 𝑘𝑠 = 1 k-shell index. Second, nodes with degree 𝑘 = 2 are removed in

a similar manner until all nodes with 𝑘 = 2 are excluded. This produces the 𝑘𝑠 = 2 shell. The
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procedure ends when all nodes of the network are removed. This approach is described in greater

detail in Chapter 7.



Chapter 4

Transmission Dynamics of COVID-19

in Hong Kong

4.1 Introduction

The COVID-19 outbreak led to a global pandemic in early 2020 [163]. The disease has reached

almost every country in the world. Since then, many countries such as the USA, England, and

Italy have experienced several waves of the epidemic [210]. By March 2021, the total number of

COVID-19 cases exceeded 119.2 million, including more than 2.64 million deaths globally [163].

Its spread has also left economies and businesses counting the costs as governments struggle

with instituting and enforcing various NPI measures (e.g. social distancing, face coverings, and

mandatory quarantine of inbound travellers) to slow down the spread of the virus. Although the

recent rollout of SARS-CoV-2 vaccines has raised hopes that the pandemic is nearing an end,

identifying the duration of immunity, i.e., how long a person is protected after being vaccinated,

could take several years of monitoring and research [31]. If immunity declines before herd

immunity—when a large portion of the population of an area achieves immunity—previously

vaccinated individuals will become susceptible to infection again. Under these circumstances,

implementing effective NPIs remains critical to controlling the spread of COVID-19 [221].

Yet according to the World Health Organisation (WHO), as the pandemic has continued to persist,

the NPIs implemented in many countries have caused an increase in “pandemic fatigue”, that

is, demotivation about following recommended or required measures to protect themselves and

others from the virus [124]. It becomes a growing challenge for governments to find effective

ways to handle this fatigue and reinvigorate public vigilance. To guide governments in the

planning and implementing NPIs, WHO developed a framework of policy recommendations in

late 2020 with four key strategies [221]. One of the strategies highlighted the importance of

collecting and using evidence for targeted, tailored, and effective policies, interventions, and

communication. In line with this strategy, infectious disease modelling techniques, aptly named

compartment models, have been used to provide insights into creating more targeted NPIs to

control COVID-19 transmission.

Indeed, compartment models have been used for a long time to study disease transmission

22
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dynamics and gain insight into how diseases spread, which can help in devising prevention

and control measure. Compartment models are formulated based on dividing populations into

mutually-exclusive compartments representing disease status using the Kermack-McKendrick

framework [102]. For example, Wu et al. (2020) calculated the reproduction number, R0, of

COVID-19 as 2.68 via the use of the Susceptible-Exposed-Infectious-Removed (SEIR)-based

model [242]. Tang et al. (2020) employed a dynamic model to assess the efficiency of travel

restrictions [202], and Lin et al. (2020) examined transmission trends and the effects of NPIs on

the dynamics of COVID-19 spread by using an SEIR-based model [127].

Many previous studies have found that human mobility by transportation such as air [116], rail

[93], or public transit [145] have contributed to epidemic diffusion. The use of quarantines for

members of the general public has been studied to combat the spread of respiratory diseases

[154, 157, 187, 242]. By employing a modified SEIHR model to assess the transmission

dynamics of SARS-CoV-2, this study extends previous work by incorporating inbound travellers

with and without quarantine into the studied population in order to better understand how those

NPIs affect transmission. Some basic qualitative properties of the model are analyzed, such

as the basic reproduction number R0 and stability of the equilibria. The model is fitted using

data on Hong Kong to show the trends characterizing the spread of the disease. Hong Kong

was selected because it is a densely populated city with a higher risk and speed of COVID-19

transmission [238].

During this pandemic, a government policy stringency assessment system, which was developed

by Oxford University and partners, and uses 20 indicators to generate scores ranging from 0 to

100, gave Hong Kong an average score of 56 in terms of its response to COVID-19 [82]. As

of 14𝑡ℎ April 2021, Hong Kong has implemented strict quarantine policies for travellers and

close contacts of infected persons, during which time it recorded 11612 cases and 209 deaths

and still met a fourth wave of COVID-19 infections [63]. As a highly densely-populated city, it

is especially critical for Hong Kong to be able to implement feasible measures for controlling

the spread of COVID-19.

4.2 Materials and Methods

4.2.1 Data Collection

The time-series data of COVID-19 confirmed cases were obtained from Hong Kong Centre for

the Health Protection (CHP) in the period between 24th January 2020 and 13th April 2021
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[63], i.e., the period during which Immigration Department recorded the Statistics on Passenger

Traffic [211]. From the demography related data in Table 4.1, the transmission dynamics of

SARS-CoV-2 is not gender or age dependent [99]. We assume that every individual should have

an identical possibility of getting infected with the same risk of death.

The median of the generation interval (GI) for COVID-19 was estimated as five days [77], but it

can be longer than seven days [205]. We notice about three percent of confirmed cases in Hong

Kong have an exceeded-14-day time-delay between symptom onset and reporting, reflecting

the possibility of indirectly showing the symptom after quarantine. Additionally, more than 30

percent of infectious individuals are asymptomatic. This study considers both asymptomatic

cases and people who onset after quarantine.

Table 4.1: Local Situation of COVID-19 in Hong Kong(as of April 13, 2021)

Symptom Type Subtotal Percentage
Symptomatic 8087 69.75
Asymptomatic 3508 30.25
Gender Distribution Subtotal Percentage
Female 6008 50.88
Male 5587 49.12
Age Distribution Subtotal Percentage
(0,10] 548 4.96
(10,20] 762 6.90
(20,30] 1752 15.86
(30,40] 2073 18.77
(40,50] 1891 17.12
(50,60] 1852 16.76
(60,70] 1649 14.93
(70,80] 683 6.18
(80,90] 316 2.86
(90,120] 69 0.62
Distribution of Time-delay between
Symptom Onset and Reporting Subtotal Percentage

(−3,0] 21 0.26
(0,5] 5628 69.77
(5,10] 1889 23.42
(10,15] 404 5.01
(15,20] 100 1.24
(20,30] 33 0.41
(30,40] 9 0.11
(40,100] 3 0.04
Fatality Rate distributed based on Age Subtotal Percentage
(0,35] 0 0.00
(35,60] 17 0.35
(60,70] 30 1.82
(70,80] 56 8.20
(80,85] 42 22.34
(85,90] 40 31.25
(90,120] 22 31.88
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4.2.2 Mathematical Model

4.2.2.1 Model Formulation

The epidemic model used in this study follows the compartment model from Kermack and

McKendrick [102]. COVID-19 has a wide range of the targeted susceptible group and various

complications (e.g., fever and cough) [80]. Considering implemented anti-epidemic strategies,

the diagram is shown as Figure 4.1. The modified SEIHR model is presented in ordinary dif-

ferential equations (4.1). All variables and parameters are described in Tables 4.5 and 4.2. We

split the total human population at time 𝑡 , denoted by susceptible individuals 𝑆(𝑡), quaran-

tined inbound travellers 𝑁𝑞 (𝑡), exposed individuals with outside movement 𝐸𝑚(𝑡), quarantined

exposed individuals 𝐸𝑞 (𝑡), asymptomatic infectious individuals 𝐼𝑎 (𝑡), symptomatic infectious

individuals with outside movement 𝐼𝑚(𝑡), quarantined symptomatic infectious individuals 𝐼𝑞 (𝑡),

hospitalized asymptomatic infectious individuals 𝐻𝑎 (𝑡), hospitalized symptomatic infectious

individuals 𝐻𝑠 (𝑡) and recovered individuals 𝑅(𝑡).

Figure 4.1: Susceptible-Exposed-Infectious-Hospitalised-Recovered (SEIHR) Model.

The labels 𝑞, 𝑚, 𝑎 and 𝑠 represent “quarantined", “with movement", “asymptomatic" and

“symptomatic" respectively. Given that the life expectancy in Hong Kong is 84.89, this study

considers the daily natural birth 𝜋 as "225" and the natural death rate 𝜇𝐻 as "0.00003" [141].

Rare reinfections of COVID-19 caused by various viral isolates have been reported [95]. We

assumed the reinfected probability to be a constant parameter 𝜉 with a value of "0.0001".

𝛿𝑘 (𝑘 = 𝑚,𝑞, ℎ), is the death rate among 𝐼𝑚, 𝐼𝑞 and 𝐻𝑠. In Figure 4.1, all arrows are labelled

with the transition rates between compartments. 𝜃𝑘 (𝑘 = 1,2,3,4,5), is the percentage rate of

a given population in one compartment transferring to another compartment. A positive term

(1− 𝜃2 − 𝜃3) represents the probability of a quarantined inbound traveller being infected before

the quarantine. 1
𝜎𝑘

(𝑘 = 1,2,3) is the average duration of the latency period, i.e., the time



26 Chapter 4. Transmission Dynamics of COVID-19 in Hong Kong

between when an individual is exposed to the virus and when the individual starts to infect

others. 𝜖𝑘 (𝑘 = 1,2,3) represents the hospitalization rate and 𝛾𝑘 (𝑘 = 1,2,3,4,5) is the mortality

among each group 𝐼𝑘 (𝑘 = 𝑎,𝑚, 𝑞) or 𝐻𝑘 (𝑘 = 𝑎, 𝑠). Each parameter ranges from 0 to 1. The

force of infection 𝜆1 and 𝜆2 contain the transmission rates 𝛽1 and 𝛽2 due to the characteristics of

the disease itself and due to interactions between members of the population as indicated through

the effective contact ratio 𝑎𝑖 (𝑖 = 1,2,3,4,5,6). The initial population equals the number of local

residents at the end of 2019: 7,520,800 [207].



𝑑𝑆
𝑑𝑡

= 𝜋 +𝑚𝑁 + 𝜉 𝑅 + 𝜃2𝑁𝑞 − (𝜃1 + 𝜇𝐻 +𝜆1) 𝑆,

𝑑𝑁𝑞

𝑑𝑡
= 𝑚𝑁𝑞

+ 𝜃1 𝑆− (𝜃2 + 𝜇𝐻 + (1− 𝜃2 − 𝜃3) + 𝜃3𝜆2)𝑁𝑞,

𝑑𝐸𝑚

𝑑𝑡
= 𝜆1 𝑆 + 𝜃3𝜆2𝑁𝑞 − (𝜎1 +𝜎2 + 𝜃4 + 𝜇𝐻) 𝐸𝑚,

𝑑𝐸𝑞

𝑑𝑡
= (1− 𝜃2 − 𝜃3)𝑁𝑞 + 𝜃4 𝐸𝑚− (𝜎3 + 𝜇𝐻) 𝐸𝑞,

𝑑𝐼𝑎
𝑑𝑡

= 𝜎1 𝐸𝑚− (𝛾1 + 𝜖3 + 𝜇𝐻)𝐼𝑎,

𝑑𝐼𝑚
𝑑𝑡

= 𝜎2 𝐸𝑚− (𝛾2 + 𝜖1 + 𝛿𝑚 + 𝜃5 + 𝜇𝐻) 𝐼𝑚,

𝑑𝐼𝑞
𝑑𝑡

= 𝜎3 𝐸𝑞 + 𝜃5 𝐼𝑚− (𝛾3 + 𝜖2 + 𝛿𝑞 + 𝜇𝐻) 𝐼𝑞,

𝑑𝐻𝑎

𝑑𝑡
= 𝜀3 𝐼𝑎 − (𝛾5 + 𝜇𝐻)𝐻𝑎,

𝑑𝐻𝑠

𝑑𝑡
= 𝜀1 𝐼𝑚 + 𝜀2 𝐼𝑞 − (𝛾4 + 𝛿ℎ + 𝜇𝐻)𝐻𝑠,

𝑑𝑅
𝑑𝑡

= 𝛾1𝐼𝑎 +𝛾2𝐼𝑚 +𝛾3𝐼𝑞 +𝛾4𝐻𝑠 +𝛾5𝐻𝑎 − (𝜉 + 𝜇𝐻) 𝑅

(4.1)

where the force of infection is given by:

𝜆1 =
𝛽1(𝑎1𝐸𝑚 + 𝑎2𝐼𝑎 + 𝑎3𝐼𝑚)

𝑁
, 𝜆2 =

𝛽2(𝑎4𝐸𝑚 + 𝑎5𝐼𝑎 + 𝑎6𝐼𝑚)
𝑁

, (4.2)

with 𝑁 representing the total population at time 𝑡 given by 𝑁 (𝑡) = 𝑆(𝑡) +𝑁𝑞 (𝑡) +𝐸𝑚(𝑡) +𝐸𝑞 (𝑡) +

𝐼𝑎 (𝑡) + 𝐼𝑚(𝑡) + 𝐼𝑞 (𝑡) +𝐻𝑎 (𝑡) +𝐻𝑠 (𝑡) +𝑅(𝑡).

The force of infection 𝜆1 and 𝜆2 are driven by 𝐸𝑚, 𝐼𝑎 and 𝐼𝑚. As for the quarantined group, 𝑁𝑞

may transition to one of three groups, including back to susceptible group 𝑆, with symptom onset

during quarantine 𝐸𝑞 or after quarantine as 𝐸𝑚. We assume that if a quarantined individual is



4.2. Materials and Methods 27

Table 4.2: Notation of a modified SEIHR model

Notation Description

Variables

𝑆 the number of susceptible individuals
𝑁𝑞 the number of quarantined inbound travellers
𝐸𝑚 the number of exposed individuals with outside movement
𝐸𝑞 the number of quarantined exposed individuals
𝐼𝑎 the number of asymptomatic infectious individuals
𝐼𝑚 the number of symptomatic infectious individuals with outside movement
𝐼𝑞 the number of quarantined symptomatic infectious individuals
𝐻𝑎 the number of hospitalized asymptomatic infectious individuals
𝐻𝑠 the number of hospitalized symptomatic infectious individuals
𝑅 the number of recovered individuals

Parameters

𝑚𝑁 the number of inbound travellers without quarantine
𝑚𝑁𝑞

the number of quarantined inbound travellers

infected during the quarantine period, symptoms would appear after the quarantine. In addition,

the government will ask the individual’s close contacts to comply with a 14-day compulsory

quarantine. 𝐸𝑞 is made up of individuals who were exposed to the virus through contact with

quarantined inbound travellers or other close contacts. The specific moment when an exposed

individual becomes exposed and pre-symptomatic is unknown. In this study, we assume the

average latency period is three days. All exposed individuals are also assumed to be pre-

symptomatic and can transmit the virus, and all quarantined infectious individuals are assumed

to be symptomatic. Owing to their obvious symptoms, 𝐼𝑚 cannot be regarded as a related

individual who can take care of the quarantined people: 𝑎6 = 0.

4.2.3 Mathematical Analysis

In this section, a brief summary of the mathematical analysis underlying this study is provided.

The equations in the model (4.1) are defined as a positive dynamical system with the domain

Ω. The stability of equilibria is formulated in terms of the next generation method [227] and

bifurcation theory [13]. Firstly, we consider solutions to (4.1), which is given by

Ω = {(𝑆, 𝑁𝑞, 𝐸𝑚, 𝐸𝑞, 𝐼𝑎, 𝐼𝑚, 𝐼𝑞, 𝐻𝑎, 𝐻𝑠, 𝑅) ∈ Z10
+ : 𝑁 > 0}.

Thus, simplifying 𝑁 from model (4.1) i.e., 𝑁 ′
= 𝑆

′
...+ 𝑅′ , one can clearly see that all solutions

to the model that start in Ω will remain in Ω for all 𝑡 ≥ 0. Hence, Ω is positive-invariant, and it
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is sufficient to determine solutions that are restricted to Ω. Therefore, for the model (4.1), the

existence, uniqueness, and continuation results hold provided the solutions that are restricted to

Ω hold [94, 152].

4.2.3.1 Disease-free Equilibrium (DFE)

The DFE showed a locally asymptotic stablility with the initial condition [227]: only 𝑆(0) and

𝑁𝑞 (0) are not equal to zero, and other variables should be equal to zero or much less than 𝑆(0)

and 𝑁𝑞 (0).

Ω1 = [𝑆(0), 𝑁𝑞 (0), 𝐸𝑚(0), 𝐸𝑞 (0), 𝐼𝑎 (0), 𝐼𝑚(0), 𝐼𝑞 (0), 𝐻𝑎 (0), 𝐻𝑠 (0), 𝑅(0)]

= [𝑆0, 𝑁𝑞0,0,0,0,0,0,0,0,0] .

The matrix for the new infection terms is designated as 𝐹. The matrices of the remaining

individuals transferring out of (into) compartments are represented as𝑉− and𝑉+. The transition

term 𝑉 is the difference between 𝑉− and 𝑉+. Based on the equations in model (4.1), the DFE of

𝑆 is as follows:

𝑆∗0 =
(𝜋 +𝑚𝑁 )𝜇𝐻 + (𝜋 +𝑚𝑁 ) (1− 𝜃3) +𝑚𝑁𝑞

𝜃2

𝜇𝐻
2 + (1+ 𝜃1 − 𝜃3)𝜇𝐻 + 𝜃1(1− 𝜃2 − 𝜃3)

. (4.3)

Substituting Eq. (4.3) into (4.1),we obtain

𝑁𝑞
∗
0 =

(𝜋 +𝑚𝑁 +𝑚𝑁𝑞
)𝜃1 +𝑚𝑁𝑞

𝜇𝐻

(1+ 𝜇𝐻 − 𝜃2 − 𝜃3)𝜃1 + 𝜇𝐻 (𝜇𝐻 +1− 𝜃3)
. (4.4)

where 0 < 𝜃2 + 𝜃3 < 1 and 0 < 𝜃1 < 1.

Hence, 𝑆∗0 and 𝑁𝑞
∗
0 are both positive.

Applying the next generation method [227] to the equations in (4.1), the new infections 𝐹 and

transition terms 𝑉 are as follow:

To analyze the interplay between different groups, we defined 𝑎1, 𝑎2, 𝑎3, 𝑎4, 𝑎5 and 𝑎6 as the

effective contact ratio between 𝐸𝑚 and 𝑆, 𝐼𝑎 and 𝑆, 𝐼𝑚 and 𝑆, 𝐸𝑚 and 𝑁𝑞, 𝐼𝑎 and 𝑁𝑞 and 𝐼𝑚 and

𝑁𝑞. The transmission rates for 𝑆 and 𝑁𝑞 are assumed as 𝛽1 and 𝛽2 respectively. Thus, 𝐹 can be
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rewritten as:

𝐹 =



𝛽1𝑎1 + 𝜃3𝛽2𝑎4 0 𝛽1𝑎2 + 𝜃3𝛽2𝑎5 𝛽1𝑎3 + 𝜃3𝛽2𝑎6 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0



.

The transition terms V is as follows:

𝑉 =



𝑞1 0 0 0 0 0 0

−𝜃4 𝑞2 0 0 0 0 0

−𝜎1 0 𝑞3 0 0 0 0

−𝜎2 0 0 𝑞4 0 0 0

0 −𝜎3 0 −𝜃5 𝑞5 0 0

0 0 −𝜀3 0 0 𝑞6 0

0 0 0 −𝜀1 −𝜀2 0 𝑞7



.

The basic reproduction number, R0, is given by

R0 = 𝜌(𝐹𝑉−1) = (𝑎4𝛽2𝜃3 + 𝑎1𝛽1)𝑞3𝑞4 + (𝑎6𝛽2𝜃3 + 𝑎3𝛽1)𝜎2𝑞3 + (𝑎5𝛽2𝜃3 + 𝑎2𝛽1)𝜎1𝑞4
𝑞1𝑞3𝑞4

, (4.5)

where
𝑞 = 𝜃1 + 𝜇𝐻 , 𝑞0 = 1− 𝜃3 + 𝜇𝐻 , 𝑞1 = 𝜎1 +𝜎2 + 𝜃4 + 𝜇𝐻 , 𝑞2 = 𝜃3 + 𝜇𝐻 ,

𝑞3 = 𝛾1 + 𝜖3 + 𝜇𝐻 , 𝑞4 = 𝛾2 + 𝜖1 + 𝛿𝑚 + 𝜃5 + 𝜇𝐻 , 𝑞5 = 𝛾3 + 𝜖2 + 𝛿𝑞 + 𝜇𝐻 ,

𝑞6 = 𝛾5 + 𝜇𝐻 , 𝑞7 = 𝛾4 + 𝛿ℎ + 𝜇𝐻 and 𝑞8 = 𝜉 + 𝜇𝐻 .

Theorem 4.1. The DFE in the model (4.1) is locally-asymptotically stable when R0 < 1, and

unstable when R0 > 1.
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Proof The proof of Theorem 4.1 can be deducted following [227].

The basic reproduction number (R0) represents the average number of secondary infections

caused by a single infection when a population is wholly susceptible [227]. The interpretation

of R0 is shown in Table 4.4. Based on the initial values estimated from [33, 127, 202], the basic

reproduction number R0 is larger than one. In addition, 𝐸𝑚 contributed the most infections,

which exceeded 80%.

4.2.3.2 Endemic Equilibrium (EE)

In this subsection, for mathematical convenience, we assumed that 𝜆1 and 𝜆2 are the same:

𝜆1 = 𝜆2 = 𝜆 =
𝛽(𝑎1𝐸𝑚 + 𝑎2𝐼𝑎 + 𝑎3𝐼𝑚)

𝑁
. (4.6)

The EE is a scenario where a disease persists in a population. The globally asymptotic stability

of the EE exists when R0 > 1 and the infected compartments are non-empty. Suppose Ω2 is

given as

Ω2 = [𝑆∗, 𝑁∗
𝑞, 𝐸

∗
𝑚, 𝐸

∗
𝑞, 𝐼

∗
𝑎, 𝐼

∗
𝑚, 𝐼

∗
𝑞, 𝐻

∗
𝑎, 𝐻

∗
𝑠 , 𝑅

∗] .

Given the Eqns. (4.1), we obtain

𝐸∗
𝑞 =

(𝜃4 − (ℎ1𝑞6 + ℎ2)𝜉 𝑡2𝜔−1)𝐸∗
𝑚− (𝜉 𝑡4𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0𝑡4)𝑡2𝜔−1

𝑞2
, (4.7)

𝐼∗𝑎 =
𝜎1𝐸

∗
𝑚

𝑞3
, (4.8)

𝐼∗𝑚 =
𝜎2𝐸

∗
𝑚

𝑞4
, (4.9)

𝐼∗𝑞 =
(𝑞2𝜎2𝜃5 + 𝜃4𝑡2𝜔

−1𝜎3𝑞4 − 𝜉 𝑡2𝜔−1𝜎3𝑞4(ℎ1𝑞6 + ℎ2))𝐸∗
𝑚 + (𝑡3𝜃1𝜉 +𝑚𝑁𝑞

𝑞0)𝑡2𝑡4𝜎3𝑞4𝜔
−1

𝑞2𝑞4𝑞5
,

(4.10)

𝐻∗
𝑎 =

𝜖3𝜎1𝐸
∗
𝑚

𝑞3𝑞6
, (4.11)
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𝐻∗
𝑠 =

(𝜎2𝜖1𝑞2𝑞5 +𝜎2𝜃5𝑞2𝜖2 − ((ℎ1𝑞6 + ℎ2)𝜉 − 𝜃4)𝜎3𝑡2𝑞4𝜔
−1)𝐸∗

𝑚− 𝜖2𝑡4𝑞4(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞
𝑞0)

𝑞2𝑞4𝑞5𝑞7
,

(4.12)

where
𝑡1 =𝜆 𝜃3 + 𝑞, 𝑡2 = 𝜃2 + 𝜃3 −1, 𝑡3 = 𝜋 +𝑚𝑁 ,

𝑡4 =𝑞8𝑞4𝑞6𝑞7𝑞3𝑞2𝑞5, 𝑡5 = 𝛾2𝑞5 +𝛾3𝜃5, 𝑡6 = 𝑞5𝜖1 + 𝜃5𝜖2 ,

𝑡7 =− 𝜃1𝜃2 + 𝑞0(𝜆 𝜃3 + 𝑞), 𝑡8 = 𝜖2𝛾4 +𝛾3𝑞7, 𝑡9 = (𝛾2𝑞5 +𝛾3𝜃5)𝑞7 +𝛾4(𝑞5𝜖1 + 𝜃5𝜖2),

𝜔 =𝑞4((𝜉 (𝜃2 + 𝜃3 −1) (𝜖2𝛾4 +𝛾3𝑞7)𝜎3 − 𝑞7𝑞8𝜃2𝑞2𝑞5)𝜃1 + 𝑞5𝑞7𝑞8𝑞0𝑞2(𝜆 𝜃3 + 𝑞))𝑞6𝑞3 ,

ℎ1 =ℎ11 + ℎ12 + ℎ13 = 𝑞7𝛾1𝜎1𝑞2𝑞4𝑞5 +𝜎3𝜃4𝑞3𝑞4(𝜖2𝛾4 +𝛾3𝑞7) + (𝑞2𝑞3𝜎2((𝛾2𝑞5 +𝛾3𝜃5)𝑞7

+𝛾4(𝑞5𝜖1 + 𝜃5𝜖2))),

ℎ2 =𝛾5𝜎1𝜖3𝑞2𝑞4𝑞5𝑞7, ℎ3 = (𝜃2 + 𝜃3 −1) (𝜖2𝛾4 +𝛾3𝑞7)𝜎3𝑞3𝑞4𝑞6(𝑚𝑁𝑞
𝑞0 + (𝜋 +𝑚𝑁 )𝜃1).

Simplify the model (4.1) by substituting Eq. (4.7) to (4.12), the EE of 𝑆∗, 𝑁∗
𝑞 and 𝑅∗ can be

rewritten as follows:

𝑆∗ =
((ℎ1 + ℎ2)𝜉 𝐸∗

𝑚𝑡1 − ℎ3𝜉 𝑚𝑁𝑞
+ 𝑡4(𝑚𝑁𝑞

𝜃2 + 𝑡1𝑡3))
𝜔

, (4.13)

𝑁∗
𝑞 =

((ℎ1𝑞6 + ℎ2)𝜉 𝐸∗
𝑚 + 𝜉 𝑡4𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0𝑡4)
𝜔

, (4.14)

𝑅∗ =
((ℎ11(𝑞0𝑡1 − 𝜃1𝜃2) + (ℎ12 + ℎ13)𝑡7)𝐸∗

𝑚− ℎ3)
𝜔

, (4.15)

and

𝐸∗
𝑚 =

𝐵2𝜆
2 +𝐵1𝜆

𝜆2𝐴2 +𝜆 𝐴1 + 𝐴0
, (4.16)
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where

𝐵1 =− (((𝑞5𝑞8(𝑞0𝜃3 + 𝜃2)𝑞2 −𝛾3𝜎3𝜉 𝑡2)𝑚𝑁𝑞
+ 𝑞8𝑞2𝑞5𝑡3(𝜃1𝜃3 + 𝑞))𝑞7 −𝛾4𝜎3𝜖2𝑚𝑁𝑞

𝜉 𝑡2)𝑞3𝑞6𝑞4,

𝐵2 =− 𝑞6𝑞4𝑞3𝑞2𝑞5𝑞7𝑞8𝜃3𝑡3,

𝐴0 =− 𝑞6𝑞4𝑞3((𝜉 𝑡2𝑡8𝜎3 − 𝑞7𝑞8𝜃2𝑞2𝑞5)𝜃1 + 𝑞𝑞0𝑞2𝑞5𝑞7𝑞8)𝑞1,

𝐴1 =(𝜃1𝜃3 + 𝑞) (((𝜎2𝑡9𝑞3 + 𝑞7𝛾1𝜎1𝑞4𝑞5)𝑞2 +𝜎3𝜃4𝑞3𝑞4𝑡8)𝑞6 + 𝑞7𝛾5𝜎1𝜖3𝑞2𝑞4𝑞5)𝜉 − 𝑞0𝑞1𝑡4𝜃3,

𝐴2 =𝜃3𝜉 (((𝜎2𝑡9𝑞3 + 𝑞7𝛾1𝜎1𝑞4𝑞5)𝑞2 +𝜎3𝜃4𝑞3𝑞4𝑡8)𝑞6 + 𝑞7𝛾5𝜎1𝜖3𝑞2𝑞4𝑞5).

From above, we express other variables in terms of 𝐸∗, which is difficult to adjust whether the

variables are always positive or not. This study proves the existence of EE in Section SI.1.1.

Substituting Eq. (4.16), (4.8) and (4.9) into (4.6), we obtain

𝜆∗ =
𝛽(𝑎1𝐸

∗
𝑚 + 𝑎2𝐼

∗
𝑎 + 𝑎3𝐼

∗
𝑚)

𝑁∗ , (4.17)

and

𝑁∗ = 𝑆∗ +𝑁∗
𝑞 +𝐸∗

𝑚 +𝐸∗
𝑞 + 𝐼∗𝑎 + 𝐼∗𝑚 + 𝐼∗𝑞 +𝐻∗

𝑎 +𝐻∗
𝑠 +𝑅∗. (4.18)

Now, substituting the endemic equilibrium points (SI.1.1) and Eq. (4.17) into Eq. (4.18), we have

𝑆∗ +𝑁∗
𝑞 + (1− 𝛽𝑎1

𝜆∗
)𝐸∗

𝑚 +𝐸∗
𝑞 + (1− 𝛽𝑎2

𝜆∗
)𝐼∗𝑎 + (1− 𝛽𝑎3

𝜆∗
)𝐼∗𝑚 + 𝐼∗𝑞 +𝐻∗

𝑎 +𝐻∗
𝑠 +𝑅∗ = 0. (4.19)

Simplifying this equation may point towards the existence of the existence of the backward

bifurcation phenomenon, which will be discussed in the subsequent section.

4.2.3.3 Backward Bifurcation Analysis

When the disease cannot develop into an epidemic, R0 is less than unity which is a necessary

condition. In considering the possibility of the coexistence of stable DFE and EE, the backward

bifurcation (BB) phenomenon is discussed in this section. Here, we simplify the Eq. (4.5) with

“ 𝛽1 = 𝛽2", “𝑎1 = 𝑎4",“𝑎2 = 𝑎5" and “𝑎3 = 𝑎6" as follows:

𝑅0 = 𝑅𝐸𝑚
+𝑅𝐼𝑎 +𝑅𝐼𝑚 , (4.20)
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with

𝑅𝐸𝑚
= 𝛽(1+ 𝜃3)

𝑎1
𝑞3𝑞4

,

𝑅𝐼𝑎 = 𝛽(1+ 𝜃3)
𝑎2𝜎1
𝑞1𝑞3

,

𝑅𝐼𝑚 = 𝛽(1+ 𝜃3)
𝑎3𝜎2
𝑞1𝑞4

.

Substituting Eq. (4.17) and (4.18) into Eq. (4.19),

𝐶4𝜆
∗4 +𝐶3𝜆

∗3 +𝐶2𝜆
∗2 +𝐶1𝜆

∗ +𝐶0 = 0, (4.21)

where

𝐶0 =𝑞3(−𝜖2𝑡4𝑞4(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞
𝑞0) + 𝑐0(((((𝜃2 + 𝑞0)𝑚𝑁𝑞

+ 𝑡3(𝜉 𝜃1 + 𝑞))𝑞2 − 𝑡2(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0))𝑞5 + 𝑡2𝜎3(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞
𝑞0))𝑡4 − 𝑞5ℎ3𝑞2(𝜉 𝑚𝑁𝑞

+1))𝑞4𝑞7)𝑞6𝐴0 +
−𝐵1𝑞2𝑞5𝑞6𝑞7

1+ 𝜃3 (𝑞2
3𝑞

2
4𝑅𝐸𝑚

+ 𝑞1𝑞3𝑞4𝑅𝐼𝑎 + 𝑞1𝑞3𝑞4𝑅𝐼𝑚),

𝐶1 =(−𝑞3𝑞6𝑡4𝜖2𝐴1𝑞4(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞
𝑞0) + 𝜉 𝑞3ℎ1(((𝑞2 − 𝑡2)𝑞5 − 𝑡2𝜎3)𝑞7 − 𝑡2𝜎3)𝐵1𝑞4𝑐0𝑞6

2+

(((((((((𝑞ℎ1 + ℎ2(𝑞 +1))𝜉 + ℎ1(𝑞 𝑞0 − 𝜃1𝜃2))𝐵1 + (𝜉 𝑡3𝜃1𝐴1 + ((𝜃2 + 𝑞0)𝑚𝑁𝑞
+ 𝑞𝑡3)𝐴1

+ 𝑡3𝜃3𝐴0)𝑡4 − ℎ3𝐴1(𝜉 𝑚𝑁𝑞
+1))𝑐0 +𝐵1 + (𝑐1𝑡3𝜃1𝐴0𝜉 + ((𝜃2 + 𝑞0)𝑐1𝑚𝑁𝑞

+ 𝑞𝑐1𝑡3)𝐴0)𝑡4

− 𝜉 𝐴0𝑐1ℎ3𝑚𝑁𝑞
− 𝐴0𝑐1ℎ3)𝑞2 − (ℎ2𝜉 𝐵1 + 𝑡4𝐴1(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0))𝑡2𝑐0 +𝐵1𝜃4 − 𝑡2𝑡4𝐴0(𝜉

𝑡3𝜃1 +𝑚𝑁𝑞
𝑞0)𝑐1)𝑞5 + (((−𝜉 ℎ2 + 𝜃4)𝐵1 + 𝑡4𝐴1(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0))𝑐0 + 𝑡4𝐴0(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0)𝑐1)𝑡2𝜎3)𝑞7 −𝐵1𝑡2𝜎3𝑐0(𝜉 ℎ2 − 𝜃4))𝑞4 − 𝑞2𝜎2((−𝐵1𝑞5 − 𝜃5𝐵1)𝑞7 −𝐵1(𝑞5𝜖1 + 𝜃5𝜖2)

))𝑞3 + 𝑞2𝑞4𝑞5𝑞7𝜎1𝐵1)𝑞6 + 𝑞2𝑞4𝑞5𝑞7𝜎1𝜖3𝐵1 +
−𝐵2𝑞2𝑞5𝑞6𝑞7

1+ 𝜃3
(𝑞3

2𝑞4
2𝑅𝐸𝑚

+ 𝑞1𝑞3𝑞4𝑅𝐼𝑎

+ 𝑞1𝑞3𝑞4𝑅𝐼𝑚),
𝐶2 =− 𝑞3𝑞6𝑡4𝜖2𝐴2𝑞4(𝜉 𝑡3𝜃1 +𝑚𝑁𝑞

𝑞0) + (((𝑞2 − 𝑡2)𝑞5 − 𝑡2𝜎3)𝑞7 − 𝑡2𝜎3)𝑞3𝜉 ℎ1𝑞4(𝐵1𝑐1 +𝐵2𝑐0)

𝑞6
2 + (((((((((𝑞ℎ1 + ℎ2(𝑞 +1))𝐵2 + 𝐴2𝑡3𝑡4𝜃1 + 𝜃3(ℎ1 + ℎ2)𝐵1 − ℎ3𝑚𝑁𝑞

𝐴2)𝑐0 + (𝐴1𝑡3𝑡4𝜃1

+ (𝑞ℎ1 + ℎ2(𝑞 +1))𝐵1 − ℎ3𝑚𝑁𝑞
𝐴1)𝑐1)𝜉 + (ℎ1(𝑞𝑞0 − 𝜃1𝜃2)𝐵2 + (𝑡3𝜃3𝐴1 + ((𝜃2 + 𝑞0)𝑚𝑁𝑞

+

𝑞𝑡3)𝐴2)𝑡4 + 𝜃3𝑞0ℎ1𝐵1 − ℎ3𝐴2)𝑐0 + ((((𝜃2 + 𝑞0)𝑚𝑁𝑞
+ 𝑞𝑡3)𝐴1 + 𝑡3𝜃3𝐴0)𝑡4 + ℎ1(𝑞𝑞0 − 𝜃1𝜃2)

𝐵1 − ℎ3𝐴1)𝑐1 +𝐵2)𝑞2 − ((𝐴2𝑡3𝑡4𝜃1 +𝐵2ℎ2)𝑐0 + 𝑐1(𝐴1𝑡3𝑡4𝜃1 +𝐵1ℎ2))𝑡2𝜉 − 𝑐1𝑡2𝑡4𝑚𝑁𝑞
𝑞0𝐴1

− 𝑡2𝑡4𝑚𝑁𝑞
𝑞0𝐴2𝑐0 +𝐵2𝜃4)𝑞5 −𝜎3𝑡2(((−𝐴2𝑡3𝑡4𝜃1 +𝐵2ℎ2)𝑐0 + 𝑐1(−𝐴1𝑡3𝑡4𝜃1 +𝐵1ℎ2))𝜉 + (−

𝑡4𝑚𝑁𝑞
𝑞0𝐴2 −𝐵2𝜃4)𝑐0 − 𝑐1(𝑡4𝑚𝑁𝑞

𝑞0𝐴1 +𝐵1𝜃4)))𝑞7 − 𝑡2𝜎3(𝜉 ℎ2 − 𝜃4) (𝐵1𝑐1 +𝐵2𝑐0))𝑞4+

𝐵2((𝑞5 + 𝜃5)𝑞7 + 𝑞5𝜖1 + 𝜃5𝜖2)𝑞2𝜎2)𝑞3 + 𝑞2𝑞4𝑞5𝑞7𝜎1𝐵2)𝑞6 + 𝑞2𝑞4𝑞5𝑞7𝜎1𝜖3𝐵2,
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𝐶3 =((((((((𝑞 + 𝑞6)ℎ1 + ℎ2(𝑞 +1))𝐵2 + (𝑡3𝜃1𝑡4 − ℎ3𝑚𝑁𝑞
)𝐴2 + 𝜃3(ℎ1 + ℎ2)𝐵1)𝜉 + ℎ1(𝑞𝑞0 − 𝜃1𝜃2)

𝐵2 + (((𝜃2 + 𝑞0)𝑚𝑁𝑞
+ 𝑞𝑡3)𝑡4 − ℎ3)𝐴2 + 𝜃3(𝐴1𝑡3𝑡4 +𝐵1ℎ1𝑞0))𝑞2 − (((ℎ1𝑞6 + ℎ2)𝐵2 + 𝐴2𝑡3𝑡4

𝜃1)𝜉 + 𝑡4𝑚𝑁𝑞
𝑞0𝐴2)𝑡2)𝑞5 − (((ℎ1𝑞6 + ℎ2)𝐵2 − 𝐴2𝑡3𝑡4𝜃1)𝜉 − 𝑡4𝑚𝑁𝑞

𝑞0𝐴2 −𝐵2𝜃4)𝜎3𝑡2)𝑐1 + 𝜃3

𝑞2𝑞5(𝐵2(ℎ1 + ℎ2)𝜉 + 𝑞0ℎ1𝐵2 + 𝑡3𝑡4𝐴2)𝑐0)𝑞7 −𝐵2((ℎ1𝑞6 + ℎ2)𝜉 − 𝜃4)𝜎3𝑐1𝑡2)𝑞6𝑞4𝑞3,

and
𝐶4 = 𝑞2(((𝜉 + 𝑞0)ℎ1 + 𝜉 ℎ2)𝐵2 + 𝑡3𝑡4𝐴2)𝑞7𝑞5𝜃3𝑞3𝑞6𝑐1𝑞4.

To be more specific and discuss the possible of roots of Eq. (4.21), we used Descartes’ rule of

sign changes [73] and showed 32 possible results in Table 4.3.

Table 4.3: Number of possible positive real roots of Eq. (4.21)

Case 𝐶4 𝐶3 𝐶2 𝐶1 𝐶0 R0 No. of possible changes Positive Real Roots
1 − − − − − R0 > 1 0 0
2 − + + + + R0 < 1 1 1
3 − − − − + R0 < 1 1 1
4 − − − + + R0 < 1 1 1
5 − − − + + R0 < 1 1 1
6 − − + + + R0 < 1 1 1
7 − + + + − R0 > 1 2 0,2
8 − + − − − R0 > 1 2 0,2
9 − − + − − R0 > 1 2 0,2
10 − − − + − R0 > 1 2 0,2
11 − + + − − R0 > 1 2 0,2
12 − − + + − R0 > 1 2 0,2
13 − − + − + R0 < 1 3 1,3
14 − + + − + R0 < 1 3 1,3
15 − + − + + R0 < 1 3 1,3
16 − + − + − R0 > 1 4 0,2,4
17 + + + + + R0 < 1 0 0
18 + + + + − R0 > 1 1 1
19 + − − − − R0 > 1 1 1
20 + + − − − R0 > 1 1 1
21 + + + − − R0 > 1 1 1
22 + − − − + R0 < 1 2 0,2
23 + − − + + R0 < 1 2 0,2
24 + − − + + R0 < 1 2 0,2
25 + + + − + R0 < 1 2 0,2
26 + + − + + R0 < 1 2 0,2
27 + − + + + R0 < 1 2 0,2
28 + − + − − R0 > 1 3 1,3
29 + − − + − R0 > 1 3 1,3
30 + + − + − R0 > 1 3 1,3
31 + − + + − R0 > 1 3 1,3
32 + − + − + R0 < 1 4 0,2,4
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4.2.4 Fitting Analysis

We inputted into the model the data from 24 January to 31 October 2020 in Hong Kong by

employing the Pearson’s Chi-squared test and the least square method via R statistical software

version 3.4.1 [186]. The demographic related data includes 𝜋 as natural birth 225 and 𝜇𝐻

as the crude death rate 0.00003 [141]. The initial 𝑆0 is set as 7,181,657 on 24th January

2020, which equals the summation of the net growth of inbound travellers [211], initial local

population 7,520,800 [207] and released quarantined inbound travellers. With reference to the

epidemic model in Eqns. (4.1) and local data, we assume 𝑚𝑁 as zero since the number of

inbound travellers without quarantine is unknown. All inbound travellers are assumed to follow

quarantine rules since 24 January 2020. During the first 13 days, no quarantined visitor is

released: 𝑚𝑁𝑞
(1) = ... = 𝑚𝑁𝑞

(13) = 0. All initial values of parameters are shown in Table 4.5.

The Hong Kong government announced a quarantine policy on 25 March 2020. All inbound

travellers are required to quarantine for 14 days after arriving in Hong Kong. During quarantine,

people are not allowed to have any close contact with others. If an inbound traveller becomes

symptomatic, the traveller will be hospitalized by the government. If the latency period exceeds

14 days, the released quarantine people can still transmit the virus to others as asymptomatic

infectious individuals; owing to the absence of symptoms, it is difficult to screen them from the

public. As a result, the Hong Kong government has imposed various restrictions designed to

reduce the risk of transmission among the whole population, such as one-meter social distancing

[179], wearing masks, a ban on restaurant dining, and restrictions on the maximum number of

people gathering. The proposed ‘effective contact ratio’ helps describe the degree of adherence

to these restrictions among the public. Based on six types used by the Hong Kong government

[63], we subdivide confirmed cases based on the infection sources and symptoms. Imported

cases and cases epidemiologically linked with imported cases are from or caused by quarantined

individuals. The other four types related to local cases are divided into asymptomatic or symp-

tomatic cases. Infection control policies enacted by the Hong Kong government are indicated in

Figure 4.4.

4.3 Results

4.3.1 Modelling

A modified compartmental model is developed to overcome the limitations of only considering

well-mixed homogeneous populations in the previous well-established compartment model.
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The newly proposed model can divide the population into ten groups based on transmission

characteristics (shown in Figure 4.1). An individual may progress from being susceptible (𝑆) to

being exposed (𝐸𝑚) to being asymptomatic/symptomatic (𝐼𝑎 or 𝐼𝑚) to being hospitalized (𝐻𝑎

or 𝐻𝑠) to having recovered (𝑅), and can be quarantined while being susceptible (𝑁𝑞), exposed

(𝐸𝑞) or infectious (𝐼𝑞). Pre-symptomatic, symptomatic and asymptomatic individuals are all

contagious to susceptible individuals under effective contact, i.e., when an already infected

individual is in contact with another individual who thus may become infected as well. In our

model, the duration of the transmission spans from being pre-symptomatic to being hospitalized.

The amount of virus in the bodies of infected individuals during incubation increases over several

days (which is assumed in our study to be three days) before symptom onset [87]. It is often not

easy to study the transmission onset time, as it is difficult to know who infected whom exactly

when. This study assumed that each exposed individual was pre-symptomatic and contagious.

Due to a lack of symptoms, both exposed individuals 𝐸𝑚 and asymptomatic infectious individuals

𝐼𝑎 may come in contact with both susceptible individuals with (𝑁𝑞) and without (𝑆) quarantine

through outside movement, in household settings, or during provision of daily necessities by

volunteers. The force of infection, which is the rate at which individuals become infected per

unit time [88], is shown in Eqns. (4.2). Each COVID-19 confirmed case can continue to shed

the virus to others up to and including during hospitalized. Owing to reinfection [204] and

virus mutations [37], an infected individual’s convalescence period may end without lifelong

immunity—a recovered individual transfer from 𝑅 to 𝑆 by a reinfection rate 𝑥𝑖. Considering that

many countries suffered from several waves due to imported cases and frequent virus mutations,

and that COVID-19 might become a seasonal disease [151], the proposed model is designed with

a dynamic population by natural birth and death, mortality from COVID-19, and cross-boundary

(in and out of a given territory or country) human mobility.

4.3.2 Mathematical Analysis

4.3.2.1 Steady States

Disease extinction and persistence [140] are determined by the stability of the disease-free

equilibrium (DFE) and the endemic equilibrium (EE) of the model (4.1). Under the locally

asymptotical stability in this system (i.e., DFE), applying the next-generation method [227] to

the equations in the model (4.1) (see Section 4.2.3.1), the basic reproduction number R0 (i.e.,

the average number of secondary cases caused by each infectious individual) in Eq. (4.5) is con-

tributed by three groups (R0 = 𝑅𝐸𝑚
+𝑅𝐼𝑚 +𝑅𝐼𝑎 ). The interpretation of R0 is shown in Table 4.4.
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To be more specific, 𝑅𝐸𝑚
= (𝑎4𝛽2𝜃3 + 𝑎1𝛽1)/𝑞1, which is caused by exposed individuals with

outside movement, 𝑅𝐼𝑚 = (𝑎6𝛽2𝜃3 + 𝑎3𝛽1)𝜎2/𝑞1𝑞4, which is caused by symptomatic infectious

individuals with outside movement, and 𝑅𝐼𝑎 = (𝑎5𝛽2𝜃3 + 𝑎2𝛽1)𝜎1/𝑞1𝑞3, which is caused by

asymptomatic individuals with outside movement, can be explained by the force of infection

Eqns. (4.2).

Table 4.4: Interpretation of the basic reproduction number 𝑅0

Section Equation Interpretation

𝑅𝐸𝑚

𝑎4𝛽2 𝜃3+𝑎1𝛽1
𝑞1

Numerator: the infections produced by 𝐸𝑚;
Denominator: the population transferring out of 𝐸𝑚.

𝑅𝐼𝑚
(𝑎6𝛽2 𝜃3+𝑎3𝛽1 )𝜎2

𝑞1𝑞4

𝑎6𝛽2𝜃3 + 𝑎3𝛽1: the infections produced by 𝐼𝑚;
𝜎2/𝑞1𝑞4: the net population left in 𝐼𝑚 among population from 𝐸𝑚 .

𝑅𝐼𝑎
(𝑎5𝛽2 𝜃3+𝑎2𝛽1 )𝜎1

𝑞1𝑞3

𝑎5𝛽2𝜃3 + 𝑎2𝛽1: the infections produced by 𝐼𝑎;
𝜎1/𝑞1𝑞3: the net population left in 𝐼𝑎 among population from 𝐸𝑚.

The pandemic is still evolving with several resurgences globally. The possible coexistence of

DFE with a stable EE is explored. A global asymptotic stability exists, which corresponds to

positive solutions to Eq. (4.19) (proven in SI.1.1). The backward bifurcation (BB) phenomenon

has been shown to exist when the classical epidemiological requirement of having R0 < 1 is no

longer sufficient for effective control of COVID-19 infections. Substituting the force of infection

Eq. (4.17) and global asymptotically points (in SI.1.1) into the total population at EE Eq. (4.18),

there are 32 scenarios that reflects the plausibility of BB phenomenon (see Table 4.3).

4.3.2.2 Sensitivity Analysis

Sensitivity analysis was conducted to explore the impacts of the mutations in infectiousness,

gathering restrictions, and quarantine policies on the dynamical system described in the model

(4.1). The basic reproduction number R0, also known as a threshold quantity, is used to assess

whether the disease can spread or will die out, though it is not the only factor. Meanwhile, the

severity of an outbreak is reflected by the infection attack rate [243]. This paper used Partial

Rank Correlation Coefficients (PRCCs) [68] to investigate the impacts of each parameter on the

overall dynamics, with R0 and the infection attack rate as response functions (see Figure 4.2).

Furthermore, using the tool SimBiology in MATLAB [216], this paper adopted a global sen-

sitivity analysis (shown in Figure 4.3) between parameters and variables related to the force of

infection (i.e., 𝐸𝑚, 𝐼𝑎 and 𝐼𝑚).

In Figure 4.2, the outputs include the basic reproduction number R0 (i.e., an epidemiologically

key parameter for determining whether the disease will persist) and the infection attack rate (i.e.,
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the severity of an outbreak). The results of the analysis show that four parameters are most

significant in their sensitivity:𝛽1, 𝛽2, 𝜃3 and 𝑎6. The transmission rate among susceptible people

𝛽1 and transfer rate 𝜃3 from quarantined people 𝑁𝑞 to exposed individuals with outside movement

𝐸𝑚 ranked as the most sensitive parameters. The transmission rate 𝛽2 among quarantined people,

which significant, is less sensitive than that among susceptible people (i.e., 𝛽1). The effective

contact ratio 𝑎6 between asymptomatic infectious individuals 𝐼𝑎 and quarantined individuals

𝑁𝑞 is the most sensitive parameter among all effective contact ratios. The four significant

parameters should especially be taken into consideration by decision-makers in designing and

enacting measures for timely and effective infection control.

In Figure 4.3, transmission rate 𝛽1 is more sensitive to three outputs (i.e., 𝐸𝑚, 𝐼𝑚 and 𝐼𝑎) than 𝛽2.

When any mutated variant attacks susceptible people in the absence of restrictions on movement,

its transmission risk will be almost double that of quarantined people. Exposed individuals 𝐸𝑚

is the most sensitive group among all infectors. Effective contact ratio 𝑎1 between 𝐸𝑚 and 𝑆

ranked as having the most significant effect on the outputs. Meanwhile, all effective contact

ratios (𝑎1, ..., 𝑎6) have a greater impact on 𝐸𝑚 compared to the other two outputs 𝐼𝑚 and 𝐼𝑎. In

addition, 𝐸𝑚 is also affected by transfer rates between disease status compartments (i.e., 𝜃1, 𝜃4,

𝜃6 = 1− 𝜃2 − 𝜃3), thus 𝐸𝑚 implicitly indicates the effectiveness of quarantine policies. Recovery

rate 𝛾4 of hospitalized symptomatic individuals 𝐻𝑠 shows significant impacts on all outputs,

especially 𝐸𝑚. The hospitalization rates of 𝐼𝑞 (i.e., 𝜖2) and 𝐼𝑎 (i.e., 𝜖3) both show an obvious

sensitivity to themselves (i.e., 𝐼𝑞 or 𝐼𝑎) respectively. As shown in 4.3(f), the sharp increase in the

infected population might be triggered by the influx of inbound travellers who do not quarantine.

A quarantine policy for cross-boundary travellers is still suggested.

4.3.3 Fitting Results

This study used time-series data on confirmed COVID-19 cases [63] and data on cross-boundary

travellers [211] in Hong Kong to populate the proposed model. Table 4.5 provides the descrip-

tions, the initial values, and ranges for each parameter according to reasonable assumptions and

previous studies [33, 127, 141, 230]. Demographic information on the studied population is

shown in Table 4.1. Policy stringency index scores [82], specific policies implemented at each

inflexion point, and the number of new daily cases from 24th January to 4th December 2020 are

compared in Figure 4.4. The full Eqns. in the model (4.1) are fitted to symptomatic cases with

outside movement 𝐼𝑚 as shown in Figure 4.5. The “R-squared" 𝑅2 ranges from 0.69 to 0.98,

specifically 0.82 (Phase 1: 24th Jan.-24th Mar.), 0.96 (Phase 2: 25th May.-19th Jul.), 0.98 (Phase
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(a)

Figure 4.2: The partial rank correlation coefficient (PRCC) of the basic reproduction number
R0 and infection attack rate with respect to model parameters.

3: 20th Jul.-29th Jul.) and 0.69 (Phase 4: 30th Jul.-31st Oct.) respectively. Model simulations

well fitted both the cumulative and daily data. After the quarantine policy was announced on

24th March 2020, the government relaxed, then tightened, then once again relaxed gathering

restrictions on 29th May, 19th July and 11st September 2020, respectively. This study separated

the study period (282 days) into four subsections because the pandemic in Hong Kong occurred

in four waves. At the same time, the government adjusted gathering restrictions or/and quarantine

rules every time the daily confirmed cases increased significantly, as shown in Figure 4.4. All

data can be found on GitHub [254] and all initial values of variables and estimated parameters

(i.e., 𝑎1-𝑎5, 𝛽1, 𝑏𝑒𝑡𝑎2 and 𝜃3) are shown in SI.1.2.
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(a) (b) (c)

(d) (e) (f)

Figure 4.3: Global sensitivity analysis. Inputs: (𝑎) transmission rate (𝛽1 and 𝛽2), (𝑏)effective
contact ratio (𝑎1-𝑎6), (𝑐) transition rate [𝜃1-𝜃5 and 𝜃6 = (1− 𝜃2 − 𝜃3)], (𝑑) recovery rate (𝛾1-𝛾5),
(𝑒) hospitalized rate (𝜖1-𝜖3), and ( 𝑓 ) population size (𝑆 and 𝑁𝑞). Output: exposed individuals
with outside movement (𝐸𝑚), symptomatic infectious individuals (𝐼𝑚) and asymptomatic in-

fectious individuals (𝐼𝑎).
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Table 4.5: Parameter descriptions and values

Parameter Description Initial
Value

Range Citation

𝜋 the number of new natural births 225 100, 1000 [141]

𝜇𝐻 the number of inbound travellers without quarantine 0.00003 0.00001, 0.00005 [141]

𝛽1 transmission rate contributed by the disease among 𝑆 0.745 0.36, 1.2 [127]
𝛽2 transmission rate contributed by the disease among 𝑁𝑞 0.745 0.54, 1.7 [127]

𝑎1 the effective contact ratio between 𝐸𝑚 and 𝑆 0.18 0.11, 0.18
estimated from
[33] and [230]

𝑎2 the effective contact ratio between 𝐼𝑎 and 𝑆 0.12 0.05, 0.17
estimated from
[33] and [230]

𝑎3 the effective contact ratio between 𝐼𝑚 and 𝑆 0.15 0.1, 0.19
estimated from
[33] and [230]

𝑎4 the effective contact ratio between 𝐸𝑚 and 𝑁𝑞 0.13 0.05, 0.18
estimated from
[33] and [230]

𝑎5 the effective contact ratio between 𝐼𝑎 and 𝑁𝑞 0.09 0.09, 0.16
estimated from
[33] and [230]

𝑎6 the effective contact ratio between 𝐼𝑚 and 𝑁𝑞 0 0, 1 assumed

𝜃1
The rate of susceptible individuals who self-quarantined
according to the strict policy.

0.069 0.01, 0.18 validated

𝜃2

The rate of quarantined individuals who remain
susceptible after 14-day quarantine observation period and
return back to the susceptible group.

0.084 0.002, 0.1 validated

𝜃3

The rate of quarantined individuals who have been infected
during the quarantine period and show the symptoms after
the quarantine.

0.44 0.075, 0.5 validated

𝜃4
The rate of exposed individual with outside movement
who has been quarantined.

0.084 0.002, 0.1 validated

𝜃5
The rate of infectious individual with outside movement
who has been quarantined.

0.09 0.001, 0.3 validated

𝜎1
the transition rate from exposed to asymptomatic
infectious status

0.025 0.001, 0.07 estimated from [33]

𝜎2
the transition rate from exposed to symptomatic
infectious status

0.187 0.1, 0.255 validated

𝜎3
the transition rate from exposed to symptomatic
infectious status under quarantine

0.289 0.1, 0.3 validated

𝜖1 the hospitalization rate of asymptomatic infectious individuals 0.8 0.025, 0.95 assumed
𝜖2 the hospitalization rate of symptomatic infectious individuals 0.85 0.05, 0.975 assumed

𝜖3
the hospitalization rate of quarantined symptomatic infectious
individuals

0.96 0.02, 0.99 assumed

𝛾1
the rate of asymptomatic infectious individuals who recovered
without hospitalization

0.008 0.01, 0.45 assumed

𝛾2
the rate of symptomatic infectious individuals who recovered
without hospitalization

0.133 0.0714, 0.3333 [33]

𝛾3
the rate of quarantined symptomatic infectious individuals
who recovered without hospitalization

0.134 0.0714, 0.3333 [33]

𝛾4
the rate of symptomatic infectious individuals
who recovered after treatment in the hospital

0.116 0.0714, 0.3333 validated

𝛾5
the rate of asymptomatic infectious individuals
who recovered after treatment in the hospital

0.005 0.001, 0.5 assumed

𝛿𝑚
the rate of death among symptomatic infectious individuals
with outside movement 𝐼𝑚

0.1275 0.01, 0.345 assumed

𝛿𝑞
the rate of death among quarantined symptomatic infectious
individuals 𝐼𝑞

0.1275 0.01, 0.345 assumed

𝛿ℎ
the rate of death among hospitalized symptomatic infectious
individuals 𝐻𝑠

0.1275 0.01, 0.345 assumed

𝜉 the rate of reinfection based on no lifelong immunity 0.0001 0, 1 assumed
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Figure 4.4: Comparison between policy stringency index scores [82] and daily new cases [63]
from 24th January to 4th December 2020. Yellow, orange, blue and green lines represent the
periods from January 24 to March 24, from May 25 to July 19, from July 20 to 29, and from July
30 to October 30 respectively. Blue points show each inflection point of the grey line (policy

stringency index).

(a) (b)

(c) (d)

Figure 4.5: Fitting results: (a) Jan. 24 to Mar. 24, (b) Mar. 25 to Jul. 19, (c) Jul. 20 to Jul. 29,
and (d) Jul. 30 to Oct. 31.

4.3.3.1 Effective Contact Ratio

Individuals are highly likely to get infected by other pre-symptomatic, asymptomatic or symp-

tomatic individuals through effective contact. Some large-scale studies indicate that greater

human mobility may lead to higher infection probability [127, 150], but these studies have failed

to assess the influence of this mobility on a heterogeneous population from both epidemiology



4.3. Results 43

(a) (b) (c)

(d) (e) (f)

Figure 4.6: Comparison between policy stringency index scores and effective contact ratios
from Jan. 25 to Oct. 31 in 2020: (a) 𝑎1 effective contact ratio between 𝐸𝑚 and 𝑆, (b) 𝑎2
effective contact ratio between 𝐼𝑚 and 𝑆, (c) 𝑎3 effective contact ratio between 𝐼𝑎 and 𝑆, (d) 𝑎4
effective contact ratio between 𝐸𝑚 and 𝑁𝑞 , (e) 𝑎5 effective contact ratio between 𝐼𝑚 and 𝑁𝑞 and
(f) comparison between domestic Mass Transit Railway (MTR) passengers flow and effective

contact ratios [213].

and policy perspectives. This study explored the effective contact between different groups based

on the proposed model.

In Figure 4.6, all effective contact ratios (i.e., 𝑎1 − 𝑎5) were at the lowest level before March

2020. After quarantine rules were announced in March 2020, the daily number of cross-boundary

travellers gradually decreased from 228 to 1 on average [213]. Two effective contact ratios (i.e.,

𝑎4 and 𝑎5) related to quarantined people did not decrease, suggesting that quarantined people

may become infected during the quarantine. Meanwhile, when the transfer rate 𝜃3 from 𝑁𝑞 to

𝐸𝑚 grew, the severity of infections during the quarantine became more serious. Owing to the

relaxation of gathering restrictions during the gap between the second and third wave, 𝑎1, 𝑎2 and

𝑎3 increased by 0.1245, 0.0632, and 0.0639, respectively. 𝑎4 and 𝑎5 decreased by 0.0703 and

0.0763 due to tighter quarantine restrictions. When the third wave came and peaked in mid-July,

a restaurant dine-in ban after 6 pm did not curb gatherings among citizens or mitigate the ongoing

wave. One week later on 29th July, a stricter gathering restriction was announced and decreased

𝑎1, 𝑎2 and 𝑎3 by 8% on average. Meanwhile, 𝑎4 and 𝑎5 increased by 25% in total. Compared to

the effective contact ratios in March, all effective contact ratios had a twofold increase even with

the implementation of stricter measures, and domestic passenger flows increased as well in late

July 2020.
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4.4 Discussion

The modified SEIHR model (4.1) describes the transmission dynamics of SARS-CoV-2 by in-

corporating heterogeneous effective contact ratios between different groups. Via mathematical

analysis, we computed the basic reproduction number, R0 (which determines whether the disease

persists or dies out) and stability of equilibria. We find that the model exhibits the phenomenon of

backward bifurcation, which increases the difficulty of SARS-CoV-2 control since the dynamics

do not depend solely on R0. The existence of a BB means that when a stable endemic equilibrium

co-exists with a stable disease-free equilibrium, even if the basic reproduction number is less

than unity, the disease may persist. The epidemiological consequence of the backward bifur-

cation phenomenon makes the controlling or eliminating the disease more difficult. Potential

epidemiological mechanisms of continued transmission may include exogenous re-infection as

frequently observed for COVID-19 and imperfect vaccine efficacy due to virus mutations [81].

These and other possible mechanisms require further study.

The main impact factors of R0 shown in Eq.(4.5) are effective contact ratios 𝑎1, 𝑎2 and 𝑎3

controlled by gathering restrictions, and effectiveness contact ratios between quarantined inbound

travellers and infectious individuals outside (i.e., 𝑎4 and 𝑎5) and the transition rate 𝜃3 from 𝑁𝑞 to

𝐼𝑚 which reflect potential infection during quarantine. This study assumed the effective contact

ratio 𝑎6 between 𝐼𝑚 and 𝑁𝑞 to be zero since people visiting 𝑁𝑞 are assumed to be without

symptoms. In Figure 4.2, 𝑎6 showed high sensitivity to R0 and the infection attack rate, a result

that indicates the contact between 𝐼𝑚 and 𝑁𝑞 should be emphasised for overall control. As for

quarantined individuals, incomplete adherence to quarantine recommendations could potentially

accelerate and prolong infectious disease outbreaks. Transition rate 𝜃3 was validated to be

greater than zero, which confirms the existence of infections during quarantine. There are at

least two transmission links. Some inbound travellers are susceptible before being quarantined

and get infected by their close contacts. In addition, inbound travellers still have the possibility

of infecting their close contacts due to the high frequency of secondary infections from imported

cases [63]. Given the lesson from Australia [214], if any infection is passed from quarantined

individuals to their close contacts, the virus may spread into the community, resulting in an

outbreak.

Additional evidence of infections possibly occurring during quarantine includes the increases

in 𝑎4 and 𝑎5 in late March and late July 2020. A higher effective contact ratio increases the

possibility of shedding the virus in the population and infecting others. Up until the end of July
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2020, the policy stringency index score is almost 2 times higher than that in late January 2020

[82]. Contrary to the expected change shown in Figure 4.6, even the best performance, i.e., the

effective contact ratio 𝑎1 between 𝐸𝑚 and 𝑆, increased by 0.15 in total. Owing to no symptoms

and delayed recognition by decision makers of the relative transmissibility of asymptomatic

infection, effective contact ratios related to 𝐼𝑎 indicate low adherence to gathering restrictions,

exhibiting the second highest increase of all the effective contact ratios between January and

October 2020.

After implementing a stricter restriction, 𝑎1, 𝑎2 and 𝑎3 decreased only 8% on average while

the third wave reached its peak. After gathering restrictions were relaxed in September 2020 to

allow a maximum of four people together, the effective contact ratios, with an average increase of

0.0475, were approximately six times greater than that in July 2020. The synchronized effective

contact ratio didn’t change with the stringency of gathering restrictions. This implies that people

practiced lower and lower adherence to policies. Hong Kong may have experienced pandemic

fatigue in their populations in July 2020, with the most severe resurgence occurring in September

2020.

The occurrence of backward bifurcation, infection during quarantine, and pandemic fatigue

may be reasons why Hong Kong experienced multiple waves of infection during the COVID-

19 pandemic. Pandemic fatigue was expressed through an increasing number of people not

sufficiently following recommendations and restrictions, as reflected in effective contact ratios.

Already infected individuals who volunteer to provide daily necessities to quarantined individuals

may, despite the very quarantine policy, infect the quarantined individuals who, after quarantine

and when initially asymptomatic, interact with and infect other community members, triggering

an outbreak. According to guidance from WHO [221], we need to apply more tailored measures

to allow people to live their lives but reduce risks.

In February 2021, the Hong Kong government announced sewage tests for COVID-19 and

promoted the “LeaveHomeSafe" mobile application to record citizens’ social activities. With

these measures in place, the government also implemented a policy such that if one or more

new confirmed cases with unknown sources are found in buildings, or there are sewage samples

that test positive and thus imply possible infection risks, the buildings will be included in a

mandatory test notice [177]. The sewage tests detected nine infections in two blocks [217].

Using data collected through the "LeaveHomeSafe" application, the Hong Kong government

was able to efficiently identify close contacts traceable to an infection cluster that occurred in
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the K11 Musea shopping center [199]. More cross-cutting measures and their efficacy need to

be explored. Finally, this study can be extended by examining the time-varying effective contact

ratios using more detailed data, incorporating heterogeneous data to gain further insight on the

contacts between different groups, and exploring more tailored policies and their efficacy.

4.5 Chapter Summary

Recurrent updates in NPIs aim to control successive waves of the COVID-19 but are often

met with low adherence by the public. This chapter evaluated the effectiveness of gathering

restrictions and quarantine policies based on a modified SEIHR model by incorporating cross-

boundary travellers with or without quarantine to study the transmission dynamics of COVID-19

with data spanning a nine-month period during 2020 in Hong Kong. The asymptotic stability

of equilibria reveals that the model exhibits the phenomenon of backward bifurcation, which

in this study is a co-existence between a stable disease-free equilibrium (DFE) and an endemic

equilibrium (EE). Even if the basic reproduction number (R0) is less than unity, this disease

cannot be eliminated.

The effect of each parameter on the overall dynamics was assessed using Partial Rank Correlation

Coefficients (PRCCs). Transmission rates (i.e., 𝛽1 and 𝛽2), effective contact ratio 𝑎6 between

symptomatic individuals and quarantined people, and transfer rate 𝜃3 related to infection during

quarantine were identified to be the most sensitive parameters. The effective contact ratios

between the infectors and susceptible individuals in late July were found to be over twice as high

as that in March of 2020, reflecting pandemic fatigue and the potential existence of infection

during quarantine. People showed a lower and lower adherence to macro-level NPIs in Hong

Kong. Each industry should put effort into the investigation of its specific transmission patterns

of COVID-19 and design its targeted response strategies.



Chapter 5

Transmission Patterns of COVID-19 in

the Construction Industry in Hong Kong

5.1 Introduction

Pandemic fatigue is caused by macro-level NPIs (e.g., gathering restrictions), resulting in de-

motivation to follow recommended protective behaviors [221]. In addition, with the gradual

relaxations of COVID-19 restrictions [142, 218], all of the above factors contributed to epidemic

resurgences (i.e., repetitive outbreaks). Meanwhile, the uneven distribution of COVID-19 vac-

cination rates [206], insufficiency of vaccine efficacy, and frequent virus mutations [37, 110]

hinder herd immunity globally. As a result, COVID-19 may likely persist and become a re-

current seasonal disease [151]. To recover the productivity of each industry but protect people

from health crises, wide-ranging restrictions may not be feasible in the long run. Against this

backdrop, more sector-specific and individual-level NPIs (e.g., face covering for certain work

settings) may still be needed.

The different transmission patterns in each industry influence the effectiveness of anti-epidemic

strategies. Understanding transmission patterns can help decision-makers take appropriate ac-

tions to reduce infection risks. For example, controlling airborne transmission has been regarded

as part of an overall strategy to limit infection risk indoors [149] (e.g., in restaurants, hotels,

hospitals, etc.). As people cannot wear masks while eating and drinking, the restaurant sector

redesigned sitting arrangements [55] to alter contaminated airflow patterns between people. In

a quarantine hotel, aerosols containing the virus can flow into the opposite room with the door

open. Diagonal rooms are recommended for hotel guests to reduce the risk of door-to-door

transmission [240]. The existing specialized ventilation systems of hospitals [43, 138], have

reduced infection risk in hospital wards. During the pandemic, hospitals developed temporary

triage systems [229] to reduce infection risk during patient consultations.

There is limited discussion on what the major specific transmission pattern is in the construction

industry and how to align targeted NPIs to mitigate such transmission [5, 45, 98, 128]. Compared

to other sectors, the construction industry has exhibited a higher vulnerability to COVID-19

infection. The unavoidable need for manual labour within a close proximity among construction

47
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employees during work activities [255] and the prevalence of smoking among workers [169]

increased the possibility of exposure to virus. Nearly five-fold hospitalization rate higher than

that of other occupational categories [107] showed a greater number of severe and fatal outcomes

from infection. Frequent COVID-19 cases have been found in the construction industry globally

[e.g., Singapore[118], the United States[10], and Hong Kong [178]], although some specific NPIs

have been in place (e.g., arranging each worker to a designated location for changing, resting,

and dining [42], disinfecting construction sites [105], etc.). Due to a moderate stringency of

policies in Hong Kong [159], the information on COVID-19 outbreaks is ideal for identifying

a transmission relationship between each pair of confirmed cases. Therefore, this study aims

to explore the transmission patterns in the construction industry by analyzing COVID-19 cases

clusters associated with construction sites in Hong Kong, thereby providing key intelligence for

more effective interventions and infectious disease control.

5.2 Methods

5.2.1 Data source and collection

We collected data on COVID-19 case clusters associated with construction sites, as publicly

released by the Government of Hong Kong Special Administrative Region’s Department of

Health [178]. As of November 2021, there have been 12,369 confirmed cases of COVID-19 in

Hong Kong, including 54 large clusters (those with 10 or more cases). A total of 5 COVID-

19 case clusters sourced on construction sites consisting of 221 cases are identified, including

construction sites at LOHAS Park/Kai Tak (74 cases), Tseung Kwan O-Lam Tin (TKO-LT)

Tunnel (first and second clusters, 29 and 50 cases), a cluster related to the Central Kowloon route

(Central Tunnel, 37 cases), and a construction site at the third runway of Hong Kong International

Airport (31 cases). A list of all confirmed cases in each cluster is announced by the government.

The transmission chain of each cluster is unclear. The demographic information, classification

of the case (“Local case” [L] or “Epidemiologically linked with local case” [Epi-L]), symptom

onset date, reported date, the residential address, and venues they visited 14 days before their

symptom onset were collected. The only one local case in each cluster is regarded as the primary

case (e.g., Case 0 in Fig.5.1(a)). Each case was identified by a unique identification number

assigned by the local authority of disease surveillance, and thus their real-world identities were

masked.
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(a)

(b)

Figure 5.1: (a) Hypothesis transmission network based on the hypothesis information in Fig.1b:
the arrow means the transmission relationship from an infector (i.e., seed case) to an infectee
(i.e., offspring case). The transmission chain: case 0 is the primary case which infected 6 cases
(i.e., case 1-6); case 6 infected 2 cases (i.e., case 7-8); and case 8 infected case 9. If the number
of secondary cases is larger, the node is with deeper color and a larger size. If the weight of
the edge (i.e., the transmission possibility under the setting) is with deeper color and becomes
wider. (b)Collected data with hypothesis information for the transmission network in Fig.1a:
"W"="Workplace", "RA"="Residential address", and "PP"="Public place". Notes: Case 6 is
the only confirmed case that visited "PP 01" and "RA 08" and "RA 09" are close to each other.

5.2.2 Transmission patterns

This study used a spatiotemporal connectivity analysis [132], which is part of a retrospective

cohort study [144], to identify the transmission relationship between each pair of confirmed

cases. Figure 5.1 presents a diagram of the process. According to available data, the onset

dates of asymptomatic infectious individuals, owing to no symptoms, are estimated according

to when they contacted an infector directly or indirectly. In Fig.5.1(b), the onset date of Case

2 is assumed to be "Day1" when Case 2 met Case 0 at the workplace "W1". When the onset

date of a second case was within 14 days [178] after the onset date of the first case with the

same or close visiting venues, the transmission relationship between the first and second cases

is characterized by temporal connectivity shown as indicated with Cases 6 and 7 in Fig.5.1(b).

People who visited the same or a nearby building on different dates but within 14 days before

their symptom onset are referred to as spatially connected cases, indicated for Cases 8 and 9

in Fig.5.1(b). Residential addresses "RA 08" and "RA 09" are assumed to be located nearby.

When the first and second cases visited the same place on the same date, they are connected by
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the spatial and temporal connectivity, such as for Cases 0 and 6 in Fig.5.1(b). The categories

for the spatial connectivity of these cases include workplace, household, and social activities,

on the basis of the type of activities most closely associated with the venues where the source

cases were identified [48]. When there is more than one seed case (which infected offspring

cases) generated due to temporal connectivity, the case that is also associated with the spatial

connectivity will be regarded as the seed case of the offspring case (the individual who gets

infected by the seed case). The priority of sources in determining the transmission relationship

between each pair of confirmed cases is as follows: both spatial and temporal connectivity, only

spatial, and only temporal connectivity.

Illustrations of the transmission networks were created by Gephi (version 0.9.2) [25], as shown

in Fig.5.2(a). Each node represents a COVID-19 confirmed case associated with construction

sites as reported by the Hong Kong government [178]. The directed graph is determined by

the spatial and/or temporal connectivity of any two nodes. Each network is rooted from the

primary case (i.e., the first case in each cluster) labeled as cases 6346, 7139, 8955, 9152, and

9928 according to the official COVID-19 surveillance system in Hong Kong. All offspring cases

are classified into five generations. The difference between the first-, second-, third-, fourth-,

and fifth-generation spreaders mainly lies in the distance (the number of interval generations)

between the generation where the spreader (an infected person) was located and the primary

case of each cluster [92]. The weight of each edge represents the possibility of exposure under

different environments, ranging from 0 to 1, which is set based on the secondary attack rates

in light of certain data regarding the place of contact between different groups. The household

secondary attack rates for contacts who were spouses, other adult members, or children were

27.8%, 17.3%, 4%, respectively [120]. Assuming that a single primary case generated all

confirmed cases on the construction site through brief exposure events (e.g., dining or smoking),

the secondary attack rate among close contacts was inferred to be 35% [131]. In our model,

the secondary attack rate of close contact excluding home settings and co-worker proximity was

assumed to be 11.3% [3].

The transmission network of all nodes is ranked by the number of degrees, i.e., the number of

connections it has to other nodes. We calculated the basic properties of each network (as shown

in Table. 5.1), including average degree, average weighted degree, graph density, modularity,

average path length, and centrality. Average degree is the average number of edges per node in

the graph, and average weighted degree is the average sum of weights of the edges of nodes.

By comparing average degree and average weighted degree, we quantify the closeness of the
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(a)

(b)

Figure 5.2: (a) Transmission network: nodes with deeper color and bigger size have higher
degrees of transmission (i.e., the number of secondary cases) and edges with deeper color have
higher weights (i.e., the possibility of transmission); (b) Daily number of reported cases since

the symptom onset date of the first case in each cluster.
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relationship between the primary case and offspring cases. Graph density measures how close

the network is to complete. Modularity measures the strength of the division of a network into

modules. Networks with high modularity have dense connections between the nodes within

modules but sparse connections between nodes in different modules. The average path length

is the average number of steps along the shortest paths for all possible pairs of network nodes,

which measures the efficiency of epidemic diffusion in each cluster. The network structure

was characterized by network centrality indices, which encompasses where each node is placed

within a weighted network, e.g., betweenness centrality 𝐶𝐵 (𝑣) and closeness centrality 𝐶𝐶 (𝑣)

of a node 𝑣.

Table 5.1: Basic properties of each network

ID
Average
Degree

Avg. Weighted
Degree

Graph
Density

Modularity
Avg. Path

Length
LOHAS Park/Kai Tak 1.013 0.254 0.014 0.463 1.792

TKO-LT Tunnel
(first cluster)

1.097 0.279 0.037 0.372 1.292

TKO-LT Tunnel
(second cluster)

0.973 0.205 0.027 0.522 1.429

Central Kowloon Route
(Central Tunnel)

0.938 0.235 0.030 0.495 1.302

Hong Kong International Airport
Third Runway

0.980 0.220 0.020 0.468 1.506

Five clusters 1.004 0.240 0.004 0.806 1.578

𝐶𝐵 (𝑣) =
∑︁

𝑠≠𝑣≠𝑡∈𝑉

𝜎𝑠𝑡 (𝑣)
𝜎𝑠𝑡

(5.1)

𝐶𝐶 (𝑣) =
1∑

𝑣≠𝑢∈𝑉 𝑑 (𝑣,𝑢)
(5.2)

where 𝑉 is the set of all nodes, 𝜎𝑠𝑡 is the number of the shortest paths between nodes 𝑠 and 𝑡,

𝜎𝑠𝑡 (𝑣) is the number of the shortest paths between nodes 𝑠 and 𝑡 through node 𝑣, and 𝑑 (𝑣,𝑢) is

the distance between 𝑢 and 𝑣.

Indicators of centrality assign numbers or rankings to nodes within a graph corresponding to

their network position, identifying the most influential person(s) in the network, namely, super-

spreaders of this disease. Specifically, closeness centrality is intended to evaluate the average

distance from one node to each other node and measures how close the case is linked to other

cases [233]. Betweenness centrality is the number of times that the shortest path between any
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two nodes passes through another node and measures the importance of the case in linking to

other cases [233].

5.2.3 Distribution of offspring cases

To classify all offspring cases into different generations, the serial interval of COVID-19 is set

as 6 days [1, 8] in this study. The serial interval refers to the time interval from illness onset

in a primary case (i.e., an infector) to the onset of a secondary case (i.e., infectee) [60]. People

whose symptom onset date is within 6 days after the symptom onset date of the primary case

are identified as the first generation. In the chronological order of their symptom onset date, the

offspring cases in the 𝑘 𝑡ℎ generation are secondary cases caused by one infectious individual in

the (𝑘 − 1)𝑡ℎ generation via direct or indirect contacts. The number of offspring cases in each

generation is shown in Fig.5.3(a).

The severity of an outbreak is described by attack rate as shown in Eq. (5.3). The attack rates

caused by each setting in each cluster are shown in Fig.5.3(b)-5.3(f). The case terminal to the

inferred chain of transmission and sporadic cases were considered to have zero secondary cases.

The distribution of the area in which a confirmed case was located was collected using ArcGIS

Online Map Viewer Classic; this information describes the spatial transmission in Fig. 5.4. To

explore the significance of controlling the super-spreading events, the super-spreading threshold

is defined as 4, 5, or 6 secondary cases of each seed case, according to 90%, 95%, or 99%

percentile of a Poisson distribution with the reproduction number of 2 [1]. As such, we estimated

the betweenness centrality 𝐶𝐵 (𝑣) and closeness centrality 𝐶𝐶 (𝑣) of each node 𝑣 to identify the

super spreader candidates (illustrated in Fig.5.5).

attack rate =
the number of infected cases

the initial number of susceptible individuals
(5.3)
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(a) (b)

(c) (d)

(e) (f)

Figure 5.3: (a) The number of offspring cases in each generation; Attack rate caused by
workplace, household, and social activities in each cluster: (b) cluster at LOHAS Park/Kai
Tak; (c) the first cluster at the TKO-LT Tunnel; (d) the second cluster at the TKO-LT Tunnel;
(e) cluster at the Central Kowloon Route (Central Tunnel); and (f) cluster at Hong Kong

International Airport Third Runway.
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(a) (b)

(c) (d)

(e)

Figure 5.4: Spatial distribution of each cluster: (a) cluster at LOHAS Park/Kai Tak (orange
points); (b) the first cluster at the TKO-LT Tunnel (black points); (c) the second cluster at the
TKO-LT Tunnel (blue points); (d) cluster at the Central Kowloon Route (Central Tunnel) (yellow

points); (e) cluster at Hong Kong International Airport Third Runway (green points).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 5.5: Centrality Indices of each cluster: (a) Betweenness Centrality of cluster at LOHAS
Park/Kai Tak; (b) Closeness Centrality of cluster at LOHAS Park/Kai Tak; (c) Betweenness
Centrality of the first cluster at the TKO-LT Tunnel; (d) Closeness Centrality of the first cluster
at the TKO-LT Tunnel; (e) Betweenness Centrality of the second cluster at the TKO-LT Tunnel;
(f) Closeness Centrality of the second cluster at the TKO-LT Tunnel; (g) Betweenness Centrality
of cluster at the Central Kowloon Route (Central Tunnel); (h) Closeness Centrality of cluster
at the Central Kowloon Route (Central Tunnel); (i) Betweenness Centrality of cluster at Hong
Kong International Airport Third Runway; (g) Closeness Centrality of cluster at Hong Kong
International Airport Third Runway; (k) Betweenness Centrality of all nodes; and (l) Closeness

Centrality of all nodes.
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5.3 Results and discussions

In Fig.5.2(a), the transmission network of all confirmed cases is depicted. Among the 221 cases

in all 5 selected case clusters, 68% are male cases. The minimum, maximum, and average ages

are 14-day-old, 83, and 37.6 years, respectively. Compared to the demographics data reported by

the Construction Industry Council [41], more females were reported, including not only female

employees working for the construction sites but also close contacts of male workers. 10% of

the cases were infected by male infected construction workers, especially their family members.

Fig.5.2(b) shows the daily number of infected cases since the symptom onset date of the first

case in each cluster. The duration of an outbreak is 30 (LOHAS PARK/Kai Tak), 33 (TKO-LT

Tunnel (first cluster)), 24 (TKO-LT Tunnel (second cluster)), 16 (Central Kowloon Route (Central

Tunnel), and 26 (Hong Kong International Airport Third Runway) days respectively.

Each cluster has three to five generations (as shown in Fig.5.3(a)). The average number of

secondary cases caused by each infectious individual in each generation is 7.6, 26.3, 10.6, 3.6,

and 1.3, respectively. The major transmission in the first and second generations is among the

construction workers. The third generation is among the workers and their family members.

The fourth and fifth generations are driven by social activities, which may lead to community

transmission. In this study, 53.36% of infected cases were in the community. As contact

tracing was strictly implemented in Hong Kong, the risk of further transmission has been

eliminated. However, many construction workers live in poor housing conditions globally [e.g.,

in China [103], the United States [53], and India [97]],with risks of a severe outbreak when

many construction workers gather without NPIs, [e.g., at dormitories of construction workers

[107]]. In some cities [e.g., central Texas [166]], the continuation of construction works nearly

quadrupled the risk of community transmission. An outbreak in the construction industry poses

significant risks to the community. More detailed research is needed on transmission chains

from the construction industry to communities, such as transmission caused by their housing

conditions.

Around averages of 46.61%, 37.56%, and 15.84% of offspring cases were infected at the work-

place, in a household, and through social activities, respectively. The workplace posed the

greatest infection risk. This study suggests that the construction site should be shut down within

2 working days after the primary case is identified. The intervals between the date when the first

case visited the workplace and the shutdown date of each cluster are 3, 3, 1, 2, and 4 working

days. As shown in Fig.3b-f, after suspending onsite work, the largest reductions in the attack
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rate caused by the workplace in each cluster were 1.89%, 0.5%, 1.29%, 5.33%, and 0.13%.

If infected construction workers’ household members follow a self-quarantine policy or take

protective measures when going out, 15.84% of cases can be reduced on average. Infected

construction workers’ household members should be reminded to be monitored. Transmission

through household settings was found to extend the outbreak duration by 7.8 days on average,

which was around 2.5 times greater than transmission at the workplace. As shown in Fig.5.3(b)-

5.3(f), the household attack rates are 3.33%, 0.43%, 1.50%, 12.00%, and 0.27%, which occupied

40.54%, 20.69%, 42.00%, 48.65%, and 25.81% of all infected cases in each cluster. The attack

rates caused by social activities were 9.46%, 24.24%, 20.00%, 27.03%, and 3.23% in each

cluster. For outbreaks at construction sites, control strategies should pay more attention on

family members of infected construction workers.

The percentage of potential super-spreaders (with over 5 offspring cases) of each cluster is

6.76%, 3.45%, 4.00%, 8.11%, and 9.68%, respectively (as shown in Table 2). We found that

among all 221 cases, 6 (2.7%) of them are associated with over 10 secondary cases, while over

75% of cases are not associated with any offspring cases. This means that 18% of seed cases

generated 79.6% of offspring cases. It may be common to see super-spreading events in high-risk

settings (e.g., the workplace). Among all case clusters, the cluster at the TKO-LT Tunnel has the

highest modularity as some secondary cases were caused by the same infected individual, i.e., a

super spreader (e.g., a confirmed case that generated at least 6 offspring cases [99% percentile]).

Airborne transmission in the tunnel construction site environment might be the potential reason,

a topic for further investigation.

Identifying the most influential ‘spreaders’ in a network is an important step toward optimizing

the use of available resources and hindering the epidemic infection transmission spreading [106].

In Fig.5, the network structure was characterized by network centrality indices, i.e., closeness

and betweenness centrality [29]. Nodes with higher betweenness centrality also have a higher

degree, which means they are more likely to be a super spreader. Around 54% of nodes whose

closeness centrality is between 0.4 to 0.8 are potential super-spreading candidates. Around 13%

of the nodes whose betweenness centrality equals 1 are potential super-spreading candidates.

Hence, while using centrality indices to explore the potential super spreaders, a node with higher

betweenness centrality may have a higher contribution to disease transmission. When the super-

spreading threshold is 6, 106 cases could be screened out, with only 50.7% of cases remaining. If

the operating threshold of a super spreader is lowered (e.g., 5 secondary cases [95% percentile] or
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4 secondary cases [90% percentile]), the total number of confirmed cases could be decreased by

56.1% and 63.8%, respectively. To adapt to a post-pandemic era, it is recommended that a social

contact network describing the relationships between each person and his/her close contacts be

established, which can help find potential super-spreaders [159, 197].

As depicted in Fig.5.4, the spatial distribution of each cluster is scattered. The majority of

confirmed cases were not located in areas immediately near the primary case (i.e., surrounding

the construction sites), but in residential areas where infected construction workers live. In an

unstable labour market with project-by-project pay, it is difficult to collect construction workers’

addresses. To establish an infectious disease surveillance system for the construction industry,

high-density residential areas where workers live, such as dormitories of construction workers

with poor housing conditions [107] should be monitored. In this study, Sai Kung, which

has a lower population density but a high construction worker density, is regarded as a high-

risk district that should also be prioritized for controlling COVID-19 case clusters associated

with construction sites. Meanwhile, some workers in high contacts have a high probability

of becoming a super spreader. For example, some infected construction worker cases, those

who work for multiple construction sites might especially drive epidemic diffusion between

construction sites, such as case 6879 bringing the virus from the construction site at LOHAS

Park to another construction site at Kai Tak. This study suggests that construction workers with

poor housing conditions and high contacts should be traced.

Table 5.2: Transmission characteristics of each cluster

Name of clusters
Duration of an
outbreak (days)

Percentage of COVID-19 case infected
by different settings

Number of potential
super-spreaders (with
over 5 offspring cases)workplace household

social
activities

LOHAS Park/
Kai Tak

30 50.00% 40.54% 9.46% 6.76%

TKO-LT Tunnel
(first cluster)

33 55.17% 20.69% 24.14% 3.45%

TKO-LT Tunnel
(second cluster)

24 38.00% 42.00% 20.00% 4.00%

Central Kowloon Route
(Central Tunnel)

16 24.32% 48.65% 27.03% 8.11%

Hong Kong International
Airport Third Runway

26 70.97% 25.81% 3.23% 9.68%

Average 25.8 46.61% 37.56% 15.84% 6.33%
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5.4 Chapter Summary

To adapt to the prolonged pandemic, the construction industry, which has a high vulnerability

to COVID-19 infection, has sought more sector-specific and individual-level NPIs. Under-

standing infection transmission patterns can determine what, when, and how NPIs should be

implemented. This study examined infection transmission proceeding from construction sites by

using spatiotemporal analysis with COVID-19 case cluster data from construction sites in Hong

Kong. The study revealed that COVID-19 transmission diffuses from the workplace to residential

neighborhoods where infected construction workers live, but not to the surrounding the infected

construction sites. The average number of offspring cases infected by each seed case in the first

to fifth transmission generations are 7.8, 26.1, 10.6, 3.6, and 1.3, respectively. Around 18% of

cases were responsible for 79.6% of all COVID-19 transmission, driven mainly by workplace

and household settings. This study found that closing workplace within two working days after

the primary case is identified can help reduce the attack rate by 5.33%. Encouraging household

members of infected construction workers to follow quarantines can reduce 15.84% of offspring

cases on average. A priori identification of super-spreaders can help remove half of COVID-19

cases.

5.4.1 Conclusions and Implications

To design targeted COVID-19 control strategies for the construction industry, it is critical to match

it with the transmission pattern on a construction site. This study analyzed five COVID-19 case

clusters associated with construction sites in Hong Kong (including 221 confirmed cases) by the

spatiotemporal analysis, from an epidemiological perspective. In comparison with other sectors,

the diffusion of COVID-19 transmission occurs from the workplace to residential neighborhoods

where infected construction workers live instead of surrounding the construction site where the

primary case was found. Driven by social activities, the outbreak in the construction industry

poses significant risks to the community.

Workplace and household settings contributed around 85% of offspring cases. Transmission

at the workplace can generate three to five generations. The average number of secondary

cases caused by each infectious individual in each generation is 7.6, 26.3, 10.6, 3.6, and 1.3

respectively. The outbreak is mostly delayed by household transmission (7.8 days on average).

Social activities account for around 16% of offspring cases, also posing significant risks to the

community. This study found that closing workplace within two working days after the primary
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case is identified can help reduce the attack rate by 5.33%. Encouraging household members

of infected construction workers to follow quarantines can reduce 15.84% of offspring cases on

average.

In terms of super-spreading events, 18% of cases were responsible for 79.6% of all SARS-CoV-

2 transmission in summary. Super-spreading events are mainly driven by the workplace and

household settings. Owing to substantial heterogeneity in the transmissibility of SARS-CoV-

2 infection and the significant infection force by super-spreading events, identifying the most

influential spreaders in the heterogeneous contact interaction networks is also recommended.

When the operating threshold of a super spreader is lowered (e.g., 6 secondary cases [99%

percentile], 5 secondary cases [95% percentile], or 4 secondary cases [90% percentile]), the total

number of confirmed cases could be decreased by 50.7%, 56.1%, and 63.8%, respectively.

5.4.2 Limitations and Directions for Future Research

Many uncertainties might influence the results caused by the limited dataset. The symptom onset

date of each asymptomatic infectious individual cannot be identified. There was potential recall

bias regarding symptom onset among patients with COVID-19. The COVID-19 surveillance

system for tracing close contacts in Hong Kong is based on the application “LeaveHomeSafety”,

which does not collect geographic information system (GIS) data automatically. The spatial con-

nectivity is mostly driven by highly frequented locations (e.g., residential buildings, workplaces,

and restaurants), and may miss some random contacts. The weight of each edge in the trans-

mission network (as shown in Fig.5.3) was classified into five groups based on the relationship

between each pair of confirmed cases, which may in actuality be more heterogeneous. If more

specific relationship data can be collected, the weight (i.e., the possibility of getting infected) of

each edge may be more heterogeneous.

As of November 2021, the TKO-LT Tunnel construction site with a poorly ventilated work

environment met two outbreaks. Its highest modularity also showed a higher possibility of

super-spreading events in the tunnel construction site. During the fifth wave of COVID-19 with

omicron variants in 2022 in Hong Kong, the TKO-LT Tunnel construction site experienced its

third outbreak in February with 170 cases. Meanwhile, the Ho Man Tin construction site of the

Central Kowloon Route and the T2 Trunk Road construction site have experienced outbreaks

as well [209]. Due to data limitations, this study did not explore these outbreaks and the

transmission risks in different work environment, which needs to be further researched by other

methods [e.g., Computational Fluid Dynamics (CFD) analysis [149]].
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To responsibly adapt to a post-pandemic era, further research should be conducted. The impor-

tance of mitigating super-spreading events underlines the need for additional research, such as

exploring the efficacy of regular testing among workers who join multiple projects and estab-

lishing a social contact network that can help screen out potential super spreaders. Variation

in individual transmission numbers arises due to a combination of host, pathogen, and environ-

ment effects [136], such as unrecognized or misdiagnosed illness, heterogeneous contact rates,

co-infections, hygiene habits, and crowded or confined settings. To prevent indirect transmission

within enclosed or confined construction sites, consistently followed disinfection practices [105]

can be an effective method. In addition, the efficacy of installing and/or improving ventilation

systems in response to COVID-19 is advised to be explored. Flexible work schedules should also

be optimized while balancing project productivity with minimizing the possibility of triggering

an epidemic outbreak.



Chapter 6

Non-pharmaceutical Interventions and

Vaccine Program on Construction Sites

6.1 Introduction

Since the initial COVID-19 outbreak in December 2019 [122], this pandemic has spread globally,

causing unprecedented fatalities. COVID-19 vaccines offer hope in ending this pandemic if

enough of the population (i.e. at least 75–90%) gets vaccinated to attain the basic reproduction

number R0 (2.5-3.5) [12]), in turn achieving herd immunity. More than six vaccines have been

approved for emergency or full use by the World Health Organization (WHO) [219]. As of August

30 2021, a total of 5,019,907,027 vaccine doses have been administered [163], which accounts

for around 60% of the global population. This implies that there is still a long journey ahead

in achieving herd immunity. Even if all eligible people have been vaccinated (assumed vaccine

efficacy: 88%), the R0 may not be reduced to below one [148] because the effect of a given

vaccine on SARS-CoV-2 is highly contingent on the specific properties of each vaccnine and

the degree of population uptake. Meanwhile, the frequent mutations of SARS-CoV-2 also pose

challenges to vaccines’ continual efficacy [24]. For example, the SARS-CoV-2 Delta variant has

increased the secondary attack rate by 42 to 55% higher than the Alpha variant [38]. Therefore,

vaccination alone may not be sufficient to contain the outbreak. A combination of vaccination

and non-pharmaceutical interventions (NPIs) is probably necessary to control the transmission

risks.

NPIs, including mask wearing, lockdowns, and social distancing , have been widely used at

the city and country level since the beginning of the pandemic, which did achieve some great

successes in containing the virus [57, 127, 242]. In addition, the majority of these macroscopic

NPIs were studied using well-established compartment models (e.g., Susceptible-Infectious-

Susceptible(SIS), Susceptible-Infectious-Recovered (SIR), and Susceptible-Exposed-Infectious-

Recovered(SEIR)). The fundamental assumption of these models is that the macroscopic NPIs

are circumscribed by well-mixed and homogeneous populations, which is an assumption that may

oversimplify the reality. Meanwhile, as the pandemic has continued to persist over a prolonged

period, the public has shown signs of pandemic fatigue in relation to macroscopic NPIs [221]

63
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since the second half of 2020 (as shown in Chapter 4), meaning that the public has become

demotivated in following these NPIs. To reinvigorate public support, many governments and

researchers have shifted from advocating and implementing macroscopic NPIs to promoting

microscopic NPIs at individual levels, such as indoor pedestrians [247], students in universities

[235], consumers in restaurants [123], and passengers in cruise ships [20]. At this a smaller

scale of intervention, microscopic NPIs are generally easier to implement. Moreover, studies

on microscopic NPIs overcome the limitations of macroscopic NPI’ studies because the former

ones could be more effectively considering transmission heterogeneity and the characteristics of

people in a specific scenario [20, 123, 235, 247]. Furthermore, as an infected individual may

participant in both work and non-work scenarios, focusing solely on one setting is likely to not

account for the entire transmission process, and thus leading to increased transmission risks. To

address this methodological limitation, it is essential to analyze the effectiveness of microscopic

NPIs in different settings with consideration of vaccination rates.

Construction sites are characterized by heterogeneous work types, changeable work environ-

ments, and tiers in the labor force. Such complexities could make the implementation of

microscopic NPIs on sites together with vaccination a challenging task. It is not surprising that

numerous construction site-associated COVID-19 clusters have been recorded globally [28] (e.g.,

Singapore [118, 220], the United States [10, 212], and Hong Kong [208]). However, the most of

COVID-19 related studies in the construction literature concentrate on the severity of the eco-

nomic losses and health crises brought about by this pandemic [10] or the efficacy of NPIs (e.g.,

social distancing, PPE, and sanitization) by collecting feedback from construction companies

[195] or employees [52]. Few studies have depicted the transmission dynamics of SARS-CoV-2

on the construction site, which form the basis of enhancing anti-epidemic strategies. To nar-

row such knowledge gaps and address methodological hurdles in predicting transmission risks,

this study investigates how different combinations of microscopic NPIs and vaccination plans

could affect the transmission dynamics of SARS-CoV-2 among construction workers and their

close contacts so as to predict the effectiveness of various interventions. A dual-community

compartment model was developed, including a SEI/AHR-P model for construction workers

and a SEIAHR model for their close contacts. Mathematical modeling approaches were chosen

because they offer insights into the importance of multiple transmission routes of SARS-CoV-2

and how different intervention scenarios can reduce transmissibility through comparison of the

respective attack rate (AR) with absolute/relative effectiveness (AE/RE) and the duration of the

outbreak (DO) associated with each scenario.
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6.2 Methods

6.2.1 Model Structure

This study modified the SEIR model by incorporating direct and indirect transmission routes

to simulate SARS-CoV-2 transmission dynamics at a construction site, within its connected

community, and between each of these. All those designated in this study as close contacts of

construction workers in the connected community are not employed by the construction site. All

construction employees working on the construction site are designated construction workers.

The total human population at time 𝑡, denoted as 𝑁 (𝑡), has been split into ten mutually exclusive

compartments as follows: susceptible individuals (who can get infected) on the construction

site 𝑆ℎ𝑖 (𝑡), susceptible individuals in its connected community 𝑆ℎ𝑜 (𝑡), exposed individuals

(who are under incubation period) on the construction site 𝐸ℎ𝑖 (𝑡), exposed individuals in its

connected community 𝐸ℎ𝑜 (𝑡), asymptomatic infectious individuals (who get infected and show

no symptom) on the construction site 𝐴ℎ𝑖 (𝑡), asymptomatic infectious individuals in its connected

community 𝐴ℎ𝑜 (𝑡), symptomatic infectious individuals (who get infected and show symptoms)

on the construction site 𝐼ℎ𝑖 (𝑡), symptomatic infectious individuals in its connected community

𝐼ℎ𝑜 (𝑡), hospitalized infectious individuals𝐻ℎ (𝑡) (who are hospitalized) and recovered individuals

𝑅ℎ (𝑡) (who are recovered or die). The pathogen concentration inhaled/infected per person on the

construction site is represented as 𝑃𝑎 (𝑡). The model is given by nonlinear ordinary differential

equations (ODEs) as Eqs. (6.1) and depicted in Fig. 6.1. All variables and parameters are
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described in Table 6.1.



𝑑𝑆ℎ𝑜
𝑑𝑡

= 𝜃2 𝑆ℎ𝑖 − (𝜆𝑐
ℎℎ

+ 𝜃1) 𝑆ℎ𝑜,

𝑑𝑆ℎ𝑖
𝑑𝑡

= 𝜃1 𝑆ℎ𝑜 − (𝜆𝑠
ℎℎ

+𝜆𝑠
ℎ𝑎

+ 𝜃2) 𝑆ℎ𝑖 ,

𝑑𝐸ℎ𝑜

𝑑𝑡
= 𝜆𝑐

ℎℎ
𝑆ℎ𝑜 + 𝜃3 𝐸ℎ𝑖 −𝛼1 𝐸ℎ𝑜,

𝑑𝐸ℎ𝑖

𝑑𝑡
= (𝜆𝑠

ℎℎ
+𝜆𝑠

ℎ𝑎
) 𝑆ℎ𝑖 + 𝜃4 𝐸ℎ𝑜 −𝛼2 𝐸ℎ𝑖 ,

𝑑𝐼ℎ𝑜
𝑑𝑡

= 𝜎2 𝐸ℎ𝑜 −𝛼3 𝐼ℎ𝑜,

𝑑𝐼ℎ𝑖
𝑑𝑡

= 𝜎1 𝐸ℎ𝑖 −𝛼4 𝐼ℎ𝑖 ,

𝑑𝐴ℎ𝑜

𝑑𝑡
= 𝜎4 𝐸ℎ𝑜 − 𝜖4 𝐴ℎ𝑜,

𝑑𝐴ℎ𝑖

𝑑𝑡
= 𝜎3 𝐸ℎ𝑖 − 𝜖3 𝐴ℎ𝑖 ,

𝑑𝐻ℎ

𝑑𝑡
= 𝜖1 𝐼ℎ𝑖 + 𝜖2 𝐼ℎ𝑜 + 𝜖3 𝐴ℎ𝑖 + 𝜖4 𝐴ℎ𝑜 −𝛼5𝐻ℎ,

𝑑𝑅ℎ

𝑑𝑡
= 𝛾𝐻ℎ − 𝛿𝑟 𝑅ℎ,

𝑑𝑃𝑎

𝑑𝑡
= 𝜂1 𝐸ℎ𝑖 +𝜂2 𝐼ℎ𝑖 +𝜂3 𝐴ℎ𝑖 − 𝜇𝑃𝑎,

(6.1)

The force of infection is written as:

𝜆𝑐ℎℎ =
𝐶11𝐸ℎ𝑜 +𝐶12𝐼ℎ𝑜 +𝐶13𝐴ℎ𝑜 +𝐶14𝐸ℎ𝑖 +𝐶15𝐼ℎ𝑖 +𝐶16𝐴ℎ𝑖

𝑁𝑐
,

𝜆𝑠ℎℎ =
𝐶21𝐸ℎ𝑜 +𝐶22𝐼ℎ𝑜 +𝐶23𝐴ℎ𝑜 +𝐶24𝐸ℎ𝑖 +𝐶25𝐼ℎ𝑖 +𝐶26𝐴ℎ𝑖

𝑁𝑠
,

𝜆𝑠ℎ𝑎 =
𝛽3𝑃𝑎

𝑁𝑠
,

(6.2)

where

𝛼1 = 𝜃4 +𝜎2 +𝜎4, 𝛼2 = 𝜃3 +𝜎1 +𝜎3, 𝛼3 = 𝜖2 + 𝛿𝑖 , 𝛼4 = 𝜖1 + 𝛿𝑖 𝛼5 = 𝛾 + 𝛿ℎ .

𝐶11 = 𝛽1𝑎11, 𝐶12 = 𝛽1𝑎12 𝐶12 = 𝛽1𝑎13, 𝐶12 = 𝛽1𝑎14, 𝐶12 = 𝛽1𝑎15, 𝐶12 = 𝛽1𝑎16,

𝐶21 = 𝛽2𝑎21, 𝐶22 = 𝛽2𝑎22 𝐶22 = 𝛽2𝑎23, 𝐶22 = 𝛽2𝑎24, 𝐶22 = 𝛽2𝑎25, 𝐶22 = 𝛽2𝑎26,

(6.3)

with 𝑁𝑠 and 𝑁𝑐 representing the total population at time 𝑡 within the construction site and its

connected community formulated as 𝑁𝑠 (𝑡) = 𝑆ℎ𝑖 (𝑡) +𝐸ℎ𝑖 (𝑡) + 𝐴ℎ𝑖 (𝑡) + 𝐼ℎ𝑖 (𝑡), 𝑁𝑐 (𝑡) = 𝑆ℎ𝑜 (𝑡) +

𝐸ℎ𝑜 (𝑡) + 𝐴ℎ𝑜 (𝑡) + 𝐼ℎ𝑜 (𝑡) +𝐻ℎ (𝑡) +𝑅ℎ (𝑡) and 𝑁 (𝑡) = 𝑁𝑠 (𝑡) +𝑁𝑐 (𝑡).
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Table 6.1: Notation of a dual-community model

Notation Description
Variables

𝑆ℎ𝑖 the number of susceptible individuals on the construction site
𝐸ℎ𝑖 the number of exposed individuals on the construction site
𝐴ℎ𝑖 the number of asymptomatic infectious individuals on the construction site
𝐼ℎ𝑖 the number of symptomatic infectious individuals on the construction site
𝑃𝑎 the pathogen concentration inhaled/infected per person on the construction site
𝑆ℎ𝑜 the number of susceptible individuals in its connected community
𝐸ℎ𝑜 the number of exposed individuals in its connected community
𝐴ℎ𝑜 the number of asymptomatic infectious individuals in its connected community
𝐼ℎ𝑜 the number of symptomatic infectious individuals in its connected community
𝐻ℎ the number of hospitalized infectious individuals
𝑅ℎ the number of recovered individuals

Parameters
𝜃1 the transition rate from 𝑆ℎ𝑜 to 𝑆ℎ𝑖
𝜃2 the transition rate from 𝑆ℎ𝑖 to 𝑆ℎ𝑜
𝜃3 the transition rate from 𝐸ℎ𝑖 to 𝐸ℎ𝑜

𝜃4 the transition rate from 𝐸ℎ𝑜 to 𝐸ℎ𝑖

𝜎1 the transition rate from 𝐸ℎ𝑖 to 𝐼ℎ𝑖
𝜎2 the transition rate from 𝐸ℎ𝑜 to 𝐼ℎ𝑜
𝜎3 the transition rate from 𝐸ℎ𝑖 to 𝐴ℎ𝑖

𝜎4 the transition rate from 𝐸ℎ𝑜 to 𝐴ℎ𝑜

𝜖1 the hospitalized rate of 𝐼ℎ𝑖
𝜖2 the hospitalized rate of 𝐼ℎ𝑜
𝜖3 the hospitalized rate of 𝐴ℎ𝑖

𝜖4 the hospitalized rate of 𝐴ℎ𝑜

𝛾 the recovery rate of hospitalized individuals 𝐻ℎ

𝛿𝑖 the rate of death among symptomatic infectious individuals
𝛿ℎ the rate of death among hospitalized population
𝛿𝑟 the rate of death among recovered individuals
𝜂1 the rate of virus spread to environment by 𝐸ℎ𝑖

𝜂2 the rate of virus spread to environment by 𝐼ℎ𝑖
𝜂3 the rate of virus spread to environment by 𝐴ℎ𝑖

𝜇 natural death rate of pathogens in the environment
𝛽1 the transmission rate between human to human in its connected community
𝛽2 the transmission rate between human to human on the construction site
𝛽3 the transmission rate between pathogen to human on the construction site
𝑎11 effective contact ratio between 𝐸ℎ𝑜 and 𝑆ℎ𝑜
𝑎12 effective contact ratio between 𝐼ℎ𝑜 and 𝑆ℎ𝑜
𝑎13 effective contact ratio between 𝐴ℎ𝑜 and 𝑆ℎ𝑜
𝑎14 effective contact ratio between 𝐸ℎ𝑖 and 𝑆ℎ𝑜
𝑎15 effective contact ratio between 𝐼ℎ𝑖 and 𝑆ℎ𝑜
𝑎16 effective contact ratio between 𝐴ℎ𝑖 and 𝑆ℎ𝑜
𝑎21 effective contact ratio between 𝐸ℎ𝑜 and 𝑆ℎ𝑖
𝑎22 effective contact ratio between 𝐼ℎ𝑜 and 𝑆ℎ𝑖
𝑎23 effective contact ratio between 𝐴ℎ𝑜 and 𝑆ℎ𝑖
𝑎24 effective contact ratio between 𝐸ℎ𝑖 and 𝑆ℎ𝑖
𝑎25 effective contact ratio between 𝐼ℎ𝑖 and 𝑆ℎ𝑖
𝑎26 effective contact ratio between 𝐴ℎ𝑖 and 𝑆ℎ𝑖
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Figure 6.1: Diagram of the dual-community model in Eq. (6.1)

6.2.2 Basic Reproduction Number

First of all, we consider solutions of Eqs. (6.1), formulated as

Ω = {(𝑆ℎ𝑖 , 𝐸ℎ𝑖 , 𝐴ℎ𝑖 , 𝐼ℎ𝑖 , 𝑃𝑎, 𝑆ℎ𝑜, 𝐸ℎ𝑜, 𝐴ℎ𝑜, 𝐼ℎ𝑜, 𝐻ℎ, 𝑅ℎ) ∈ Z11
+ : 𝑁 > 0}.

All solutions of the model that start in Ω will remain in Ω for all 𝑡 ≥ 0. The existence,

uniqueness, and continuation results hold provided restricted solutions in Ω hold [153]. The

basic reproduction number R0 is defined as the average number of secondary infections caused

by an individual in an entirely susceptible population [155]. The Disease-free Equilibrium (DFE)

is a state in which a disease is absent from a population ahd locally asymptotically stable [227]:

only 𝑆ℎ𝑖 (0) and 𝑆ℎ𝑜 (0) are not equal to zero, other variables should equal zero or much less than

𝑆ℎ𝑖 (0) and 𝑆ℎ𝑜 (0) as shown in Ω1.

Ω1 =[𝑆ℎ𝑖 (0), 𝐸ℎ𝑖 (0), 𝐴ℎ𝑖 (0), 𝐼ℎ𝑖 (0), 𝑃𝑎 (0), 𝑆ℎ𝑜 (0), 𝐸ℎ𝑜 (0), 𝐴ℎ𝑜 (0), 𝐼ℎ𝑜 (0), 𝐻ℎ (0), 𝑅ℎ (0)]

=[𝑆ℎ𝑖 (0),0,0,0,0, 𝑆ℎ𝑜 (0),0,0,0,0,0] .

Based on a next generation matrix [227], let

𝑥 = (𝐸ℎ𝑜, 𝐸ℎ𝑖 , 𝐼ℎ𝑜, 𝐼ℎ𝑖 , 𝐴ℎ𝑜, 𝐴ℎ𝑖 , 𝐻ℎ, 𝑃𝑎)𝑇 , the model (6.1) can be represented as 𝑑𝑥
𝑑𝑡

= 𝐹 (𝑥) −
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𝑉 (𝑥).

𝐹 (𝑥) =

©«

𝐶11𝐸ℎ𝑜+𝐶12𝐼ℎ𝑜+𝐶13𝐴ℎ𝑜+𝐶14𝐸ℎ𝑖+𝐶15𝐼ℎ𝑖+𝐶16𝐴ℎ𝑖

𝑁𝑐

𝐶21𝐸ℎ𝑜+𝐶22𝐼ℎ𝑜+𝐶23𝐴ℎ𝑜+𝐶24𝐸ℎ𝑖+𝐶25𝐼ℎ𝑖+𝐶26𝐴ℎ𝑖

𝑁 𝑠

0

0

0

0

0

𝜂1 𝐸ℎ𝑖 +𝜂2 𝐼ℎ𝑖 +𝜂3 𝐴ℎ𝑖

ª®®®®®®®®®®®®®®®®®®®®¬

(6.4)

and

𝑉 (𝑥) =

©«

𝛼1 𝐸ℎ𝑜 − 𝜃3 𝐸ℎ𝑖

𝛼2 𝐸ℎ𝑖 − 𝜃4 𝐸ℎ𝑜

𝛼3 𝐼ℎ𝑜 −𝜎2 𝐸ℎ𝑜

𝛼4 𝐼ℎ𝑖 −𝜎1 𝐸ℎ𝑖

𝜖4 𝐴ℎ𝑜 −𝜎4 𝐸ℎ𝑜

𝜖3 𝐴ℎ𝑖 −𝜎3 𝐸ℎ𝑖

𝛼5𝐻ℎ − 𝜖1 𝐼ℎ𝑖 − 𝜖2 𝐼ℎ𝑜 − 𝜖3 𝐴ℎ𝑖 − 𝜖4 𝐴ℎ𝑜

𝜇𝑃𝑎

ª®®®®®®®®®®®®®®®®®®®®¬

. (6.5)

The basic reproduction number R0 is represented as follows:

R0 = 𝜌(𝐹𝑉−1) = 1
6

3
√︃
𝑔1 +12

√
𝑔2 −6

𝑔3
3
√︁
𝑔1 +12√𝑔2

+ 𝐷8
3

+ 𝐷1
3
. (6.6)
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where

𝑔1 = 8𝐷1
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2) (𝐷8𝐷1 −𝐷7𝐷2)2,

𝑔3 =
𝐷8𝐷1

9
− 𝐷7𝐷2

3
− 𝐷15𝐷13

3
− 𝐷1

2

9
− 𝐷8

2

9
,

𝐷1 =
𝐶11𝛼2
𝛼6

+ 𝐶14𝜃4
𝛼6

+ 𝐶12𝜎2𝛼2
𝛼6𝛼3

+ 𝐶15𝜎1𝜃4
𝛼6𝛼4

+ 𝐶13𝜎4𝛼2
𝛼6𝜖4

+ 𝐶16𝜎3𝜃4
𝛼6𝜖3

𝐷2 =
𝐶11𝜃3
𝛼6

+ 𝐶14𝛼1
𝛼6

+ 𝐶12𝜎2𝜃3
𝛼6𝛼3

+ 𝐶15𝜎1𝛼1
𝛼6𝛼4

+ 𝐶13𝜎4𝜃3
𝛼6𝜖4

+ 𝐶16𝜎3𝛼1
𝛼6𝜖3

𝐷7 =
𝐶21𝛼2
𝛼6

+ 𝐶24𝜃4
𝛼6

+ 𝐶22𝜎2𝛼2
𝛼6𝛼3

+ 𝐶25𝜎1𝜃4
𝛼6𝛼4

+ 𝐶23𝜎4𝛼2
𝛼6𝜖4

+ 𝐶26𝜎3𝜃4
𝛼6𝜖3

𝐷8 =
𝐶21𝜃3
𝛼6

+ 𝐶24𝛼1
𝛼6

+ 𝐶22𝜎2𝜃3
𝛼6𝛼3

+ 𝐶25𝜎1𝛼1
𝛼6𝛼4

+ 𝐶23𝜎4𝜃3
𝛼6𝜖4

+ 𝐶26𝜎3𝛼1
𝛼6𝜖3

𝐷14 =
𝜂1𝜃4
𝛼6

+ 𝜂2𝜎1𝜃4
𝛼6𝛼4

+ 𝜂3𝜎3𝜃4
𝛼6𝜖3

, 𝐷15 =
𝜂1𝛼1
𝛼6

+ 𝜂2𝜎1𝛼1
𝛼6𝛼4

+ 𝜂3𝜎3𝛼1
𝛼6𝜖3

,

𝐷13 =
𝛽3
𝜇
, and 𝛼6 = 𝛼2𝛼1 − 𝜃4𝜃3.

R0 is determined by human-related factors (𝐷1,𝐷2,𝐷7 and 𝐷8) and pathogen-related factors

(𝐷13,𝐷14 and 𝐷15), representing two modes of transmission of this disease as shown in Table

6.2.

Table 6.2: Interpretation of the basic reproduction number R0

Term Interpretation

𝛼6 = 𝛼2𝛼1 − 𝜃4𝜃3 the remaining exposed individuals in the whole system.

𝐷𝑛 (𝑛 = 1,2,7,8)
𝐷𝑛 has six terms representing the contributions to R0

from 𝐸ℎ𝑜,𝐸ℎ𝑖 ,𝐼ℎ𝑜,𝐼ℎ𝑖 ,𝐴ℎ𝑜 and 𝐴ℎ𝑖 respectively.

𝐷13

𝛽3 is the infectious rate transmitting from pathogen to

human and 𝜇 shows the emigration rate of pathogens.

Hence, 𝐷13 represents the remaining pathogens.

𝐷14 (𝑚 = 14,15)
𝐷𝑚 has three terms representing contributions to R0 from

𝐸ℎ𝑖 ,𝐼ℎ𝑖 and 𝐴ℎ𝑖 respectively.
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6.3 Sensitivity Analysis

Both global and local sensitivity analyses are conducted in this study. As Eqs. (6.1) are nonlinear

ODEs with non-monotonic input-output relationships, global sensitivity analysis by the Sobol

method [258] can reveal the influences of parameter interaction. Local sensitivity is designed to

explore the effects of every single parameter in response to the outputs when other parameters

are constant, which directly provides insights on the efficacy of various control strategies.

6.3.1 Global Sensitivity Analysis

The Sobol method was performed using SimBiology via Matlab software version R2021a [216].

First-order and total-order sensitivity indices are intended to show how every single parameter and

the interaction between parameters contribute to the output variance over a full range of parameter

space [198]. According to the basic reproduction number R0 and previous studies [125, 130],

the inputs include human-to-human transmission rates (𝛽1, 𝛽2), transition rate between the

construction site and its connected community (𝜃1 - 𝜃4) and effective contact ratio (𝑎11 - 𝑎26).

This section excludes transmission rate from pathogens 𝛽3 owing to the model complexity,

which will be discussed in the following subsection. Since symptomatic and asymptomatic

infectious individuals are generated in the latency period by exposed individuals [227], the

exposed individuals within the connected community 𝑥(1) and the exposed individuals within

the construction site 𝑥(2) contribute the most to determining R0. Hence, the output includes

exposed individuals on the construction site ([𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠𝑖𝑡𝑒] .𝐸ℎ𝑖) and in its connected

community (𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑦.𝐸ℎ𝑜) as shown in Figures 6.2 and 6.3.

6.3.2 Local Sensitivity Analysis

Given the results found of previous studies described above, this section sets 0.1 as the interval

and tests transmission rate, effective contact ratio and transition rate ranging from 0 to 1, as

shown in Fig. 6.4. The transmission rates are assumed to be equal: 𝛽1 = 𝛽2 = 𝛽3 = 𝛽. The

outputs include total attack rate (𝑇𝐴𝑅) and attack rate (𝐴𝑅) in each area. TAR is defined as

the proportion of being infected (including pre-symptomatic, asymptomatic and symptomatic)

among the whole susceptible population during the simulation period [130]. Attack rate on the

construction site (𝐴𝑅𝑠) and in its connected community (𝐴𝑅𝑐) reflect the severity of the outbreak

in each area respectively. Another criterion is the duration of an outbreak (DO). All results are

shown in Fig. 6.4.
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Figure 6.2: Sobol indices of (𝑎) transmission rate 𝛽1 and 𝛽2; and (𝑏) transition rate between
construction site and its connected community.

6.4 Effectiveness of Interventions

6.4.1 Non-pharmaceutical Interventions (NPIs)

“Scenario 1" is set as a baseline with all effective contact ratios kept as one and 𝛽1 = 𝛽2 = 𝛽3 = 0.54

as depicted in Fig. 6.5, representing no intervention in the whole population. Globally, the average

household size is 4.0 [40]. The close contact size is assumed to be 5 which is larger than 4. The

initial population 𝑁𝑠 is assumed to be 40 which is one-fifth of the population in its connected

community 𝑁𝑐. Absolute effectiveness (AE) and relative effectiveness (RE) [130] are defined to
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Figure 6.3: Sobol indices of (𝑎) effective contact ratio 𝑎11 - 𝑎16; and (𝑏) effective contact ratio
𝑎21 - 𝑎26.

assess the efficiency of different interventions.

𝑇𝐴𝑅 =
the number of confirmed cases

the total population
,

𝐴𝐸𝑖 = 𝑇𝐴𝑅𝑖 −𝑇𝐴𝑅𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒,

𝑅𝐸𝑖 = 𝐴𝐸𝑖/𝑇𝐴𝑅𝑖 .

(6.7)
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Figure 6.4: Sensitivity analysis of (𝑎) transmission rate 𝛽; (𝑏) effective contact ratio 𝑎11 to 𝑎16;
(𝑐) effective contact ratio 𝑎21 to 𝑎26; (𝑑) transition rate 𝜃1; (𝑒) transition rate 𝜃2; ( 𝑓 ) transition

rate 𝜃3; and (𝑔) transition rate 𝜃4 ranging from 0 to 1.

(a) (b)

(c) (d)

Figure 6.5: Scenario 1: baseline of (𝑎) SEIARP model; (𝑏) within the community; (𝑐) on the
construction site; and (𝑑) attack rate.
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Figure 6.6: Duration of Outbreak.

6.4.1.1 Scenario Design

The transmissibility between populations and transmission pathways in under varying scopes of

reducing effective contact is investigated in this section. Parameters elicited in the sensitivity

analyses were organized into 28 scenarios of interventions and TAR and DO were constructed

to quantitatively evaluate each of these scenarios. The effective contact ratio 𝑎𝑖 𝑗 , (𝑖 = 1,2 and

𝑗 = 1,2, ...,6) between different populations, human-related (i.e., direct) transmission rate (𝛽1,

𝛽2), pathogen-related (indirect) transmission rate 𝛽3 and transition rate 𝜃𝑘 , (𝑘 = 1,2,3,4), which

are considered as key elements in designing different NPIs, has a range from 0 to 1. The interval

is set as 0.1 following the conditions in local sensitivity analysis. As mentioned, Scenario 1

is the baseline without any intervention. Scenario 2 is intended to prevent pathogen-related

transmission. Scenarios 4 – 15 are single parameter targeted. Scenarios 16 – 21 aim to control

two parameters from the same infectious resources in one community. Scenarios 22 – 24 consider

four parameters from the same origins in both communities. Scenarios 3, 27, and 28 represent

interventions for different scopes for controlling effective contact. Scenario 25 prohibits physical

interaction between these two communities. Scenario 26 protects the whole population from

risks through a more complete control of both effective contact and connection between the two

communities. All scenarios are described in Table 6.3.

The three criteria for evaluating the performance of all scenarios are AE, RE and DO. All 28

scenarios are ranked by their DO as shown in Fig. 6.6. Scenario 16 was identified to be the best

one.



76 Chapter 6. Non-pharmaceutical Interventions and Vaccine Program on Construction Sites

Table 6.3: Scenario

Scenario No. Conditions Description

Scenario 1
𝑎11 = ... = 𝑎16 = 1
𝑎21 = ... = 𝑎26 = 1

Baseline: No intervention.

Scenario 2 𝛽3 Controlling pathogen on the construction site.

Scenario 3
𝑎11, ..., 𝑎16

𝑎21, ..., 𝑎26
Controlling effective contact among the whole population.

Scenario 4 𝑎11 Controlling effective contact between 𝐸ℎ𝑜 and 𝑆ℎ𝑜.
Scenario 5 𝑎12 Controlling effective contact between 𝐼ℎ𝑜 and 𝑆ℎ𝑜.
Scenario 6 𝑎13 Controlling effective contact between 𝐴ℎ𝑜 and 𝑆ℎ𝑜.
Scenario 7 𝑎14 Controlling effective contact between 𝐸ℎ𝑖 and 𝑆ℎ𝑜.
Scenario 8 𝑎15 Controlling effective contact between 𝐼ℎ𝑖 and 𝑆ℎ𝑜.
Scenario 9 𝑎16 Controlling effective contact between 𝐴ℎ𝑖 and 𝑆ℎ𝑜.
Scenario 10 𝑎21 Controlling effective contact between 𝐸ℎ𝑜 and 𝑆ℎ𝑖 .
Scenario 11 𝑎22 Controlling effective contact between 𝐼ℎ𝑜 and 𝑆ℎ𝑖 .
Scenario 12 𝑎23 Controlling effective contact between 𝐴ℎ𝑜 and 𝑆ℎ𝑖 .
Scenario 13 𝑎24 Controlling effective contact between 𝐸ℎ𝑖 and 𝑆ℎ𝑖 .
Scenario 14 𝑎25 Controlling effective contact between 𝐼ℎ𝑖 and 𝑆ℎ𝑖 .
Scenario 15 𝑎26 Controlling effective contact between 𝐴ℎ𝑖 and 𝑆ℎ𝑖 .

Scenario 16 𝑎11, 𝑎21
Controlling effective contact between 𝐸ℎ𝑜 and
𝑆 in both construction site and its close contact community.

Scenario 17 𝑎12, 𝑎22
Controlling effective contact between 𝐼ℎ𝑜 and
𝑆 in both construction site and its close contact community.

Scenario 18 𝑎13, 𝑎23
Controlling effective contact between 𝐴ℎ𝑜 and
𝑆 in both construction site and its close contact community.

Scenario 19 𝑎14, 𝑎24
Controlling effective contact between 𝐸ℎ𝑖 and
𝑆 in both construction site and its close contact community.

Scenario 20 𝑎15, 𝑎25
Controlling effective contact between 𝐼ℎ𝑖 and
𝑆 in both construction site and its close contact community.

Scenario 21 𝑎16, 𝑎26
Controlling effective contact between 𝐴ℎ𝑖 and
𝑆 in both construction site and its close contact community.

Scenario 22 𝑎11, 𝑎14, 𝑎21, 𝑎24 Controlling effective contact between all 𝐸 and 𝑆.
Scenario 23 𝑎12, 𝑎15, 𝑎22, 𝑎25 Controlling effective contact between all 𝐼 and 𝑆.
Scenario 24 𝑎13, 𝑎16, 𝑎23, 𝑎26 Controlling effective contact between all 𝐴 and 𝑆.

Scenario 25 𝜃1, ..., 𝜃4
Controlling connection between construction site and
its connected community.

Scenario 26
𝑎11, ..., 𝑎26

𝜃1, ..., 𝜃5
Controlling effective contact and connection among the whole population.

Scenario 27 𝑎11, ..., 𝑎16 Controlling effective contact in community.
Scenario 28 𝑎21, ..., 𝑎26 Controlling effective contact on the construction site.
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6.4.2 Vaccination

Pharmacological intervention measures include effective medical treatments and available vac-

cinations. Many industries have encouraged their personnel to get vaccinated. For example, in

Hong Kong’s construction industry, construction workers have been asked to take regular PC-

RTC tests for COVID-19 since September 2020 [180] and encouraged to get vaccinated since

May 2021 [181]. In this section, the vaccine efficacy is assumed as at least 60% [24]. This study

simulates the effectiveness of different vaccination rates under different scenarios [24] and aims

to identify how to best extinguish an ongoing wave of infection by reducing the attack rate on

the construction site as shown in Fig. 6.7.

6.5 Results and discussion

6.5.1 Sensitivity Analysis

Comparing the results for first-order, total-order, fraction of unexplained variance, and total

variance, this study analyzed the relationships between different parameters. The fraction of

unexplained variance represents the amount of variance that is not captured by the proposed

model, which is both close to zero in Figs. 6.2 and 6.3. Their total variances tend to increase but

do not exceed 0.005 or 0.0001, meaning that the unexplained variance could be insignificant.

A local virus mutation represents more sensitivity than an imported virus mutation as indicated

in Fig.6.2(a). Transmission rate 𝛽1 is more sensitive in the connected community and so is 𝛽2

on the construction site. Generally, when the Sobol indices of one parameter exceed 0.05 that

implies an important input to the outputs. The contribution to the variance of 𝐸ℎ𝑖 from the

interaction between 𝛽1 and 𝛽2 increases smoothly and becomes significant when 𝛽1 and 𝛽2 are

larger than 0.8. Hence, due to the greater number of susceptible people in a larger community,

virus mutations are especially impactful in such a population. Unexpected variances appear to

increase as shown in Fig. 6.2(a). While this suggests that excluded factors do not have a significant

impact, additional research could clarify potential relationships involving such factors.

In Fig. 6.2(b), transition rate 𝜃4 represents the most sensitivity indicating that intermingling of

a higher percentage of contagious individuals with a wholly susceptible population increases

the possibility of triggering an outbreak. Theoretically, the mobility of susceptible individuals

cannot accelerate infection since only pre-symptomatic, asymptomatic, and symptomatic in-

fectious individuals participate in transmitting SARS-CoV-2. The Sobol indices of 𝜃1 and 𝜃2
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Figure 6.7: Vaccination effectiveness (𝑎) when only construction workers vaccinated; (𝑏) when
only close contacts vaccinated; (𝑐) when 100% construction workers vaccinated; (𝑑) when 70%
construction workers vaccinated; (𝑒) when 50% construction workers vaccinated; and ( 𝑓 ) when

30% construction workers vaccinated.
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from susceptible individuals demonstrate increases over time, indicating that fully unrestricted

population mobility is not feasible before herd immunity.

As shown in Fig. 6.3, the results within the construction site and its connected community

exhibit similarities due to their analogous transmission dynamics. Sobol indices of 𝑎12 (0.55 -

0.756)/𝑎22 (0.43 - 0.75), 𝑎11 (0.12 - 0.26)/𝑎21 (0.12 - 0.22) and 𝑎14 (0.03 - 0.217)/𝑎24 (0.03 - 0.2)

rank as the top three to which 𝐼ℎ𝑜, 𝐸ℎ𝑜 and 𝐸ℎ𝑖 especially contribute. Compared their impacts on

the construction site and its connected community, higher effective contact ratios will contribute

more to a large population. Although symptomatic individuals (𝑎12, 𝑎22) is more sensitive to

the variance of 𝐸ℎ𝑖 and 𝐸ℎ𝑜, exposed people may more freely between different locations in

the absence of symptoms and should be wll controlled owing to the high sensitivity of 𝜃3 and

𝜃4. Nevertheless, controlling exposed individuals is difficult due to the period of asymptomatic

presentation that precedes and sometimes continues during infection, so vaccination remains a

critical practice. For example, the Hong Kong government has encouraged more construction

employees to get vaccinated and has exempted them from regular COVID-19 testing after 14

days upon his or her completion of the necessary doses of vaccine [181]. To help make optimal

vaccination plans for the construction industry, the following section discusses their effectiveness.

In Fig. 6.4, the maximum AR (from 0.05 to 0.5) and average DO (from 120 to 50) changed sharply

when the transmission rate 𝛽 was less than 0.3. When 𝛽 equals 0.7, AR and DO tend to be

stable at 0.85 and 30 respectively due to a small proportion of the remaining susceptible people.

Similarly as 𝑎𝑖 𝑗 (𝑖 = 1,2; 𝑗 = 1,2,4 in Fig. 6.3 indicates high sensitivity. In Figs 6.4(d)-6.4(g),

when 𝜃1, 𝜃3 and 𝜃4 exceed 0.5 and/or 𝜃2 exceeds 0.8, 𝐴𝑅𝑠 will be larger than 1, which may be

attributable to human mobility leading to overall population increased on the construction site

while the original number of construction workers remains unchanged.

6.5.2 Effectiveness of NPIs

Scenario 1 is the baseline (TAR: 51.55%, DO in the whole population: 42.93 days). Of all the 28

scenarios, Scenario 3 displays the greatest efficiency by reducing the attack rate up to 14 times

RE but increasing DO by 18.75 days. Scenario 14 reduces DO the most, by 28% with a low RE of

1.305%. When controlling the effective contact ratio with wide-ranging restrictions, the AR can

be reduced by at least 17% but will increase DO (Scenario 3, 19, 22, 23, and 27) in most cases.

Hence, aiming for high-sensitivity effective contact ratios will lead to more significant efficiency.

According to the sensitivity analysis, 𝑎𝑖 𝑗 (𝑖 = 1,2; 𝑗 = 1,2,4) are the targeted elements. Compared

to Scenario 4, 10, and 16, controlling both 𝑎11 and 𝑎21 from 𝐸ℎ𝑜 shows a better comprehensive
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performance than separate controlling. Controlling 𝐼ℎ𝑜 extends DO with moderate effectiveness

(around 5%). In terms of 𝐸ℎ𝑖 , Scenario 19 performed better than Scenarios 7 and 13 while

increasing DO by three days. To reduce both TAR and DO, Scenario 16 demonstrates the best

performance (25% AE and around 1.8 days DO reduction).

In terms of the pathogen, controlling indirect contacts can decrease the AR, though with low

efficiency. Due to the limitation of this case study, the risk from indirect transmission pathways

calls for more investigation. A visiting ban between the construction site and its connected

community can only reduce AR by around 17.3% RE. The relationship between the pathogen in

the environment and the severity of a pandemic in the construction industry was minimal and

more empirical research is needed.

6.5.3 Effectiveness of Vaccination

A comparison of the results shown in Figs. 6.7(a) and 6.7(b) reveals that even if 100% of

construction workers get vaccinated, the attack rates will still increase sharply within 10 days.

Vaccination of all construction workers would lead to lower TAR in comparison to vaccination

of merely 15% of both construction workers and their close contacts. Attack rates decreased as

an outcome of vaccination during the simulation for a vaccine assumed to have at least a 60%

vaccine efficacy in preventing infection compared to no vaccination, varying with a vaccination

rate among close contacts shown in Figs. 6.7(c)-6.7(f). When 30%, 50%, 70%, and 100%

of construction workers get vaccinated, 79%, 76%, 72%, and 67% respectively of their close

contacts should be encouraged to also get vaccinated. Therefore, not only should construction

workers be urged to get vaccinated but also their close contacts.

6.6 Chapter Summary

The insufficiency of continued NPIs and ongoing vaccination programs continue to pose chal-

lenges in recovering from the COVID-19 pandemic. Before herd immunity, controlling at-risk

and vulnerable groups in combination with vaccination plans is strongly recommended. The

construction industry is especially vulnerable to the negative impacts of COVID-19 as illustrated

by frequent relevant clusters globally and given the manual labor performed by construction

workers in close physical proximity. It increases the likelihood of exposure. To gain insights

into the transmission dynamics COVID-19 to inform the establishment of effective, and targeted

NPIs in the construction industry, a dual-community model was developed that includes the

SEI/AHR-P model for construction workers and the SEIAHR model for their close contacts. The
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results of our sensitivity analysis corroborate previous findings that close contacts are significant

participants in the spread of the infection. However, the contributions of indirect transmission

pathways at a construction site were found to be weak, suggesting the need for further study

given conflicting results in other research. Based on the parameters identified as significant in

the sensitivity analyses, 28 NPI scenarios were devised to analyze the total attack rate (TAR)

and duration of an outbreak (DO). The scenario in which exposed individuals are controlled in

terms of close contacts performs best, reducing the TAR with 25% absolute efficiency (AE) and

decreasing the DO in the whole population by 1.8 days. In addition to NPIs, both construction

workers and their close contacts are suggested to get vaccinated. Vaccination of all construction

workers would lead to a lower TAR compared to vaccination of only 15% of both construction

workers and their close contacts. Vaccination of all construction workers along with at least 67%

of their close contacts can extinguish an ongoing wave.

6.6.1 Conclusions and Implications

The dual-community compartment model in this study is intended to examine how different

combinations of targeted NPIs and vaccination plans could affect the transmission dynamics

of SARS-CoV-2 among construction workers and their close contacts. The findings show that

when the index case of SARS-CoV-2 is introduced to the construction industry, in the absence

of any intervention, infection rapidly spreads among both construction workers and their close

contacts, reaching its peak within 10 days. In addition, the SARS-CoV-2 in each community

follows different transmissibility danamics. The construction site is impacted by both direct and

indirect transmission pathways. Designed according to the sensitivity of significant parameters

(i.e., effective contact ratios between different groups, transmission rates, etc.) from model

(6.1), 28 customized NPI scenarios helped reduce the TAR and DO. In particular, controlling

exposed individuals among their close contacts (Scenario 16) is recommended given the estimated

ability of such control to reduce DO by 1.8 days and TAR with 25% AE as the primary

measures. Limited by the insufficiency of screening technologies and frequent virus mutations,

the NPIs combined with COVID-19 vaccines are strongly supported particularly in light of

the diminishing public adherence to some existing NPIs. The results indicate the efficacy of

having both construction workers and their close contacts become vaccinated. Otherwise, the

vaccination of only construction workers will not be able to curb an outbreak. Around 67–79%

of the close contacts of vaccinated construction workers should also be given a vaccine.This

study supplements the limited literature addressing the epidemic spread of SARS-CoV-2 in the
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construction industry considering the virus’s transmission dynamics at the industry level. The

macroscopic compartment model has been used to describe transmission dynamics at a city

or country scale, but this model is hampered by its well-mixed and heterogeneous population

assumptions. Designing an individual-based anti-epidemic strategy may prompt a discussion

on transmission heterogeneity but cannot optimize misses the effectiveness of containing the

epidemic explicitly. This study treats construction workers and their close contacts as part of the

whole population in the construction industry due to their social activities. Thus, it balances the

challenges faced in considering heterogeneous transmissibility microscopically and intervention

planning macroscopically.

Targeted NPIs in combination with sufficient vaccination are recommended for implementation

on construction sites. The vulnerability of construction workers is evident through their close

physical proximity and the manual labor required. Given the objective of prioritizing the

protection of construction worker health, controlling at-risk people (i.e. exposed individuals

among their close contacts) and encouraging both construction workers and their close contacts

to get vaccinated are the two most effective methods identified through this study.

6.6.2 Limitations and Directions for Future Research

This study did not distinguish indoor or outdoor construction sites. The majority of scenarios in

prior studies are indoor settings since sharing indoor spaces with infected individuals has been

confirmed to be the major infection risk origin of SARS-CoV-2 by many retrospective analyses

[175]. However, there are significant gaps in our understanding of indoor and outdoor settings due

to their vague definition [35]. Many outdoor risk sources (aerosolized particles emitted during

wastewater treatment [190], respiratory droplets shedding from infected patients when gathering

outside [118], etc.) can act as virus carriers as well. The significance of indirect pathogen

transmission calls for more investigation and, will be influenced by whether the construction site

is indoors or outdoors.

Theoretically, indirect pathogen transmission has been confirmed to be not as significant as

human-related direct transmission, although the force of infections as shown in Eqs. (6.1) and

the interpretation of R0 both point to a certain plausibility to the significance of pathogen-

related transmission. Empirical and experimental evidence indicates that indirect transmission

of the virus has occurred [10, 182, 248]. As for the construction industry, more empirical and

observation studies are needed, which may include examining the possibility of construction

workers shedding the virus into the environment or differing pathogen concentrations in indoor
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or outdoor construction sites.

A longitudinal study to prevent other respiratory diseases is also needed for further researches,

e.g., establishing a social-contact network [235]. The epidemiological justification for suspend-

ing face-to-face construction projects is that infected construction workers can spread a virus to

others when sharing the same space through work or non-work activities. Co-working on the

same construction site with someone who might shed the virus does not necessarily lead to an

infection as workers may stand some distance away from each other or wear masks properly,

but there can remain an increased risk. Management can facilitate responsibly resuming or con-

tinuing a construction project during an epidemic outbreak by supporting co-working networks

for contact-tracing. Future research can further explore this topic by collecting construction

workers’ activity trajectories.



Chapter 7

A Priori Identification of Potential Su-

perspreaders in Construction Projects

7.1 Introduction

Airborne infectious diseases typically spread through droplet nuclei with viruses that are trans-

mitted via talking, coughing, and sneezing [112, 121]. Airborne infectious diseases have wrought

adverse impacts on many sectors, especially construction sectors [30, 36, 162]. Poorly venti-

lated construction environments and the dynamic nature of construction activities construction

workers greatly exacerbate the risk of infection, and can even trigger a super-spreading event,

i.e. when a small fraction of highly contagious individuals disproportionately infect a large

number of secondary cases [136, 257]. Infectious diseases have been found to be the second

most common cause of absence in the construction industry [30]. Due to influenza-like illness,

the average number of workdays missed is 1.30 days per episode of illness per person and the

average work loss is valued at $137 per person [4]. Given their pivotal role in driving large out-

breaks [117], superspreader individuals have been observed in connection with many airborne

infectious diseases such as severe acute respiratory syndrome [SARS] [193], influenza [170],

and coronavirus disease 2019 [COVID-19] [1]. Once a super-spreading event transpires, con-

struction projects have to be delayed or suspended as the majority of workers cannot be present

on site [28]. Construction site shutdowns owing to COVID-19 case clusters have occurred in

many countries [e.g., the United Kingdom [96], the United States [10], Singapore [67] and Egypt

[58]]. As a labour-intensive industry, it is crucial for the construction industry to understand the

role of such superspreaders in determining the most effective ways to direct disease surveillance

and controls [59, 257].

As for airborne infectious diseases, many industries have designed strategies for preventing and

controlling super-spreading events, such as specialized ventilation systems in hospital wards [43],

triage systems for patient consultations [229] and customized sitting arrangements in restaurants

[55]. Due to the dynamic nature of construction activities, control strategies from other industries

are not appropriate and difficult to implement in the construction industry. Previous studies in the

construction industry mainly focused on the impacts and challenges caused by an outbreak, such

84



7.2. Literature Review 85

as economic losses and supply chain disruptions [5, 28], as well as response strategies to mitigate

an outbreak [e.g., disinfection [105] and site access control systems [250]]. Only a few existing

studies investigated the effectiveness of anti-epidemic interventions from an epidemiological

perspective, such as interaction restrictions [15, 191, 255]. Few studies have explored strategies

for preventing super-spreading events in the construction industry. Hence, this study aims to

develop a method for identifying potential superspreaders of airborne infectious diseases in

construction projects.

7.2 Literature Review

There is known heterogeneity between individuals in airborne infectious disease transmissions,

leading to a general rule whereby 20% of cases cause 80% of transmission [159, 241, 257]. One

of the sources of this heterogeneity is driven by interactions between individuals [78, 200]. Pre-

vious studies have discussed how heterogeneous interactions influence individual infectiousness

through various models, such as compartmental epidemic models [255], agent-based epidemic

models [15, 191], and network-based epidemic models [185]. Compartmental epidemic models

describe heterogeneous interactions by different transmission probabilities between individuals

across compartments, which is limited by a well-mixed population assumption [256]. Com-

paratively, agent-based epidemic models and network-based epidemic models refine the details

of the assumptions in more realistic ways. For instance, the transmission probability could be

nondeterministic, stochastic, and/or more heterogeneous. Agent-based epidemic models sim-

ulate individual-based interactions within defined rules from a microscopic perspective, while

their performances rely more on the quality of the individual-level behaviour data, which raises

a noticeable challenge for data collection [228]. Network-based epidemic models compute

population-level epidemic dynamics in terms of individual-level interactions based on a network

representing the interactions among all individuals [101]. Given their ability to model the com-

plex interactions between individuals, network-based epidemic models have dominated research

on individual infectiousness [168].

Network-based epidemic models describe the spread of infectious diseases according to nodes

(i.e., individuals), edges (i.e., interactions between individuals) and weight of edges (i.e., the

probability of infections). A small number of nodes (e.g., superspreaders) can have a major

impact on the global spread of the disease. The importance of the nodes in disease spread can

be quantified through various network-based performance measures, such as degree centrality

[i.e., the number of edges that the node has] [6, 23], betweenness centrality [i.e., a measure of
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how many shortest paths cross through this node] [29, 66], and K-shell index [i.e., a measure of

the coreness of a node in the network] [39]. K-shell decomposition methods have been explored

based on different algorithms to achieve enhanced performances [39, 134, 135]. In terms of

identifying more influential spreaders in epidemiology, a K-shell index can help predict the

progression of infection more reliably than an only degree or betweenness centrality [106, 135].

7.3 Methods

To explore the variance of individual infectiousness and the prevention of super-spreading events

in the construction industry, this study aims to develop a network-based computational frame-

work as a priori identification of potential superspreaders, consisting of K-shell decomposition

approaches for analysing an interaction network and a stochastic network-based epidemic model

for predicting infected cases. As shown in Figure 7.1, with data on the interactions of construc-

tion practitioners amongst themselves and others as input, the interaction network is established.

In the interaction network𝐺 (𝑉,𝐸), there are 𝑛 nodes (𝑣𝑖 ∈𝑉,1 ≤ 𝑖 ≤ 𝑛). The edge between nodes

𝑣𝑖 and 𝑣 𝑗 is represented as 𝑒𝑖 𝑗 (𝑒 ∈ 𝐸,𝑖 ≠ 𝑗). The value of 𝑒𝑖 𝑗 is equal to 1 if 𝑣𝑖 is connected

to 𝑣 𝑗 ; otherwise, 𝑒𝑖 𝑗 is equal to 0. The transmission probability between individuals (𝑃𝑒) is

defined based on their interaction properties, organizational relationships, and contact ratios.

The proposed framework is designed to estimate the K-shell index of each node and simulates

the sequence of epidemic spread. According to the value of the K-shell index [𝑘𝑠 (𝑖)] of the node

𝑣𝑖 , if 𝑘𝑠 (𝑖) is greater than the threshold of K-shell index [𝑘𝑠,𝑡ℎ𝑟 ], the node 𝑣𝑖 will be regarded

as a K-shell based superspreader. During the stochastic epidemic spreading process within the

interaction network, if the attack rate [𝐴𝑅(𝑖)] of the node 𝑣𝑖 (i.e., the number of secondary cases)

within a serial interval (i.e., the duration of one generation) is larger than the threshold of attack

rate [𝐴𝑅𝑡ℎ𝑟 ], the node 𝑣𝑖 will be regarded as a numerically certified superspreader. This study

proposes to identify potential superspreaders who are included in both the K-shell based super-

spreader pool and the numerically certified superspreader pool. If the proposed framework were

applied to a specific disease in a construction project, more detailed epidemiological parameters

would be inputted according to the transmission characteristics of the particular disease.

7.3.1 K-shell decomposition method

K-shell decomposition methods can be used to identify the core and the periphery of a network.

In this study, K-shell decomposition is carried out to measure the coreness of each node. After

K-shell decomposition, each node 𝑣𝑖 in the network is assigned a K-shell index 𝑘𝑠 (𝑖) to represent
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(a)

(b)

Figure 7.1: Workflow of the proposed network-based computational framework: (a) K-shell
decomposition analysis; and (b) epidemic simulation.

its coreness in the network. A large 𝑘𝑠 indicates a core position in the network, while a small 𝑘𝑠

indicates a more peripheral position. The K-shell index of each node 𝑘𝑠 (𝑖) is calculated based

on its degree (𝑘𝑖), which refers to the number of edges between the node 𝑣𝑖 and its connected

nodes. Generally, the K-shell index 𝑘𝑠 provides more information on the role played by a node

in the graph than the raw degree 𝑘 , and thus 𝑘𝑠 can be adopted as the indicator to determine

whether a node is a potential superspreader [106].

𝐾𝑖 =

𝑛∑︁
𝑗

𝑒𝑖 𝑗 (7.1)



88 Chapter 7. A Priori Identification of Potential Superspreaders in Construction Projects

The conventional K-shell decomposition algorithm is stated as follows: Firstly, all the nodes

with degree 𝑘𝑖 = 1 are removed. After such removal, the remaining nodes with 𝑘𝑖 = 1 are also

removed until all nodes with 𝑘𝑖 = 1 are removed. All the these removed nodes are then clustered

into the shell with 𝑘𝑠 = 1. Secondly, we start to remove the nodes with 𝑘𝑖 = 2 in a similar manner

until all nodes with 𝑘𝑖 = 2 are removed. Thus, the shell with 𝑘𝑖 = 2 is established. This procedure

continues until all nodes of this network are removed. Finally, each node in the network is

assigned its corresponding 𝑘𝑠. In the above algorithm, the edges are treated equally. During the

epidemic spreading process, the edges will have different values as the transmission probability

of a specific disease for each contact is different [120, 160].

To further identify the node importance, a measure of potential edge weights in an unweighted

network has been conducted [236]. The weighted K-shell decomposition analysis groups all

nodes based on their weighted degrees (𝑘𝑤
𝑖

).

𝑘𝑤𝑖 = 𝛼𝑘𝑖 + (1−𝛼)
∑︁
𝑣 𝑗 ∈𝑉

(𝑘𝑖 + 𝑘 𝑗) (7.2)

In Eq.(7.2), 𝑘𝑤
𝑖

is a weighted degree of node 𝑣𝑖 and 𝛼 is a positive tuning parameter from 0 to 1.

When 𝛼 equals 1, the weighted degree of each node will equal its degree. When 𝛼 equals 0, the

weighted degree of each node will equal the sum of its degree and the degree of its connected

nodes, which means that nodes with higher edge weights are more likely to be more influential. In

this study, we set 𝛼 as 0.5, which treats edge weights and degrees equally. Using the mentioned

weighted degree 𝑘𝑤
𝑖

, the weighted K-shell decomposition algorithm follows a pruning route

that is the same as the conventional K-shell decomposition algorithm except in that the former

is based on the weighted degree (𝑘𝑤
𝑖

) instead of the degree (𝑘𝑖). Both conventional K-shell

decomposition analysis and weighted K-shell decomposition analysis are capable of identifying

potential superspreaders without considering edge weights. In reality, an individual may come

into contact with many people, but they may all wear masks well (i.e., a node may have many

connections, but each connection may have a small weight). In a weighted network, the weight

of each edge 𝑤𝑖 𝑗 can represent the transmission possibility between nodes 𝑣𝑖 and 𝑣 𝑗 during

the epidemic spreading process. To explore the impact of edge weights, a generalized K-shell

decomposition analysis was also conducted [71]. In a weighted network, a generalized K-shell

decomposition algorithm applies a pruning route that is the same as the conventional K-shell

decomposition analysis but is based on an alternative node degree 𝑤𝑘 𝑖 , as shown in Eq.(7.3)
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[71].

𝑤𝑘 𝑖 =

[
𝑘𝜎𝑖

(
𝑘𝑖∑︁
𝑗

𝑤𝑖 𝑗

)𝜌] 1
𝜎+𝜌

(7.3)

In Eq.(7.3), there are two turning parameters: 𝜎 represents the impact from the degree of node

𝑣𝑖 (𝑘𝑖) and 𝜌 represents the impact of the weight of edges (𝑤𝑖 𝑗) associated with node 𝑣𝑖 . In

this study, we set 𝜎 = 𝜌 = 1, which means that the node degree and the weight of edges have

equivalent impacts while estimating the node influences. Hence, there are three types of K-shell

decomposition methods in this study, which are compared in Table 7.1.

Table 7.1: Three types of K-shell decomposition methods

Methods
Fundamental

Indicators

Value of
turning

parameters

Considerations
Degree of

node 𝑣𝑖 (𝑘𝑖)
Degree of neighbour

nodes (𝑘 𝑗)
Weight of edge
𝑒𝑖 𝑗 (𝑤𝑖 𝑗)

Conventional K-shell
decomposition analysis

𝐾𝑖 =
∑𝑛

𝑗 𝑒𝑖 𝑗 N.A. ✓

Weighted K-shell
decomposition analysis

𝑘𝑤
𝑖
= 𝛼𝑘𝑖 + (1−𝛼)∑𝑣 𝑗 ∈𝑉 (𝑘𝑖 + 𝑘 𝑗) 𝛼 = 0.5 ✓ ✓

Generalized K-shell
decomposition analysis

𝑤𝑘 𝑖 =

[
𝑘𝜎
𝑖

(∑𝑘𝑖
𝑗
𝑤𝑖 𝑗

)𝜌] 1
𝜎+𝜌

𝜎 = 𝜌 = 1 ✓ ✓ ✓

7.3.2 Stochastic models in epidemiology

To simulate the possible sequence of an epidemic spread, stochastic network-based epidemic

models are used, in which the parameters and/or variables change with unit time. Figure 7.2

depicts three models for epidemic spread: a Susceptible-Infectious-Recovered (SIR) model (e.g.,

influenza), a Susceptible-Infectious-Recovered-Vaccinated (SIRV) model (e.g., measles), and a

Susceptible-Exposed-Infectious-Recovered (SEIR) model (e.g., COVID-19).

A stochastic model for epidemiology is proposed that has including three components, namely

a domain D = {S,E, I,R,V}, an underlying graph 𝐺 (𝑉,𝐸) with 𝑛 nodes (i.e., individuals) and a

collection F = { 𝑓1, 𝑓2, . . . , 𝑓𝑛} of functions, where 𝑓𝑖 is the local transmission function associated

with nodes 𝑣𝑖 ∈𝑉,1 ≤ 𝑖 ≤ 𝑛 [185]. A vector (𝑏𝑡1, 𝑏
𝑡
2, . . . , 𝑏

𝑡
𝑛) consists of 𝑛 elements, where 𝑏𝑡

𝑖
∈ D

is the value of the state of the node 𝑣𝑖 at time 𝑡, 1 ≤ 𝑖 ≤ 𝑛. The unit interval 𝑡 is measured

in days. Due to the heterogeneity of intrinsic (i.e. properties of the individual) and extrinsic

(environmental) factors that can affect transmission, let 1
𝜎𝑖

, 1
𝛾𝑖

, 1
𝜉𝑖

and 1
𝜔𝑖

denote the duration of

incubation, infection, immunity, and vaccination period of each node 𝑣𝑖 respectively. For 𝑣 ∈ 𝑉 ,

close contacts of 𝑣, denoted by 𝑁𝑣 , contain each node 𝑢 such that the edge 𝑒 = {𝑢, 𝑣} is in 𝐸

and associated with a transmission probability 𝑝𝑒. The transition of each system of each node

𝑣𝑖 is depicted with the local transition function 𝑓𝑖 synchronously (see Fig.7.2). Hence, each
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(a)

(b)

(c)

Figure 7.2: The transition of epidemic spreading in (a) a SIR system of each node 𝑣𝑖; (b) an
SEIR system of each node 𝑣𝑖; and (c) a SIRV system of each node 𝑣𝑖 .

node can be presented as 𝑣𝑖 ∝ 𝑓𝑖 (𝑏𝑡𝑖 ,𝜎𝑖 , 𝛾𝑖 , 𝜉𝑖 ,𝜔𝑖 , 𝑁𝑣𝑖 , 𝑝{𝑢,𝑣𝑖 }). The notation of all variables and

parameters is shown in Table 7.2. If the state of 𝑣𝑖 at time 𝑡 is S, the state of 𝑣𝑖 at time (𝑡 +1) is

determined by the following stochastic process. Let 𝑋𝑖 (𝑡) ⊆ 𝑁𝑣𝑖 denote the set of close contacts

of 𝑣𝑖 whose state is infectious, such as E and I with an influenza A (H1N1) virus [79], at time 𝑡,

and let the probability of becoming a confirmed case 𝜋(𝑖, 𝑡) be defines as follows:

𝜋(𝑖, 𝑡) = 1−
∏

𝑢∈𝑋𝑖 (𝑡 )
(1− 𝑝max {𝑡−𝑡𝑢 ,0}

{𝑢,𝑣𝑖 } ), 𝑋𝑖 (𝑡) ≠ ∅ (7.4)

For each node 𝑣𝑖 , the immediate neighbour nodes 𝑢 can infect 𝑣𝑖 and start to infect 𝑣𝑖 when pre-

symptomatic, asymptomatic or symptomatic (which depends on the transmission characteristics

of a specific disease) at the time (𝑡𝑢+1). The transmission probability 𝑝𝑒 is defined as 𝑝max {𝑡−𝑡𝑢 ,0}
{𝑢,𝑣𝑖 }

and changes over time. If the states of 𝑣𝑖 at the time (𝑡 − 1) is S and becomes infected by 𝑢 at

time 𝑡, the state of 𝑣𝑖 at the time (𝑡 +1/𝜎𝑖) is E and becomes I at the time (𝑡 +1/𝜎𝑖 +1). If the

states of 𝑣𝑖 at the time (𝑡−1) and 𝑡 are E and I respectively, the state of 𝑣𝑖 at the time (𝑡 +1/𝛾𝑖) is

E and becomes I at the time (𝑡 +1/𝛾𝑖 +1). If the states of 𝑣𝑖 at the time (𝑡 −1) and 𝑡 are I and R

respectively, the state of 𝑣𝑖 at the time (𝑡 +1/𝜉𝑖) is R and becomes S at the time (𝑡 +1/𝜉𝑖 +1). If

the states of 𝑣𝑖 at time t is S, the state of 𝑣𝑖 at the time (𝑡 +1/𝜔𝑖) isVwith life-long immunity. To

simplify the formulation, this study defined five dummy variables that can only take the value of

0 or 1 for a node 𝑣𝑖: when node 𝑣𝑖 is susceptible at time 𝑡 (𝑏𝑡
𝑖
= S), 𝑆𝑖 (𝑡) = 1; when this same node
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𝑣𝑖 is exposed at time 𝑡 (𝑏𝑡
𝑖
= E), 𝐸𝑖 (𝑡) = 1; when node 𝑣𝑖 is infectious at time 𝑡 (𝑏𝑡

𝑖
= I), 𝐼𝑖 (𝑡) = 1;

when node 𝑣𝑖 is recovered at time 𝑡 (𝑏𝑡
𝑖
= R), 𝑅𝑖 (𝑡) = 1; and when node 𝑣𝑖 gets vaccinated with

a life-long immunity at time 𝑡 (𝑏𝑡
𝑖
= V), 𝑉𝑖 (𝑡) = 1. Meanwhile, the sum of five dummy variables

of node 𝑣𝑖 equals 1 (i.e., 𝑆𝑖 (𝑡) +𝐸𝑖 (𝑡) + 𝐼𝑖 (𝑡) +𝑅𝑖 (𝑡) +𝑉𝑖 (𝑡) = 1).

Table 7.2: Notation of epidemic models

Notation Description

Variables

𝑆 the number of susceptible individuals
𝐸 the number of exposed individuals
𝐼 the number of infectious individuals
𝑅 the number of recovered individuals
𝑉 the number of vaccinated individuals with life-long immunity
𝑁 the total number of individuals

Dummy Variables for node 𝑣𝑖
𝑆𝑖 When the node 𝑣𝑖 is susceptible, 𝑆𝑖 equals 1; otherwise, it is 0.
𝐸𝑖 When the node 𝑣𝑖 is exposed, 𝐸𝑖 equals 1; otherwise, it is 0.
𝐼𝑖 When the node 𝑣𝑖 is infectious, 𝐼𝑖 equals 1; otherwise, it is 0.
𝑅𝑖 When the node 𝑣𝑖 has recovered, 𝑅𝑖 equals 1; otherwise, it is 0.
𝑉𝑖 When the node 𝑣𝑖 develops life-long immunity, 𝑉𝑖 equals 1; otherwise, it is 0.

Local Transmission Function of node 𝑣𝑖
𝑏𝑡
𝑖

the value of the state of node 𝑣𝑖 at time 𝑡, 𝑏𝑡
𝑖
∈ D (D = {S,E, I,R,V})

1/𝜎𝑖 the duration of the incubation period of node 𝑣𝑖
1/𝛾𝑖 the duration of the infection period of node 𝑣𝑖
1/𝜉𝑖 the duration of the immunity period of node 𝑣𝑖
1/𝜔𝑖 the duration of the vaccination period of node 𝑣𝑖
𝑁𝑣𝑖 the set of close contacts of 𝑣𝑖 whose state is infectious
𝑝{𝑢,𝑣𝑖 } transmission probability 𝑝𝑒 between an infected node 𝑢 and node 𝑣𝑖

For example, as for the SIR model, the total population at time 𝑡 𝑁 (𝑡) can be segmented

into: susceptible individuals 𝑆(𝑡), infected individuals 𝐼 (𝑡), and recovered individuals 𝑅(𝑡). Its

transmission dynamic is shown as follows:



¤𝑆(𝑡) = ∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡) −

∑𝑛
𝑖=1 𝜋(𝑖, 𝑡) 𝑆𝑖 (𝑡),

¤𝐼 (𝑡) = ∑𝑛
𝑖=1 𝜋(𝑖, 𝑡) 𝑆𝑖 (𝑡) −

∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡),

¤𝑅(𝑡) = ∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡) −

∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡).

(7.5)

𝑆(𝑡) + 𝐼 (𝑡) +𝑅(𝑡) = 𝑁 (𝑡) (7.6)

In a SIRV model, the total population at time 𝑡 𝑁 (𝑡) can be segmented into: susceptible

individuals 𝑆(𝑡), infected individuals 𝐼 (𝑡), recovered individuals 𝑅(𝑡), and vaccinated individuals
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𝑉 (𝑡). The transmission dynamic of an SIRV system is shown as follows:



¤𝑆(𝑡) = ∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡) −

∑𝑛
𝑖=1 [𝜋(𝑖, 𝑡) +𝜔𝑖 (𝑡)] 𝑆𝑖 (𝑡),

¤𝐼 (𝑡) = ∑𝑛
𝑖=1 𝜋(𝑖, 𝑡) 𝑆𝑖 (𝑡) −

∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡),

¤𝑅(𝑡) = ∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡) −

∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡),

¤𝑉 (𝑡) = ∑𝑛
𝑖=1𝜔𝑖 (𝑡) 𝑆𝑖 (𝑡).

(7.7)

𝑆(𝑡) + 𝐼 (𝑡) +𝑅(𝑡) +𝑉 (𝑡) = 𝑁 (𝑡) (7.8)

In an SEIR model, the total population at time 𝑡 𝑁 (𝑡) is segmented into: susceptible individuals

𝑆(𝑡), exposed individuals 𝐸 (𝑡), infected individuals 𝐼 (𝑡), and recovered individuals 𝑅(𝑡). The

transmission dynamic of the SEIR system is shown as follows:



¤𝑆(𝑡) = ∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡) −

∑𝑛
𝑖=1 𝜋(𝑖, 𝑡) 𝑆𝑖 (𝑡),

¤𝐸 (𝑡) = ∑𝑛
𝑖=1 𝜋(𝑖, 𝑡) 𝑆𝑖 (𝑡) −

∑𝑛
𝑖=1𝜎𝑖 (𝑡) 𝐸𝑖 (𝑡),

¤𝐼 (𝑡) = ∑𝑛
𝑖=1𝜎𝑖 (𝑡) 𝐸𝑖 (𝑡) −

∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡),

¤𝑅(𝑡) = ∑𝑛
𝑖=1 𝛾𝑖 (𝑡) 𝐼𝑖 (𝑡) −

∑𝑛
𝑖=1 𝜉𝑖 (𝑡) 𝑅𝑖 (𝑡).

(7.9)

𝑆(𝑡) +𝐸 (𝑡) + 𝐼 (𝑡) +𝑅(𝑡) = 𝑁 (𝑡) (7.10)

In epidemiology, the attack rate (𝐴𝑅) is the percentage of an at-risk population that contracts the

disease during a specified time interval. In Eq.(7.11), the 𝐴𝑅 of COVID-19 is represented. As

a result of a number of people getting infected at the workplace and having to be absent from

work, a labour-intensive operation cannot be carried out properly. Operating thresholds can be

set concerning the relationship between human resources and task allocations [26]. When the

attack rate at time 𝑡 is larger than the operation threshold 𝐴𝑅𝑡ℎ𝑟 , the project will be suspended.

𝐴𝑅 =

∑𝑛
𝑖=1 [𝐸𝑖 (𝑡) + 𝐼𝑖 (𝑡)]

𝑛
(7.11)

7.3.3 Performance measures

A confusion matrix is used to evaluate the performance of the proposed network-based com-

putational framework in identifying superspreaders [253]. This study selects four metrics (i.e.,

accuracy, precision, recall, and 𝐹1 score) and defines them in Eqns.(7.12)-(7.15). True Positive
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(TP) is the number of actual superspreaders classified correctly as superspreaders. False Neg-

ative (FN) is the number of actual superspreaders classified incorrectly as non-superspreaders.

False Positive (FP) is the non-superspreaders classified incorrectly as superspreaders, and True

Negative (TN) is the non-superspreaders classified correctly as non-superspreaders.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁 +𝐹𝑁 (7.12)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃 (7.13)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁 (7.14)

𝐹1 =
𝑇𝑃

𝑇𝑃+ (𝐹𝑁 +𝐹𝑃)/2 (7.15)

7.4 Case study of COVID-19

Given the repetitive waves of COVID-19 that had devastating effects on the construction industry

[28], this study adopted COVID-19 as a case study to illustrate the feasibility and effectiveness of

the framework on superspreader identification in construction projects. The epidemiologic char-

acteristics of COVID-19 used in the case study follow the SEIR system as described in Eq.(7.9).

All individuals are divided into four groups: susceptible, exposed, infectious, and recovered

individuals. Susceptible individuals could get infected by pre-symptomatic, asymptomatic, or

symptomatic individuals under effective contact as specified for each possible interactive activity.

Each exposed individual is pre-symptomatic. Infectious individuals can be either asymptomatic

or symptomatic, while their transmissibility is the same.

7.4.1 Numerical Cases modeled in a Hierarchical Network and Matrix Network

Networks with a matrix structure or a hierarchical structure are widely used to visualize cooper-

ative and management behaviours among construction project practitioners [14, 111, 129]. This

study generates one network with a hierarchical structure and another with a matrix structure.

Each network has 43 nodes. The epidemic spreads according to the following assumptions:
1. Based on different activities between individuals, the transmission probability of each pair

of interactions (𝑃𝑒) is classified into five types [109]. The transmission probability of

each interaction type (i.e., the weight of each edge) is assumed as shown in Table 7.3

according to the epidemiological features of COVID-19 and interactive characteristics of

specific activities.
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2. The node will transition to become an exposed individual when the value of 𝜋(𝑖, 𝑡) is larger

than 0.5 and become an infectious individual when the value of 𝜋(𝑖, 𝑡) is larger than 0.7.

3. The duration of the immunity period 𝜉𝑖 of each node 𝑣𝑖 is set as 6 months [54, 171].

4. The serial interval (i.e., the duration of one generation) is assumed to be 4 days.

5. The operation threshold (𝐴𝑅𝑡ℎ𝑟 ) is assumed as 20% [241]. Within one serial interval

(assumed as 4 days), if the total attack rate becomes larger than 20%, the first case can be

regarded as a potential superspreader.

Table 7.3: Assumptions owing to different types of interactions

Type of interaction Transmission
probability 𝑃𝑒

leadership between departments 0.1
leadership in the same department 0.2
regular interactions between departments 0.3
close interactions with colleagues 0.4
close interactions with other close
contacts offsite (e.g., family members)

0.5

The scope of the interaction network of practitioners in a construction project in this study

covers both interactions on-site and off-site (Yuan, Zhao, et al., 2022). As shown in Eq.(7.4),

𝜋(𝑖, 𝑡) describes the probability of a susceptible individual being infected after contacting an

infected individual. In the proposed stochastic network-based epidemic model, when 𝜋(𝑖, 𝑡) is

larger than 50%, the susceptible individual has a 50% possibility of becoming infected. As the

viral load will increase during the incubation period, the exposed individual is assumed to show

symptoms when 𝜋(𝑖, 𝑡) is larger than 0.7. The duration of immunity is assumed to be 6 months,

as COVID-19 vaccines offer immunity against COVID-19 for at least six months [54, 171]. A

serial interval is defined as the time from illness onset in the primary case to illness onset in

the secondary cases. The mean serial interval of the alpha variant of severe acute respiratory

syndrome coronavirus 2 (SARS-CoV-2) ranged from 4.2 to 7.5 days [8]. The serial interval of

the delta variant is 4.7 days on average [84]. The omicron variant has the shortest serial interval

(ranging from 2.2 to 3.5 days) [21]. In this study, the serial interval is assumed to be 4 days.

As for many airborne infectious diseases (e.g., COVID-19), in a super-spreading event, the core

20% population are potentially highly contagious [241]. The operation threshold (𝐴𝑅𝑡ℎ𝑟 ) is set

as 20%. Hence, if the total attack rate is greater than 20% during the first 4 days, the first case

can be regarded as a potential superspreader.

Two sample networks are shown in Figure 7.3. In this study three random nodes that have close

interactions off-site were selected from each network [Nodes 7, 11, and 16 in Fig. 7.3(a); Node



7.4. Case study of COVID-19 95

(a)

(b)

Figure 7.3: Organization chart view of a construction project: (a) hierarchical structure and (b)
matrix structure.

29, 35, and 41 in Fig. 7.3(b)]. All edges in Figure 7.3 are set to different weights according

to the appropriately corresponding assumption in Table 7.3. For example, in Fig. 7.3(a), the

relationship between Node 1 and Node 2 is "leadership between departments". The leadership

between Node 3 and Node 6 is in the same department. Node 4 and Node 6, which are from

different departments, have regular interactions. The relationship between Node 4 and Node 33-

36 is "close interactions with colleagues". Node 16 has close contact with Nodes 17-20 outside

the workplace. After performing three types of K-shell decomposition analyses (as shown in

Table 7.1) to classify all individual nodes into different shells, every node is considered to be the

first infected case (i.e., the primary case) and the transmission dynamics are simulated using the

SEIR model in Eq.(7.9). The results of the K-shell decomposition computations for two sample
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networks are represented in Figures 7.6 and 7.7.

7.4.2 Empirical case of a construction project in Hong Kong

7.4.2.1 Data Description

This study collected information regarding 1846 participants’ interactions with 123 sub-contractors

(including 212 COVID-19 confirmed cases) from January 28 to March 24, 2022, in a construc-

tion project in Hong Kong. We obtained demographic information, the date of diagnosis, last

working date, and employment relationship of each person. In total, 91.04% of infected cases

are male and 8.96% of infected cases are female. Classified by their occupations in Table 7.4,

there are 0.94%, 3.77%, 7.08%, 16.04%, 68.87%, and 3.30% of COVID-19 cases who work as

managers, officers, foremen, engineers, on-site workers, and others respectively. As shown in

Figure 7.4, three-quarters of cases generated less than 2 offspring cases, and 32.08% of cases

didn’t generate any offspring cases. Only 10.38% of seed cases generated 79.72% of the offspring

cases (i.e., susceptible individuals who get infected by seed cases).

Figure 7.4: Distribution of offspring cases generated by each seed case.

7.4.2.2 Reproduction of the Interaction network

There are 27 subcontractors, among which have at least one confirmed case, labeled as G1

to G27 (“G” for Group). To explore the transmission dynamics based on interactions among

these participants, this study considered their intra-subcontractor interactions (i.e., interactions

among people who are hired by the same subcontractor) and inter-subcontractor interactions

(i.e., interactions among people who are hired by different subcontractors) respectively. There

are 41 pairs of intra-subcontractor interactions across 9 groups (i.e., G1, G2, G4, G8, G9, G12,

G15, G17 and G25). This study selected these 9 groups as inputs of the interaction network.

In addition, there are three pairs of groups (i.e., G2 & G3, G9 & G14, and G12 & G13) where

they have the same number of employees, but one had a super-spreading event and one did not.

This study also selected G3, G13 and G14 to explore why a super-spreading event occurred.
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Table 7.4: Demographic information of all COVID-19 confirmed cases

Gender
Number
of cases

Percentage (%)
Attack

Rate (%)

Male 193 91.04 11.60
Female 19 8.96 10.44

Occupation
Number
of cases

Total
Population

Attack
Rate (%)

Officer (e.g., office clerks) 8 10 80.00
Engineer 34 60 56.67
Others (e.g., drivers and securities) 7 18 38.89
Foreman 15 52 28.85
Manager 2 10 20.00
On-site Worker 146 1368 10.67
Scaffolder 6 6 100.00
Carpenter 11 13 84.62
Asphalter 1 5 20.00
Construction Materials Purchaser/ Storekeeper 2 14 14.29
Electrical Fitter 28 204 13.73
Electrician 3 24 12.50
Plumbers 11 117 9.40
General Worker 72 808 8.91
Builder’s Lift Operator 3 36 8.33
Construction Plant operator 5 64 7.81
Refrigeration/ Air-conditioning/Ventilation Mechanic 2 29 6.90
Leveler 1 23 4.35
Bar Bender and Fixer 1 25 4.00

In conclusion, this study developed an interaction network containing 317 people from the 12

mentioned groups (i.e., G1-G4, G8-G9, G12-G15, G17, and G25) in terms of their demographic

information (i.e., number of employees) and epidemic information (i.e., number of cases, attack

rate, and number of superspreaders), as shown in Table 7.5.

The topology of the intra-subcontractor interaction network is assumed as a small-world network

with a mean degree of 4 [231]. In a small-world network, most nodes are not neighbors of

one another, but most nodes can be reached from every other node through a small number

of steps. Each person is identified by a unique identification number assigned by the dataset

(i.e., “GXnode$Y”, the No. Y case in group GX), and thus their real-world identities were

masked. As shown in Figure 7.5, all interactions from the 12 selected groups and between them

are represented with 1309 edges. This study analyzes the interaction network by the proposed

network-based computational framework. As 10.38% of the seed cases generated 79.72% of the

offspring cases (as shown in Figure 7.4), this study assumed the 𝐴𝑅𝑡ℎ𝑟 to be equal to 11%. Each

node is assumed to be a primary case and this study conducted 100 simulations to estimate the
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Figure 7.5: Interaction network including 315 participants from 12 subcontractors. Thick
arrows indicate interactions across groups. Nodes with the same colour represent people from
the same group. Nodes with bigger sizes have a higher degree. “GXnode$Y” represents the

No. Y case in group GX.

possible sequence of the epidemic spread during the first 4 days. When AR on the 4𝑡ℎ day is

larger than 11%, the primary node is regarded as a numerically certified superspreader. Through

a comparison with the list of actual superspreaders in reality (as shown in Table SI.3.1, the

performance is estimated by Eqns.(7.12)-(7.15) and shown in Table 7.6.

7.5 Results and discussions

7.5.1 Two numerical cases with sample networks

In these two sample networks, the total population is 43. ARthr is assumed as 20% as stated in

Section 7.4.1, which means that the threshold number of confirmed cases on the 4𝑡ℎ day is 8.6.

Following the workflow as shown in Fig.7.1(a), in the hierarchical network, the three K-shell

decomposition methods (i.e., conventional, weighted, and generalized K-shell decomposition

analysis) divided all nodes into 4, 6 and 2 groups respectively, as shown in Fig.7.6. In the matrix

network, the three K-shell decomposition methods divided all nodes into 2, 4, and 4 groups

respectively, as shown in Fig.7.7. In this study, people with k-shell index values in the top 50
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Table 7.5: Information of the interaction network containing people from the 12 selected groups

No. (𝑖) Label
Number

of employees
Number
of cases

Number of Superspreaders (who
generated over 6 offspring cases)

Attack
rate(%)

1 G1 81 40 20 49.38
2 G2 49 24 4 48.98
3 G3 49 5 Nil 10.20
4 G4 36 16 3 44.44
5 G8 25 2 1 8.00
6 G9 16 6 1 37.50
7 G12 9 4 1 44.44
8 G13 9 1 Nil 11.11
9 G14 16 7 Nil 43.75
10 G15 9 5 5 55.56
11 G17 9 3 1 33.33
12 G25 9 8 2 88.89

sum 317 121 38 38.17

Table 7.6: Performance of the proposed network-based computational framework for identifying
superspreaders

Network
K-shell

Decomposition
Method

𝑘𝑠,𝑡ℎ𝑟
Confusion

Matrix
Precision Recall F1 Score Accuracy

Hierarchical
network

Conventional K-shell
decomposition analysis

50%
21 1

95.45% 95.45% 95.45% 95.45%
1 20

Weighted /generalized K-shell
decomposition analysis

50%
22 0

100.00% 100.00% 100.00% 100.00%
0 21

Matrix
network

Conventional/weighted K-shell
decomposition analysis

50%
11 2

50.00% 84.62% 62.86% 69.77%
11 19

26%
11 2

100.00% 85.62% 91.67% 95.35%
0 30

Generalized K-shell
decomposition analysis

50%
9 4

40.91% 69.23% 51.43% 60.47%
13 17

26%
9 4

81.82% 69.23% 75.00% 86.05%
2 28

percent are identified as K-shell based superspreaders. This study validated the value of 𝑘𝑠,𝑡ℎ𝑟 in

comparison with the results of the stochastic network-based epidemic models. The performance

of the network-based computational framework is estimated with the 𝐴𝑅𝑡ℎ𝑟 set to 20% and the

default 𝑘𝑠,𝑡ℎ𝑟 set to 50%.

Following the workflow in Fig.7.1(b), the stochastic epidemic spreads were simulated. The

average attack rate is 19.57% in the hierarchical network and 17.36% in the matrix network.

There are 22 and 13 individuals who are numerically certified superspreaders in each network,
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respectively. In comparison with the results of the K-shell based and the numerically certified

superspreader pools, in the hierarchical structure 21 individuals are both K-shell based and

numerically certified superspreaders. There is one FP node (i.e., ‘n1’) that is not a numerically

certified superspreader but has a high 𝑘𝑠 value, as shown in Fig.7.8(a). Both weighted K-shell

decomposition analysis and generalized K-shell decomposition analysis successfully identified

all 22 superspreaders. In the matrix network, conventional K-shell decomposition analysis

and weighted K-shell decomposition analysis, successfully identified 11 numerically certified

superspreaders. There are 2 individuals (i.e., ‘n15’ and ‘n43’) who are numerically certified

superspreaders but have low ks values, as shown in Fig.7.9(a-b). Meanwhile, there are 4 FN

nodes (i.e., ‘n14’, ‘n15’, ‘n40’ and ‘n43’) from the results of generalized K-shell decomposition

analysis, as shown in Fig.7.9(c). The performance results for the two sample networks are

summarized in Fig.7.6. After comparing two superspreader pools, the value of 𝑘𝑠,𝑡ℎ𝑟 remains as

50% in the hierarchical network and the value of 𝑘𝑠,𝑡ℎ𝑟 is found to be 26% in the matrix network.

The proposed network-based computational framework can help identify superspreaders from

the hierarchical network with an average accuracy of 98.45%
(
𝐴𝑅𝑡ℎ𝑟 : 20%; 𝑘𝑠,𝑡ℎ𝑟 : 50%

)
and

the matrix network with an average accuracy of 92.25%
(
𝐴𝑅𝑡ℎ𝑟 : 20%; 𝑘𝑠,𝑡ℎ𝑟 : 26%

)
.

In the hierarchical network, ‘n1’ has been classified incorrectly as an ‘FP’ node. Node ‘n1’ has

6 connected nodes and two of them (i.e., ‘n2’ and ‘n3’) are numerically certified superspreaders.

Once ‘n2’ or ‘n3’ was infected by ‘n1’, a super-spreading event was triggered. In terms of the

results of the K-shell decomposition methods, ‘n1’ was given a relatively high ks value. After

considering the impacts contributed by its connected nodes and the weight of edges, accuracy is

significantly improved.

In terms of the matrix network, ‘n14’, ‘n15’, ‘n40’ and ‘n43’ are numerically certified super-

spreaders but have low ks values. These four nodes have contacts with three superspreaders (i.e.,

‘n10’, ‘n11’, and ‘n13’) that are identified correctly. Similarly, once the aforementioned 4 ‘FN’

nodes infect or are infected by three superspreaders (i.e., ‘n10’, ‘n11’ or ‘n13’), a super-spreading

event would be triggered. Hence, the network-based computational network can help identify

both superspreaders and individuals who can trigger a super-spreading event.

7.5.2 Empirical case of a construction project in Hong Kong

All nodes in the interaction network are divided into 3, 6, and 2 groups by the three K-shell

decomposition methods applied in this study, respectively, as shown in Figures7.10(a)-7.10(c).

According to Table SI.3.1, 38 actual superspreaders are listed. Compared with the empirical
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(a)

(b)

(c)

Figure 7.6: Results of K-shell decomposition methods in the hierarchical network by (a)
conventional K-shell decomposition analysis; (b) weighted K-shell decomposition analysis; and

(c) generalized K-shell decomposition analysis.
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(a)

(b)

(c)

Figure 7.7: Results of K-shell decomposition methods in the Matrix network by (a) conven-
tional K-shell decomposition analysis; (b) weighted K-shell decomposition analysis; and (c)

generalized K-shell decomposition analysis.
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(a)

(b)

(c)

Figure 7.8: Cumulative number of infected cases on the 4th day predicted by stochastic epidemic
models in the hierarchical network where nodes are analysed with: (a) conventional K-shell
decomposition; (b) weighted K-shell decomposition; and (c) generalized K-shell decomposition.

(a)

(b)

(c)

Figure 7.9: Cumulative number of infected cases on the 4th day predicted by stochastic epidemic
models in the matrix network where nodes are analysed with: (a) conventional K-shell decom-

position; (b) weighted K-shell decomposition; and (c) generalized K-shell decomposition.
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results, the predictive performance of the K-shell methods and the stochastic network-based

epidemic model are shown in Table 7.7. In terms of the default 𝑘𝑠,𝑡ℎ𝑟 , which is assumed to

be 50%, there are 32 actual superspreaders which are included in the K-shell superspreader

pool. The three K-shell decomposition methods exhibited the same performance. In terms of the

numerically certified superspreader pool, the 𝐴𝑅𝑡ℎ𝑟 is assumed to be 11% as indicated in Section

7.4.2. When the number of confirmed cases on the 4th day exceeds 34.87, the primary case

will be regarded as a numerically certified superspreader. This study identified 81 numerically

certified superspreaders, accounting for 25.5% of the total. In the results generated by the

stochastic network-based epidemic model, these numerically certified superspreaders are able to

generate 112.5-193.4 secondary cases within 4 days. There are 28 actual superspreaders from

the empirical data that are correctly identified in the numerically certified superspreader pool. In

total, there are 25 nodes which are both K-shell based and numerically certified superspreaders.

There are 53 ‘FP’ nodes, 10 ‘FN’ nodes and 229 ‘TN’ nodes in the numerically certified pool.

There are 127 ‘FP’ nodes, 6 ‘FN’ nodes and 152 ‘TN” nodes in the K-shell superspreader pool.

After validating the value of 𝑘𝑠,𝑡ℎ𝑟 as 28%, the number of ‘FP’ nodes decreases from 127 to 57

and the accuracy increases from 58.04% to 80.13%. In the results generated by all three K-shell

decomposition methods, these K-shell based superspreaders (𝑘𝑠,𝑡ℎ𝑟 : 28%) are able to generate

28.3-193.4 secondary cases within 4 days.

Table 7.7: Predictive performance of K-shell methods and Stochastic Epidemic Models as
compared to empirical results

Method Confusion Matrix Precision Recall F1 Score Accuracy

Conventional K-shell
decomposition analysis

𝐾𝑠,𝑡ℎ𝑟 = 50%
32 6

20.13% 84.21% 32.49% 58.04%
127 152

𝐾𝑠,𝑡ℎ𝑟 = 28%
32 6

35.96% 84.21% 50.39% 80.13%
57 222

Weighted K-shell
decomposition analysis

𝐾𝑠,𝑡ℎ𝑟 = 50%
32 6

20.13% 84.21% 32.49% 58.04%
127 152

𝐾𝑠,𝑡ℎ𝑟 = 28%
32 6

35.96% 84.21% 50.39% 80.13%
57 222

Generalized K-shell
decomposition analysis

𝐾𝑠,𝑡ℎ𝑟 = 50%
32 6

20.13% 84.21% 32.49% 58.04%
127 152

𝐾𝑠,𝑡ℎ𝑟 = 28%
32 6

35.96% 84.21% 50.39% 80.13%
57 222

Stochastic network-based
epidemic model

𝐴𝑅𝑡ℎ𝑟 = 11%
28 10

34.57% 73.68% 47.06% 80.13%
53 229

As shown in Figures7.10-7.10(c),the shell with the highest 𝑘𝑠 according to all three K-shell

decomposition methods consists of ‘G12node$1-9’ and ‘G13node$2-9’. Only ‘G12node$1’ is
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an actual superspreader listed in Table 7.4. In the outbreak from January 28 to March 24, 2022,

there was a super-spreading event in G12, which was triggered by ‘G12node$1’. All three K-shell

decomposition methods successfully predicted this super-spreading event as well as all infected

cases. All individuals in G12 are scaffolders who have cooperative behaviours. In addition, they

have close interactions off-site as they are villagers living in the same village. Some of them

are also relatives. Close interactions off-site are the major reason for this super-spreading event.

G12node$1 is regarded as an actual superspreader as he/she is the primary case in this super-

spreading event. Other members in G12 also exhibit a high probability of generating secondary

cases based on their close interactions off-site. As described in Section 7.4.2.2, G13 has a

similar structure to G12. When analysing their structures, G13 also exhibits a high probability

of triggering a super-spreading event like G12. In reality, G12 has an intra-subcontractor

interaction with G2 by a pair of nodes (‘G2node$14’ and G12node$1’). ‘G2node$14’ is an

actual superspreader as well. As for G13, there are no intra-interactions, which hindered the

spread of infection. The other two pairs of groups (i.e., G2 and G3; G9 and G14) also have a

similar situation. Like G13, if there is any infected case in G3 and G14, a majority of individuals

would likely get infected due to their close interactions. However, the outbreak in G3 and G14

would be consistently limited to a particular region since there are no intra-interactions.

As shown in Table SI.3.1, there are 9 groups containing superspreaders. More than half of the 38

actual superspreaders are from the main contractor “G1”, with a prediction accuracy of 98.77%

(TP:19, FN:1, FP:0, TN:61). Within the first 4 days, each superspreader in G1 could generate

48.40 secondary cases on average. Notably, the first case in many subcontractors was infected

by contagious individuals from G1. For example, the outbreak in G25 was triggered by two

infector–infectee pairs (i.e., “G1node$35” & “G25node$1” and “G1node$35” & “G25node$2”).

Similarly, “G15node$2”, the only superspreader in G15, was caused by infected cases from G1

(i.e., G1node$3-13). If all predicted superspreaders from G1 were detected through regular rapid

antigen tests (RATs), the spread of COVID-19 in the following 4 groups (i.e., G9, G17, G15,

and G25) could have been mitigated. By using contact tracing (Adam et al., 2020; Y. Liu et al.,

2021; Yuan et al., 2023), up to 68.77% of infected cases could have been averted. Thus, this

study recommends that all potential superspreaders, especially if they are employed by the main

contractor, should take RATs regularly. If all potential superspreaders were detected through

regular RATs and all potential secondary cases were detected through contact tracing, up to

82.35% of infected cases could have been prevented.
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(a)

(b)

(c)

Figure 7.10: Cumulative number of infected cases on the 4th day predicted by stochastic
epidemic models in the interaction network of the construction project in Hong Kong where
nodes are analyzed with (a) conventional K-shell decomposition analysis; (b) weighted K-shell

decomposition analysis; and (c) generalized K-shell decomposition analysis.
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7.6 Chapter summary

7.6.1 Conclusions and Implications

This study introduced a network-based computational framework for identifying superspreaders

for airborne infectious diseases (in Figure 7.1). With the input of the on-site interaction network

data, this study uses K-shell decomposition methods to estimate the K-shell index of each

node to identify K-shell based superspreaders based on K-shell (𝑘𝑠,𝑡ℎ𝑟 ) threshold as shown

in Figure7.1(a). The possible course of the epidemic spread is predicted based on stochastic

network-based epidemic models (as shown in Figure7.1(b)). Given the first case in the network,

when the attack rate within a serial interval is larger than the threshold of the attack rate (𝐴𝑅𝑡ℎ𝑟 ),

this specific first case is regarded as a numerically certified superspreader. Both K-shell based and

numerically certified superspreaders can be potential superspreaders. If a potential superspreader

gets infected, all his/her downstream, potentially infected cases who are predicted by stochastic

models should be excluded from the workplace to prevent further adverse impacts.

In the case study of COVID-19 spreading through two sample networks, the proposed framework

helped identify superspreaders in a hierarchical network with an average accuracy of 98.4%

(𝐴𝑅𝑡ℎ𝑟 : 20%; 𝑘𝑠,𝑡ℎ𝑟 : 50%) and in a matrix network with an average accuracy of 92.25%

(𝐴𝑅𝑡ℎ𝑟 : 20%; 𝑘𝑠,𝑡ℎ𝑟 : 26%). After considering the impacts caused by connected nodes with

weighted or generalized K-shell decomposition methods, the accuracy can be further improved

to nearly 100%. Specifically, if the primary case is located in the shell with the highest ks value,

he/she has an almost 100% possibility of becoming a superspreader.

Based on the COVID-19 outbreak in the Hong Kong construction project examined in our case

study, the total attack rate (i.e., the percentage of confirmed cases from the total population) is

11.48%. This outbreak lasted 56 days, from January 28 to March 24, 2022. By considering both

inter-subcontractor and intra-subcontractor interactions, 317 participants from 12 subcontractors

were inputted into the proposed framework (including 121 COVID-19 cases). K-shell decom-

position helped identify superspreaders with an average accuracy of 80.13% when the value of

𝑘𝑠,𝑡ℎ𝑟 is set to 28%, which is close to the prediction accuracy of the stochastic network-based

epidemic model (80.31%). If all potential superspreaders were detected through regular RATs

and all potential secondary cases were detected by contact tracing, up to 82.35% of infected

cases could be averted.
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7.6.2 Limitations and Directions for Future Research

This study is an exploratory attempt to inform efforts in boosting the resilience of construction

projects in the face of airborne infectious disease. As such, this research could be improved

through various avenues. For instance, the prediction accuracy of K-shell decomposition methods

could be further fine-tuned if more detailed information could be collected, such as the topology

of interaction networks. A more reliable topology of interaction networks can help predict

the possible sequence of the epidemic spread more accurately. Theoretically, individuals in

the numerically certified superspreader pool should be included in the list of the K-shell based

superspreader pool. In this study, the topology of interaction networks was established based

on people’s occupations, frequency of contact with others, and a small-world assumption. After

performing K-shell decomposition, in some cases the majority of nodes have the same or close

ks value, which means that the core and the periphery of the network cannot be significantly

distinguished from each other. In addition, this limitation prevented further discussion on

the threshold of ks values (𝑘𝑠,𝑡ℎ𝑟 ). According to three numerical cases, the values of 𝑘𝑠,𝑡ℎ𝑟

are validated as 50% in the hierarchical network, 26% in the matrix network, and 28% in the

empirical case. To enhance the practical application of the developed framework, more empirical

data should be collected and analyzed to more accurately determine the range of 𝑘𝑠,𝑡ℎ𝑟 values

for superspreaders.



Chapter 8

Conclusion
This chapter summarizes the major findings, theoretical implications, practical implications,

limitations, and potential directions for future research contained in this dissertation.

8.1 Summary of major findings

This study explores the epidemiological evidence of the spread of COVID-19 in the construc-

tion industry in Hong Kong (see Chapter 4 and 5) and investigated potential strategies for the

construction industry (see Chapter 6 and 7). By applying epidemic models in epidemiology, this

interdisciplinary study describes the transmission dynamics of COVID-19 among the population

in the construction industry with considerations on the relationship between main contractors and

subcontractors, different construction activities among different construction workers, and their

cooperative and management behaviours from the knowledge body of construction management.

The major findings are as follows:

In Chapter 4, the transmissibility of COVID-19 and the effectiveness of macro-level NPIs (such

as gathering restrictions and quarantine orders) in Hong Kong were evaluated via a modified

SEIHR model using time-series data from the period between 24th January 2020 and 13th April

2021. The phenomenon of "pandemic fatigue" demonstrated gradually decreasing adherence to

these NPIs among people living in Hong Kong. At the same time, the possibility of "backward

bifurcation" indicated that, even if the R0 value is reduced below one, this disease still cannot be

controlled. It is thus critical to further explore the specific transmission patterns of COVID-19

in order to develop targeted response strategies for individual industries.

In Chapter 5, the transmission patterns of COVID-19 throughout the construction industry of

Hong Kong was explored through spatiotemporal connectivity analysis based on five COVID-

19 case clusters associated with construction sites in Hong Kong. Each outbreak had three to

five generations and lasted 25.8 days on average. On average, 46.61%, 37.56%, and 15.84%

of offspring cases were infected at the workplace, in a household, or through social activities,

respectively. The percentage of superspreaders (confirmed cases producing more than five

offspring cases) within each cluster was 6.33% on average. The spatial distribution of each

cluster was scattered, and the majority of confirmed cases were not located in areas immediately

near the primary case (i.e., surrounding the construction sites), but rather in residential areas
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where infected construction workers live.

In Chapter 6, the effectiveness of NPIs (e.g., contact restrictions, a ban on visitors onsite and

disinfection) and vaccine programs were estimated using a dual-community compartment-based

epidemic model. The findings indicated that, when the first case of COVID-19 was introduced

to the construction site, in the absence of any interventions, infections spread rapidly among

both construction workers and their close contacts, reaching its peak within 10 days. In terms

of contact restrictions, controlling the exposure of individuals among the close contacts of

construction workers was recommended, given the estimated ability of such controls to reduce

DO by 1.8 days and TAR with an AE of 25%. In addition to NPIs, the model demonstrated

that vaccination of construction workers alone would not be sufficient to curb an outbreak. In

addition to construction workers, approximately 67–79% of their close contacts should also be

given a vaccine.

In Chapter 7, to reduce the probability of superspreading events, a network-based computational

framework based on a K-shell decomposition approach was developed with the input of the

topological interaction network of project participants to identify potential superspreaders in

construction projects. The feasibility of the developed framework is evaluated with three case

studies: one sample case with a hierarchical structure with an average accuracy of 98.45%, one

sample case with a matrix structure with an average accuracy of 92.25%, and an empirical case

related to a COVID-19 outbreak in a construction project in Hong Kong with an accuracy of

over 80.13%. This study recommends that all potential superspreaders, especially if they are

employed by the main contractor, take RATs regularly. If all potential superspreaders are detected

through regular RATs and all potential secondary cases were detected by contract tracing, up to

82.35% of infected cases could be prevented.

These findings hold both theoretical and practical implications, as previous studies relevant to

COVID-19 in the construction industry [5, 15, 18, 105] have rarely discussed the transmission

patterns of the virus–a gap in the literature filled by this present study. On the practical side,

the epidemiological foundation of this study allows the development targeted NPIs designed to

mitigate the spread of COVID-19 within the construction industry specifically.
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8.2 Limitations and directions for future research

The main limitation of this study is due to the uncertainties of data collection. For some of the

epidemiological information, the date of symptom onset cannot be identified for every asymp-

tomatic infectious individual. There was also potential recall bias regarding the identification of

symptom onset among patients with COVID-19. In addition, the COVID-19 surveillance system

for tracing close contacts in Hong Kong is based on the application “LeaveHomeSafe”, which

does not collect Geographic Information System (GIS) data automatically. When tracing back

the list of venues visited during the incubation period of each confirmed case, spatial connectivity

appears to be mostly concentrated in highly frequented locations (residential buildings, work-

places, and restaurants), and so some random contacts may be missing from the analysis. This

may be significant, according to Sneppen et al. (2021) [197], because random contacts might be

a driver of repetitive waves. At the same time, however, the topology of an interaction network

is established in this study using contact tracing data, which allows the determination of the

possible sequence of the epidemic spread. The interactions of two sample networks (as shown

in Figure 7.3) were established based on the occupations of individuals and their frequency of

contact. The interaction network of the construction project in Hong Kong that experienced

an outbreak was linked to attempts by management to increase coordination among different

groups of workers on the site (as shown in Figure 7.5). While this model establishes the broad

outlines of the spread of COVID-19, if better contact tracing data can capture even more real-time

interactions, a more detailed picture of the epidemic’s spread can be drawn.

In addition to the contact tracing data, the transmission possibility of each interaction between

people is also important to consider. The transmission possibility can be influenced by many

factors (proximity, face coverings, vaccination, and environment). In Chapter 5, the weight of

each edge in the transmission network (as shown in Figure 5.3) was classified into one of five

groups based on the relationship identified between each pair of confirmed cases [3, 120, 131].

In Chapter 7, the transmission possibility 𝑃𝑒 was assumed based on the relationship established

between each pair of confirmed cases [109], as shown in Table 7.2. More precise data would

enable more accurate weighting of the transmission possibility, and more closely mimic the

actual spread of the virus.

Due to the limitations of current data, this study did not consider different working environments.

It is well established that the working environment has a significant impact on the infection

risks of COVID-19. Prior studies have indicated that sharing indoor spaces with infected



112 Chapter 8. Conclusion

individuals ia a major infection risk for SARS-CoV-2 [175, 190]. During the research period

of this study, many construction sites confronted more than one outbreak. The TKO-LT Tunnel

construction site, which had an especially poorly ventilated working environment, experienced

at least three COVID-19 outbreaks. The infection risk in different working environments should

be investigated further using other methods (e.g., Computational Fluid Dynamics (CFD) analysis

[149]) to supplement the current research.

In addition to the identification of potential superspreaders, the supply and demand of construc-

tion labour should also be considered. In epidemiology, the operation threshold is defined by

different percentiles of a Poisson distribution with a reproduction number R0 [1]. For example,

if R0 is 2, when a seed case generates 6 secondary cases [99% percentile], that individual will be

regarded as a superspreader. If contact tracing is implemented, close contacts of each infected

case might have to accept a quarantine. Given the vulnerability of construction environments,

a larger number of workers will be on sick leave than those who are infected. Negative labor

supply shocks are frequently associated with public health crises [32], and the main objective

for managers and public authorities will be to balance the continuation of construction activities

while protecting workers from health risks. The relationship between construction labour supply

and demand, which is likely to fluctuate during epidemics, also demands further research.
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SI.1 Supplementary information in Chapter 4

SI.1.1 The Proof of the Existence of EE

Given the model (4.1), we obtain

𝑁∗
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From above, we can easily get 𝑁∗
𝑞... ,𝐼∗𝑞 are positive with a non-negative 𝑆∗.

Substitute Eq. (SI.1.1), (SI.1.3), (SI.1.4), (SI.1.8), (SI.1.7) and (SI.1.5) into (1), 𝑑𝑅
𝑑𝑡

can be

rewritten as below:
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Obviously, 𝑅∗ is larger than zero when 𝐼∗𝑎... ,𝐻∗
𝑎 are positive. Hence, the EE exits in terms of a

positive solution of model (1).



148 Supplementary Information

SI.1.2 The initial variables and estimated parameters for four phases

All parameter descriptions and ranges are described in Table 4.5. Based on the force of infections

in Eqns. (4.2), Table SI.1.1 describe the initial values of variables and estimated values of some

parameters (i.e., 𝛽1, 𝛽2, 𝜃3, 𝑎1, 𝑎2, 𝑎3, 𝑎4, and 𝑎5) for each phase.

Table SI.1.1: The initial variables and estimated parameters for four phases (Phase 1: 24th
Jan.-24th Mar., Phase 2: 25th May.-19th Jul., Phase 3: 20th Jul.-29th Jul. and Phase 4: 30th

Jul.-31st Oct.).

Phase 1 Phase 2 Phase 3 Phase 4

Initial values of variables

𝑆 7181657 7181657 8019956 8014725
𝑁𝑞 162336 162336 34584 18185
𝐸𝑚 300 1000 71 2527
𝐸𝑞 15 20 8313 8779
𝐼𝑎 16 270 557 748
𝐼𝑚 5 170 108 2096
𝐼𝑞 2 100 575 588
𝐻𝑎 1 100 517 695
𝐻𝑠 1 50 1419 2384
𝑅 5 15 1313 1685

Estimated values of parameters

𝛽1 0.6779 0.3856 1.0058 0.1518
𝛽2 0.1472 1.5234 0.9399 0.4864
𝜃3 0.1596 0.4114 0.3134 0.3274
𝑎1 0.0298 0.0735 0.1981 0.1800
𝑎2 0.1076 0.1280 0.1912 0.1738
𝑎3 0.0575 0.1329 0.1968 0.1898
𝑎4 0.0445 0.1752 0.1049 0.1423
𝑎5 0.1072 0.1971 0.1208 0.1615
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SI.2 Supplementary information in Chapter 6

There are 28 NPIs interventions described in Table SI.2.1.

Table SI.2.1: Scenario Performance

Scenario No. 𝑚𝑎𝑥(𝐴𝑅𝑐) 𝑚𝑎𝑥(𝐴𝑅𝑠) 𝑇𝐴𝑅 𝑚𝑎𝑥(𝐴𝐸) 𝑚𝑎𝑥(𝑅𝐸)

Scenario 1 0.51392 0.52367 0.51555 0 0
Scenario 2 0.51233 0.52188 0.51392 0.163% 0.317%
Scenario 3 0.036658 0.019904 0.033866 48.168% 14.22
Scenario 4 0.38772 0.48959 0.4047 11.085% 27.391%
Scenario 5 0.48238 0.51443 0.48772 2.783% 5.706%
Scenario 6 0.5013 0.51858 0.50418 1.137% 2.255%
Scenario 7 0.45969 0.5113 0.46829 4.726% 10.092%
Scenario 8 0.50268 0.51908 0.50542 1.013% 2.004%
Scenario 9 0.5023 0.51872 0.50504 1.051% 2.081%
Scenario 10 0.43243 0.40096 0.42718 8.837% 20.687%
Scenario 11 0.49571 0.50351 0.49701 1.854% 3.730%
Scenario 12 0.50504 0.51539 0.50677 0.878% 1.733%
Scenario 13 0.48961 0.49251 0.49009 2.546% 5.195%
Scenario 14 0.5063 0.51643 0.50798 0.757% 1.490%
Scenario 15 0.50541 0.51603 0.50718 0.837% 1.650%
Scenario 16 0.25758 0.29543 0.26389 25.166% 95.365%
Scenario 17 0.46025 0.49142 0.46544 5.011% 10.766%
Scenario 18 0.49278 0.51123 0.49585 1.970% 3.973%
Scenario 19 0.43067 0.47129 0.43744 7.811% 17.856%
Scenario 20 0.49597 0.51309 0.49882 1.673% 3.354%
Scenario 21 0.49419 0.51205 0.49717 1.838% 3.697%
Scenario 22 0.13346 0.13314 0.1334 38.215% 286.469%
Scenario 23 0.43218 0.47327 0.43903 7.652% 17.429%
Scenario 24 0.46751 0.49643 0.47233 4.322% 9.150%
Scenario 25 0.44943 0.38533 0.43874 7.681% 17.507%
Scenario 26 0.035261 0.026888 0.033866 48.168% 14.22
Scenario 27 0.19351 0.35191 0.21991 29.564% 1.34
Scenario 28 0.2406 0.14982 0.22547 29.008% 1.29
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SI.3 Supplementary information in Chapter 7

Table SI.3.1: Description of actual superspreaders in the empirical case

Superspreaders Occupation
G2node$5 Assistant Engineer
G12node$1 Scaffolder
G15node$1 Electrical Fitter
G15node$2 Carpenter
G15node$3 Labourer
G15node$5 Senior Site Engineer
G15node$8 Labourer
G17node$1 Construction Plant Technician
G1node$10 Assistant Forman
G1node$11 Quantity Surveyor
G1node$12 Electrical Fitter
G1node$13 Assistant Foreman
G1node$14 Quantity Surveyor
G1node$15 Graduate Engineer
G1node$16 Manager
G1node$23 Assistant General Foreman
G1node$24 Senior Safety Officer
G1node$25 Assistant Foreman
G1node$3 Clerk
G1node$32 Labourer
G1node$33 Carpenter
G1node$34 Carpenter
G1node$35 Security
G1node$4 Engineer
G1node$6 Assistant Foreman
G1node$7 Site Engineer
G1node$8 Assistant Engineer
G1node$9 Assistant Engineer
G25node$1 Building Service Engineer
G25node$2 Building Service Engineer
G2node$14 Plumber
G4node$3 Labourer
G4node$4 Foreman
G8node$1 Associate Foreman
G9node$1 Building Service Engineer
G2node$6 Electrical Fitter
G2node$16 Worker
G4node$12 Worker
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