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Abstract
Coronavirus disease 2019 (COVID-19) is a contagious disease commonly causing
influenza-like symptoms. COVID-19 was first reported in Wuhan, China on 31
December 2019 and was declared a pandemic by the World Health Organization
on 11 March 2020. By 2 July 2021, the disease has reached over 180 million
confirmed cases and caused 3.9 million deaths globally. As the pandemic continues
to pose enormous health, economic, and social challenges, governments around the
world have deployed various interventions to mitigate further spreading. Several
theoretical studies have investigated the potential effect of various mitigation measures
by considering either a homogeneous mixing hypothesis or a model network of
interactions. However, real-world contacts are highly non-homogeneous and exhibit
many non-trivial structural and temporal features known to be highly relevant for
disease spreading. Consequently, this thesis utilises state-of-the-art contact data to
quantify the effectiveness of different mitigation measures against localised COVID-
19 outbreaks. The compartmental model presented in this thesis is informed by
temporally resolved, Bluetooth-based contact data of 692 university students. The
simulation results demonstrate that testing and isolating symptomatic individuals,
while beneficial, is not enough to contain outbreaks unless other mitigation measures
are instigated to reduce transmission. While repeated screening and population-wide
vaccination are found to be effective at containing outbreaks on their own, the results
demonstrate immense benefits in combining both interventions with other mitigation
measures. The results further highlight the importance of targeting highly connected
individuals in the contexts of screening and vaccination, as these are the individuals
that cause the most secondary transmissions. The findings of this thesis emphasise
the adaptability of dynamic contact networks within the field of epidemic modelling
and provide a map of the effect different parameters have on mitigation measure
effectiveness in terms of containing COVID-19 outbreaks.
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Sammandrag
Coronavirus Disease 2019 (COVID-19) är en smittsam sjukdom med influensalik-
nande symtom. COVID-19 rapporterades först i Wuhan, Kina den 31 december
2019 och förklarades en pandemi av Världshälsoorganisationen (WHO) den 11 mars
2020. Den 2 juli 2021 hade man globalt rapporterat över 180 miljoner bekräftade
COVID-19 fall och 3,9 miljoner dödsfall. Eftersom pandemin fortsätter att medföra
enorma hälsorelaterade, ekonomiska och sociala utmaningar har regeringar runt om
i världen implementerat olika skyddsåtgärder för att motverka dess spridning. I
flera studier har man undersökt enskilda skyddsåtgärders potentiella inverkan med
hjälp av matematiska modeller som utgår från homogent blandade populationer eller
med kontaktnätverksmodeller. Verkliga kontakter är emellertid inte homogena utan
har många strukturella och tidsmässiga egenskaper som är synnerligen relevanta för
epidemisk spridning. I denna avhandling används därför den bästa tillgängliga kon-
taktdatan för att kvantifiera effektiviteten av olika skyddsåtgärder i förhållande till
lokala COVID-19-utbrott. Modellen i denna avhandling utnyttjar Bluetooth-baserad
kontaktdata från 692 universitetsstuderande. Simuleringsresultaten tyder på att
testa-och-isolera strategin inte är tillräcklig för att betydligt begränsa eller förhindra
utbrott om inte andra skyddsåtgärder vidtas. Vaccination och upprepad screening
visar sig emellertid vara effektiva strategier även utan att andra skyddsåtgärder vidtas.
Resultaten demonstrerar dock väsentliga fördelar i att kombinera både screening
och vaccination med andra skyddsåtgärder. På basen av simuleringsresultaten är det
betydligt mera effektivt att vid screening och vaccinering prioritera individer med
ett högt antal kontakter, eftersom dessa personer orsakar flesta sekundära smittor.
Resultaten i denna avhandling lyfter fram användbarheten av dynamiska kontakt-
nätverk inom området för epidemiologisk modellering och ger ett schema till hur ett
flertal parametrar inverkar på effektiviteten av ett urval skyddsåtgärder.
Nyckelord COVID-19, SARS-CoV-2, epidemiologi, SEIR, dynamiskt nätverk
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Symbols and abbreviations

Symbols
β Transmission rate or contact rate
γ−1 Infectious period
δρ Relative reduction in the outbreak attack rate
δq Relative reduction in the outbreak probability
ϵ−1 Incubation period
κs Infectiousness factor for symptomatic cases
κas Infectiousness factor for pre-symptomatic and asymptomatic cases
κv Infectiousness factor for vaccinated cases
ρ Outbreak attack rate
R0 Basic reproduction number
τ Outbreak threshold
ptested Proportion of mildly symptomatic cases that are tested
pscreened Proportion of population tested at one screening session
pvaccinated Proportion of population selected for vaccination
pimmune Proportion of vaccinated population that gains full immunity
ptransmission Parameter utilised to calibrate model to some R0 value
Ptransmission Probability of transmission during infectious contact
q Outbreak probability

Abbreviations
COVID-19 Coronavirus disease 2019
LFD Lateral Flow Device
RT-PCR Reverse Transcription Polymerase Chain Reaction
SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus 2



1 Introduction
Coronavirus disease 2019 (COVID-19) is an infectious disease caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). COVID-19 was first reported
in Wuhan, China on 31 December 2019 and was declared a pandemic by the World
Health Organization (WHO) on 11 March 2020. By 2 July 2021, the disease has
reached over 180 million confirmed cases and caused 3.9 million deaths globally
[1]. Symptoms of COVID-19 range from mild to critical but commonly resemble
an influenza-like illness. The primary mechanism of SARS-CoV-2 transmission is
thought to be via respiratory droplets during close-range contacts. However, there is
increasing evidence on aerosol-mediated transmission in closed environments [2]. The
transmission risk depends on several factors, including the contact duration, contact
proximity, environment, and host-related factors, such as age and socioeconomic
status.

As the pandemic continues to pose enormous health, economic, and social chal-
lenges on a global scale, governments around the world have employed various
measures to mitigate the transmission of the virus. These measures include but are
not limited to mandating lockdowns, testing and isolating symptomatic individuals,
conducting contact tracing, deploying vaccination programmes, recommending social
distancing, and enforcing mask wearing. These measures are useful instruments to
avoid major outbreaks. However, as many measures have been employed at the same
time, the quantification of the effect of individual interventions is challenging.

Several theoretical studies have attempted to estimate the effect of individual
mitigation measures on COVID-19 transmission [3]–[13]. The studies that have
gained the most attention in public discussion are based on model networks of
interactions or simplified mathematical models that assume fully mixed populations.
However, real-world contacts are highly non-homogeneous and exhibit many non-
trivial structural and temporal features known to be highly relevant in the context
of epidemics [14].

In the past decade, researchers have incorporated real-world dynamic networks
into epidemic modelling as a means to study the ways in which various types of
behaviour and hidden structures found in real-world contacts affect patterns of disease
transmission [15]–[17]. At the time of writing this thesis, three studies implementing
COVID-19 modelling on dynamic contact networks have been published [18]–[20].
These studies present models for contact tracing, which are informed by real-world
contact data. The next step to improve the grounding of the discussion on COVID-
19-related mitigation measures is to utilise temporally resolved, high-quality contact
data to simulate the effect of additional mitigation measures. Consequently, this
thesis utilises state-of-the-art contact data to simulate localised COVID-19 outbreaks.
The thesis aims to quantify the effectiveness of the test-and-isolate strategy, repeated
screening, and vaccination programmes against the outbreaks.

The compartmental model presented in this thesis is based on a recent contact
tracing study by Barrat et al. [19] and is informed by Bluetooth-based contact data
of a densely connected population of 692 university students. The data constitutes a
part of the larger Copenhagen Network Study [21]. The contact network is temporally
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resolved and exhibits the complex structural and temporal features customary to
real-world contact networks. University communities are fitting for the exploration
of transmission dynamics and the effects of mitigation measures on disease outbreaks,
as it has been shown that densely connected populations play a significant role in
large outbreaks due to the high number of transmission paths between individuals
[22]. The model in this thesis is intentionally simplistic, intended to illustrate the
effect of mitigation measures rather than perfectly emulate COVID-19 epidemics
or inform decision-making. Furthermore, this thesis does not aim to validate the
utilisation of real-world, dynamic contact networks in epidemic modelling, as this
has already been conducted in the past [23].

This thesis quantifies the impact of aforementioned mitigation measures by
measuring the relative reduction in the outbreak attack rate and outbreak probability
compared to the baseline, which implements isolation of severely symptomatic
individuals. The first simulated mitigation measure is the testing and isolation of
all severe cases and a fraction of mild cases. The simulation results demonstrate
that this strategy, while beneficial, is not enough to contain outbreaks unless other
mitigation measures are implemented to reduce the reproduction number. Second,
the thesis quantifies the effectiveness of repeated mass-testing with various targeting
strategies. The results demonstrate that a four-day average testing interval per
person is sufficient to contain and prevent outbreaks. Furthermore, the effect can be
expanded by targeting individuals with a high number of weekly contacts, as these
are the individuals that cause most secondary transmissions.

Vaccination is the third and final mitigation measure implemented in this thesis.
The results demonstrate that a high vaccine coverage effectively reduces the outbreak
size. The effectiveness can be further increased by prioritising highly connected
individuals. However, while screening is effective at reducing both the outbreak
size and outbreak probability, vaccination is found quite ineffective at preventing
outbreaks due to the gradual rollout and immunity build-up. An early vaccination
rollout initialisation is crucial in order to achieve a moderate reduction in the outbreak
probability, while the outbreak size is reduced even at a delayed rollout initialisation.
The results additionally demonstrate that the effectiveness of all simulated mitigation
measures increases when paired with other interventions that reduce the reproduction
number.

The remainder of this thesis is organised as follows. Chapter 2 introduces tra-
ditional epidemic modelling and the significance of utilising real-world dynamic
networks to inform compartmental models. The chapter then discusses known char-
acteristics of COVID-19 and existing research on the three mitigation measures. The
chapter concludes by reviewing existing research in the field of COVID-19 modelling
with real-world contact data. Chapter 3 presents the compartmental model that
quantifies the effectiveness of selected mitigation measures. Chapter 4 is devoted to
the results of tests using the model, simulated on real-world contact data. Finally,
Chapter 5 concludes the thesis with a summary of the results and a discussion of
future directions.
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2 Background
This chapter reviews existing research and literature regarding epidemic modelling
and COVID-19. As COVID-19 was first reported only a year and a half prior to
writing this thesis, many of the studies cited here have not been peer reviewed or
formally published.

2.1 Epidemic modelling
Epidemic models provide projections of disease progression and can estimate the
likely outcome of an epidemic. The results may be used to informing public health
interventions. Models utilise assumptions or statistics based on research to find
parameters for the infectious disease of interest. The parameters can then be employed
to calculate the effects of a variety of interventions.

2.1.1 Compartmental models

Compartmental models in epidemiology are utilised to simplify mathematical mod-
elling of infectious disease progression within a population. The population is assigned
to compartments between which individuals can progress according to disease-specific
dynamics. These models aim to estimate various epidemiological parameters, predict
the spreading of infectious diseases within a population, and forecast the epidemic
outcome, for instance the total number of infected individuals.

Compartmental models in epidemiology date back to the 1920s with the Kermack-
McKentrick theory [24]. The Kermack-McKendrick theory predicts the spreading of
an infectious disease within a population over time. The theory is a compartmental
differential-equation model that divides the population into people who are susceptible
(S), infected or infectious (I), and recovered (R)1. A special case of the Kermack-
McKendrick theory transforms it into the SIR model [24].

The dynamics of the SIR model are simple: a susceptible individual transitions to
the infectious compartment at rate β. The rate β is referred to as both the contact
rate and transmission rate, and corresponds to the number of infectious contacts of
a person per unit time. The infectious individuals then transition into the recovered

S

I

I R

Figure 1: The flow of the basic SIR model.
1The compartment R can also be short for removed, representing the individuals who have been

removed due to recovery or death. This thesis refers to the compartment as recovered because the
studied population consists of young adults who are not in the high-risk group.
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compartment at a rate γ, which is the recovery rate. The inverse, γ−1, of the recovery
rate corresponds to the typical infectious period of the disease [24]. Figure 1 visualises
the flow of the SIR model.

The SIR differential equations are defined by the number of individuals in each
compartment at a given time, as well as the contact rate and recovery rate. S is
the number of susceptible individuals at a given time, I is the number of infectious
individuals, R is the number of recovered individuals, and N is the total population
size. The transitions can be mathematically described with the following nonlinear
differential equations:

∂

∂t
S = −βSI

N
, (1)

∂

∂t
I = βSI

N
− γI, and (2)

∂

∂t
R = γI. (3)

This model assumes a constant population size and lifelong immunity for recovered
individuals. The basic reproduction number R0, which represents the average number
of secondary transmissions by a typical infectious person in the early stages of an
epidemic, can be computed from the transmission rate and recovery rate;

R0 = β

γ
. (4)

R0 varies across populations and over time, also depending on individual and envi-
ronmental factors. Within the field of epidemiology, researchers also consider the
effective reproduction number Re,
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Figure 2: The development of the SIR compartments when β = 0.2 and γ = 0.1.
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which depends on the implementation of mitigation measures and degree of immunity
within a population. However, this thesis does not consider changes to the repro-
duction number throughout the course of an outbreak, and thus, only discusses the
basic reproduction number R0.

For COVID-19, preliminary estimates conducted in China and France placed R0
in the range 2.2-3.6 [25], [26]. A recent estimation utilising cumulative COVID-19
incidence data from Western European countries placed R0 in the range 1.9-2.6 [27].
In December 2020, the Finnish institute for health and welfare placed reproduction
number in the range 1.05-1.25 in Finland [28]. The variation in the estimations may
be due to national interventions or the differences in population structure, among
other things. When R0 > 1 the disease grows exponentially, otherwise it dies off
on its own. Figure 2 illustrates the development of the compartments in a scenario
where R0 = 2.0. The parameter value γ = 1/10, which corresponds to a 10-day
infectious period, is selected to represent COVID-19.

The herd immunity threshold is the proportion of individuals that must be
removed from the susceptible compartment in order to stop further spreading of
the disease. Herd immunity can be reached through either natural infection or
vaccination, assuming that the gained protection generates sufficient, long-lasting
immunity. The herd immunity threshold for a fully-mixed SIR model is obtained by
requiring Equation 2 to obtain negative values,

∂

∂t
I = βSI

N
− γI < 0, (5)

⇔ S <
Nγ

β
= N

R0
, (6)

⇔ s <
1

R0
, where (7)

s = S

N
, (8)

demonstrating that to prevent the spreading of the disease, the fraction of susceptible
individuals in the population must be lower than the inverse of the reproduction
number. Thus, to reach the herd immunity threshold, the fraction of the population
that is removed from the susceptible compartment through infection or vaccination
must be

premoved > 1 − 1
R0

. (9)

The ability to reach herd immunity through natural infection hinges on the
assumption that infection generates sufficient, long-lasting immunity – an assumption
that has not been validated [29], [30]. Moreover, the consequences of natural herd
immunity against COVID-19 would be serious and far-fetching. For a reproduction
number of 3.0, 67% of the population should be infected with the virus, as calculated
with Equation 9. Similarly, for a reproduction number 2.2, the fraction of the
population that should be infected is 55%. Both instances would lead to millions of
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Figure 3: The flow of the basic SEIR model.

deaths across the world. Furthermore, the unchecked spread of COVID-19 would
rapidly overwhelm healthcare systems, leading to increased all-cause mortality in
addition to elevated COVID-19 mortality [31]. However, Britton et al. demonstrated
that when age-specific contact patterns are considered and R0 = 2.5, the herd
immunity threshold for COVID-19 drops from 60% to 43% [32]. This follows from
individuals aged older than 80 years having fewer contacts than 20 to 40-year-olds.
Furthermore, children can be partially omitted from the computation due to them
being less susceptible and infectious than adults [33].

The SIR model is appropriate for modelling rapidly spreading diseases that
result in long-lasting immunity or death of infected individuals, such as influenza.
However, diseases that propagate on a time scale similar or slower to the turnover
of the population, and diseases that result in only temporary immunity are not
well represented by the SIR model. For such cases, there are multiple variations
of SIR with inclusions of additional compartments such as deceased, vaccinated,
maternally-derived immunity and carrier. Diseases with a significant incubation
period, such as COVID-19, are best represented by expanding the SIR model with a
compartment E for exposed individuals. During the time an individual belongs to
the exposed compartment, they are not yet infectious or symptomatic. The resulting
model is known as SEIR. Figure 3 visualises the flow of the SEIR model.

The model equations require the addition of a differential equation for E(t).
Equation 2 is modified to consider incubation period ϵ−1. The differential equations
for the SEIR model are

∂

∂t
S = −βSI

N
, (10)

∂

∂t
E(t) = βSI

N
− ϵE, (11)

∂

∂t
I(t) = ϵE − γI, (12)
∂

∂t
R = γI, and (13)

R0 = β

γ
. (14)
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Figure 4: The development of the SEIR compartments when β = 0.2, γ = 0.1, and
ϵ = 0.2.

Figure 4 illustrates the development of the compartments in a scenario where
R0 = 2.0. The parameter value γ = 1/10 represents a 10-day infectiousness period
and the parameter value ϵ = 1/5 represents a 5-day incubation period. These values
are selected to represent COVID-19.

However, having only one infectious compartment does not account for asymp-
tomatic carriers, who play a critical role in the transmission of many common
infectious diseases, including COVID-19 [34], [35]. Generally, asymptomatic individu-
als are less infectious than symptomatic individuals, which can be modelled by pairing
the transmission rate β with a damping factor. The symptomatic status can be
modelled by splitting the infectious compartment into a symptomatic compartment
and an asymptomatic compartment. A fraction of the exposed individuals become
asymptomatic while the rest develop symptoms at some point during their illness.

There have been some reports of COVID-19 patients being re-infected after
recovery, indicating that some individuals only gain temporary immunity against the
virus [36]. Usually, temporary immunity lasts for a few months or years, but as the
research is inconclusive, temporary immunity is not considered in this thesis. Finally,
the recovered compartment can be split to explicitly consider temporal immunity
and the mortality rate. While COVID-19 has caused millions of deaths, young adults
are not generally considered an at-risk group [37]. As the model presented in this
thesis is informed by the contact data of young adults, this work does not consider
COVID-19 related deaths.

When fitting compartmental models to the real world, it is important to consider
that the transmission rate is not constant in time or across the population. Mitigation
measures and adaption of human behaviour may change the transmission rate as
an epidemic progresses. Mitigation measures, such as the isolation of symptomatic
individuals aim to decrease β and thus, reduce the speed of transmission. Furthermore,
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as disease severity and susceptibility are related to age, the transmission rate is most
likely non-constant over age groups.

Traditional compartmental models assume that populations are homogeneously
mixed, implying that an infected individual is equally likely to spread the infectious
disease to any other susceptible individual in the population. In the real world an
infectious individual does not have an equal probability of infecting all others, as they
only have contact with a small fraction of the population. The number and regularity
of contacts between individuals can be very non-homogeneous. Moreover, the
identities and duration of an individual’s contacts change over time. While traditional
compartmental models have been useful in generating insights into infectious disease
dynamics, they become less useful when the questions addressed become more precise
with respect to the contact dynamics [38].

2.1.2 Dynamic contact networks

In a setting of increasing computational power, static networks of interactions have
provided insights into the importance of population structure [39], [40]. The nodes
in networks represent individuals, who are interconnected by network edges. With
network-based approaches, transmissions can only occur along edges. Moreover,
individual nodes can be characterised by any feature that may impact their degree
of susceptibility, infectiousness, or severity of disease. Model networks can be
parameterised to simulate various social systems, such as schools, workplaces, and
households by making assumptions regarding the context. Real-world networks with
fixed contacts provide a more realistic representation of human contacts than model
networks, but do not consider the dynamic nature of contacts and the temporal
aspects of disease transmission.

The spreading of contagious diseases depends on temporal contact patterns as
well as the social activity patterns and rhythms of individuals. According to the
literature, there is evidence of very large heterogeneity in the timings of physical
interactions, partly due to daily and biological rhythms of human dynamics [41]. As
transmission processes must follow the time ordering of events, such as in Figure 3, the
temporal inhomogeneities of human contacts have important effects on the dynamics
of disease spread on dynamic networks2. For instance, the bursty activity patterns
of individuals has been demonstrated to slow down the spreading of information
through communication networks [14]. The structure of contact patterns also affects
mitigation measures. Because not enough is known regarding the ways in which
various dynamic network features affect transmission dynamics, it is not possible to
construct artificial networks that have the correct set of features.

Data sets that characterise patterns of human movement are still quite rare, in
part due to considerations of individual privacy and civil liberties. Survey data
may be utilised to construct contact networks but due to the limitations of human
recall, their accuracy is limited [42]. As new technologies are available, it has become

2The study of dynamic networks is highly interdisciplinary and has many names, such as temporal
networks, evolving graphs, time-varying graphs, and dynamic networks. This work uses the terms
dynamic network.
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possible to conduct physical tracking via devices, such as mobile phone networks
or wearable sensors. Data collected through these devises includes both the spatial
and temporal resolution. For instance, the wireless technology Bluetooth is currently
installed in most mobile phones. Bluetooth provides connectivity between devices
over distances up to 10 metres using radio waves and has been shown to be a viable
option for face-to-face contact estimation [43].

The Copenhagen contact network has been utilised in a handful of epidemiology
studies. The data consists of digital communication activity and Bluetooth-based
physical proximity data of 692 individuals at a 5 minute temporal resolution, spanning
four weeks. This data set is described more in depth in chapter 3. Mones et
al. simulated a variety of disease transmission scenarios on the Copenhagen contact
network by utilising a simplistic SIR compartmental model [44]. They selected
epidemic parameters that were consistent with real-world infectious diseases, such as
influenza. The results demonstrated that utilising individuals’ closeness centrality
within cyber networks to inform a targeted vaccination campaign was effective against
diseases with short-range modes of transmission. However, the strategy was found to
be ineffective against long-range modes of transmission, such as airborne infections,
due to the ability of the disease to suspend in rooms and transmit via surfaces. This
mode of transmission was found to create a large number of connections between
socially unconnected individuals.

Stehlé et al. conducted a study utilising high-resolution data of face-to-face
interactions between attendees at a conference to assess the role of dynamic contact
patterns between individuals in the spread of a simulated epidemic [15]. The contact
data was obtained from badges equipped with an active radio frequency identification
device worn by conference attendees. The devices only formed contacts within a
radius of 1 to 2 metres, allowing detection of close-proximity contacts during which
a disease could be transmitted. The spread of epidemics across nodes in the network
was simulated with an SEIR model informed by both the dynamic contact network
and two aggregated versions of the network. Interestingly, the researchers found that
aggregating the dynamic network to consider only the daily duration of contacts
provided sufficient resolution for epidemic modelling. In contrast, a homogeneous
representation that only retained the topology of the contact network was found
insufficient to accurately model the epidemic.

In a similar study, Machens et al. utilized contact data gathered from individuals
in a pediatric hospital ward to simulate the spread of a disease [16]. They employed
an SEIR model of the disease over both the real contact network and various coarse-
grained representations of the empirical contact patterns. These representations
only partially preserved the temporal and structural information of the contact data.
Utilising average contact duration between role classes failed in reproducing the
size of an epidemic and to identify the most at-risk classes. A contact matrix of
probability distributions accounting for the heterogeneity of contact durations was
shown to yield an appropriate approximation of the epidemic spreading compared to
the results obtained utilising the high-resolution data.

While dynamic real-world networks are becoming more readily available, the
dynamic process of networks is only worth including in some circumstances. If the
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network changes so slow that it is likely to remain unchanged during the course
of an outbreak, a static network may be a more appropriate representation of
interactions [23]. In contrast, if the network changes much faster than the epidemic
dynamics, a weighed static network or a homogeneously mixed population may be
more appropriate approximations. If the network changes over a similar timescale
as the serial interval of the infectious disease, the temporal aspects of the networks
may have a substantial effect on the spreading of the disease [23]. However, despite
the potential for real-world applicability, dynamic networks are not as commonly
utilised as static networks. This is partially due to the severe lack of data but also
due to insufficient analytic research on dynamic networks.

2.2 COVID-19
Since first being reported in December 2019, COVID-19 has caused an ongoing
pandemic, severely overburdening healthcare services worldwide. The pandemic is
thought to have initiated from the Hunan seafood market where live animals are
frequently sold [45]. A genomic analysis revealed that bats could be the possible
primary source, although the intermediate source and initial transmission to a human
have not been established.

Symptoms of COVID-19 are variable and range from mild to critical, commonly
resembling an influenza-like illness. Common symptoms include fever, cough, fatigue
as well as the loss of smell and taste. However, there is increasing evidence that many
cases are completely asymptomatic or have only mild symptoms. This poses great
challenges for national prevention and containment of outbreaks, as asymptomatic
cases have been proven infectious [46]. As the detection of asymptomatic cases
is challenging, there is no scientific consensus on the proportion of cases that are
asymptomatic [34], [35], [47], [48].

All viruses change over time, including SARS-CoV-2. While most changes have
minimal impact on the virus’ properties, some changes may affect transmissibility,
the associated disease severity, or the performance of various pharmaceutical and
non-pharmaceutical interventions. The WHO, in collaboration with partners, have
been monitoring the emergence of SARS-CoV-2 variants since January 2020. In July
2021, four variants are classified as "Variants of concern" [49]. These variants were
first documented in the UK, South Africa, Brazil, and India. As the exact properties
of new variants are not established, they are not considered in this thesis.

2.2.1 Transmission and viral dynamics

The primary mechanism of COVID-19 transmission is via respiratory droplets and
aerosols containing the virus. The infection occurs when infected droplets get into
a susceptible individual’s mouth, nose, or eyes. The transmission risk depends on
several factors, including the contact environment, contact pattern, host-related
infectiousness and susceptibility, as well as socioeconomic status. SARS-CoV-2 most
frequently transmits through close range contacts, which the European Centre for
Disease Prevention and Control (ECDC) has defined as 15 minutes face-to-face within
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2 metres from each other [50]. Disease transmission has been found especially efficient
within households and through gatherings of family and friends [51]. Other identified
high-risk activities include dining and taking part in group activities with an infected
individual. The risk of infection is thought to increase in indoor environments
compared with outdoor settings [51]. However, with increasing evidence on aerosol-
mediated transmission in closed environments [2], it is likely that transmission may
occur at a distance more than 2 metres during a prolonged stay in a crowded, poorly
ventilated indoor setting.

According to research, the virus may also spread indirectly via contaminated
surfaces, as SARS-CoV-2 has been demonstrated to remain viable on some surfaces
up to 72 hours after application [52]. In practice, this suggests that contaminated
hands may introduce the virus to the eyes or mouth [53]. The virus is susceptible to
standard disinfection methods, demonstrating the importance of surface cleaning
[52]. There has also been some evidence suggesting that the gastrointestinal tract
may serve as a transmission portal as it is susceptible to infection [54].

The timing of the contact between susceptible and infected individuals has been
proved to be of great importance in transmission dynamics as infectiousness varies
over the course of the disease. The viral load in the respiratory tract has been found
to peak at the time of symptom onset or during the first week of illness. According
to these results, the highest peak of infectiousness is placed in the range of just
before symptom onset and within five days post symptom onset [55]. This finding is
supported by a contact tracing study of 100 confirmed COVID-19 cases, in which
no secondary cases were identified after the first five days after symptom onset [56].
Furthermore, research utilising real-world contact patterns has demonstrated that
a large part of transmissions occur in the pre-symptomatic phase of the disease
[57], [58]. The severity of symptoms also plays a role in transmission dynamics.
According to early findings, symptomatic cases have a higher secondary attack
rate than asymptomatic cases [59], [60]. While the infectiousness of asymptomatic
individuals may contribute to the rapid spread of COVID-19 [55], their relative
degree of infectiousness seems to be limited [59], [61], [62].

Furthermore, a minority of infected individuals, called superspreaders, are thought
to cause most secondary transmissions. This hypothesis is supported by multiple
sources that have observed overdispersion in the distribution of secondary trans-
missions. An analysis of contact tracing data from the Chinese province Hunan
discovered that 80% of secondary cases could be traced back to 15% of infections
between January and April [57]. Likewise, an analysis of contact tracing data from
Hong Kong estimated that 19% of cases caused 80% of all local secondary cases
during roughly the same period as the Hunan study [63]. Superspreading events
have also characterised previous coronavirus epidemics SARS [64] and MERS [65].
While the causes for superspreading have not been exhaustively identified, the effect
of individual variation in infectiousness on disease transmission is thought to play a
major role. In the context of networks, the disproportionate impact on the size of an
epidemic that some individuals have, is thought to be related to a high number of
contacts [66] or some other measure of centrality in a network, such as acting as a
bridge in a network [67], [68]. Considering the variation in individual infectiousness
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has been demonstrated to affect model predictions, epidemic extinction becomes more
likely, while outbreaks become rarer but more explosive [69]. Furthermore, targeted,
individual-specific control measures have been shown to outperform population-wide
measures when simulation models account for this variation [69].

Among COVID-19 infected individuals, elderly patients have suffered from the
most severe symptoms and highest death rates, while young individuals, especially
children under 18, are commonly only mildly ill or completely asymptomatic [70], [71].
A systematic literature review found evidence for lower susceptibility to infection in
children under 10 years of age compared to adults [33]. The same review also found
evidence for elevated susceptibility in adults over 60 years of age compared to middle
aged adults.

Currently, the longevity of naturally acquired immunity to COVID-19 is unknown.
Immunity is relatively short lived for seasonal coronaviruses [72], but in the case
of COVID-19, re-infection appears to be a quite rare phenomenon. However, as
COVID-19 has only been known to the public for a year and a half as of writing this
thesis, it is too early to establish whether re-infection is a rare or common occurrence
in the long term. Likewise, the ways in which a previous infection would affect
the course of disease and transmission dynamics in a re-infection remains unknown.
Furthermore, existing and emerging variants may partially evade immunity to earlier
strains of the virus.

2.2.2 Mitigation measures

For any infectious disease, there are three main strategies to contain and prevent
major outbreaks. These strategies are to control the source of infection, to cut off
transmission routes, and to protect the susceptible population [73]. To suppress
COVID-19 transmission, governments around the world have employed various inter-
ventions, such as mandating lockdowns, instigating strict social distancing criteria,
recommending self-isolation for suspected infectious cases, and demanding mask
wearing and enhanced hand hygiene in public spaces. Lockdown has been shown to
increase transmission within households, while the isolation or quarantine of con-
firmed and suspected infectious cases reduce risks across all contact settings [57]. To
determine the effectiveness of individual non-pharmaceutical interventions, Brauner
et al. collected data on the implementation of several government interventions in
41 countries between January and the end of May 2020 [74]. The effectiveness of
specific interventions was estimated with a mathematical model that formed links
between intervention implementation dates and national case and death counts. The
authors found that closing all educational institutions, limiting gatherings to 10
people or less, and closing face-to-face businesses were the most effective interventions.
Comparatively, issuing a stay-at-home order when these interventions were already
in place only provided minor additional transmission reduction. However, while
population-wide restrictions have been key to containing the disease, socioeconomic
repercussions have put pressure on decision makers to lift these measures. This
section reviews current practices and existing research regarding the test-and-isolate
strategy, repeated screening, and vaccination.
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Test-and-isolate

In the absence of population-wide restrictions, the identification and subsequent
isolation of infected individuals is critical to contain the spreading of COVID-19.
However, due to pre-symptomatic and asymptomatic transmission, diagnosis and
isolation based on symptoms alone may not be sufficient to prevent spreading of the
disease.

The Reverse Transcription Polymerase Chain Reaction (RT-PCR) test is the
most commonly used and reliable diagnostic COVID-19 test. The RT-PCR test is
performed with a sample of nasal secretions from the back of the nose and throat.
As all tests have accuracy limitations, the results need to be interpreted considering
the sensitivity, specificity and the pre-test probability or estimated risk of disease.
Sensitivity refers to the ability of a test to correctly identify patients who have the
disease, while specificity refers to how well a test identifies patients who do not
have the disease. In other words, highly sensitive tests are unlikely to produce false
negative results, while highly specific tests are unlikely to produce false positive
results. [75]

The RT-PCR test for COVID-19 is highly specific but only moderately sensitive,
indicating that a positive result has more weight than a negative test because the
percentage of false negatives is higher than the percentage of false positives [76]. A
recently published Finnish study including 3,000 patients estimated the overall test
sensitivity of RT-PCR tests to be 89.9% for laboratory confirmed cases [77]. This
excluded patients who never tested positive but were considered as high suspicion.
Including the suspected cases, test sensitivity was estimated to be 47.3%. In a study
of 205 patients, sensitivity for RT-PCR was found to vary depending on the site and
quality of sampling [78]. Test sensitivity was found to be 93% for broncho-alveolar
lavage, 72% for sputum, 63% for nasal swabs, and 32% for throat swabs. According
to research, test sensitivity is also dependent on asymptomatic status [79] and the
stage of disease [75]. Occasional false positive results are very rare because the test
design is specific to the genome sequence of SARS-CoV-2. When they occur, it is
likely due to technical errors and contamination of the sample [75].

A past COVID-19 infection can also be identified by detecting the presence of
antibodies with a serological test. Serological diagnosis is also an important tool to
estimate the extent of COVID-19 in a population and to identify individuals who have
gained immunity [75]. False positive serology tests could cause further disease spread
due to false reassurance and subsequent behaviour. However, this is considered a
minor risk as many antibody tests have a higher than 95% specificity [80]. Many
serological tests for COVID-19 have become available in a short period, including
rapid, point-of-care tests. Rashid et al. reviewed a total of nine rapid detection
tests, each offering a one-step method with results obtained within 15 minutes [81].
The tests used samples of whole blood, serum or plasma, and detected the presence
of one or two types of antibodies. The authors determined that the sensitivity for
the reviewed rapid tests ranged between 72.7% and 100%, while specificity ranged
between 98.7%–100% [81]. Similar results were obtained by Bastos et al. , whose
systematic review covered 40 studies [80]. They also discovered that test sensitivity
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was higher at least three weeks after symptom onset (69.9%–98.9%) compared with
within the first week (13.4%–50.3%), as antibodies only start to develop some time
after the infection. It is important to note that the rapid development pace has
exceeded that of rigorous evaluation, which raises some concerns regarding test
performance.

Moghadas et al. developed an agent-based SEIR model to study the effect of
asymptomatic cases and symptomatic testing on COVID-19 transmission [82]. They
developed an agent-based SEIR model, where each individual had an associated
epidemiological status: susceptible, exposed, pre-symptomatic, asymptomatic, symp-
tomatic with either mild or severe symptoms, recovered, or dead. The daily number
of contacts per person was sampled from an age-stratified distribution based on an
empirically determined contact matrix. The population represented 10,000 individu-
als living in New York City and the basic reproduction number was calibrated to 2.5.
The researchers simulated a scenario in which symptomatic cases were quarantined
at the onset of symptoms and remained quarantined until recovery. Quarantine
was implemented as a reduction of the number of contacts, acknowledging that
household or hospital transmission could still occur. The results indicated that silent
transmission during the pre-symptomatic and asymptomatic stages caused more
than half of the overall transmissions in the simulations. Further, the researchers
concluded that the isolation of symptomatic individuals alone would be insufficient
to suppress an outbreak.

Screening

While testing and isolating symptomatic individuals is of high importance in mitigat-
ing COVID-19 transmission, there are significant challenges in creating enough testing
capacity to identify asymptomatic and pre-symptomatic individuals who are silently
spreading the disease. A possible strategy to identify these individuals is repeated
mass-testing, i.e. , screening [11]. Screening for COVID-19 enables identification and
isolation of all types of infected individuals and provides statistics on regional and
national rates of infection, which can be utilised to inform public health interventions
[76]. However, while symptomatic individuals are likely to self-isolate while they are
expecting the test, asymptomatic individuals selected for random testing may be
less likely to self-isolate while waiting for test results.

From March 2020 to April 2020, Iceland conducted population-wide screening
for COVID-19 [83]. The researchers conducting the study utilised two strategies –
issuing an open invitation to over 10,000 individuals and sending random invitations
to over 2,000 individuals. The researchers also conducted targeted testing of over
9,000 high-risk individuals. The targeted individuals were either symptomatic, had
travelled to high-risk countries, or had contact with infected individuals. In total,
over 20,000 RT-PCR tests were analysed. Of the targeted individuals, 13.3% received
positive test results, of those in the open-invitation screening, 0.8%, and in the
random-population screening 0.6%. The results also provided information on disease
distribution per gender and age. In total, 6% of the total population was tested
during the one-month period. The aim was not to reduce COVID-19 transmission
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per se, but to gain insight on the disease prevalence in the population.
The requirements for the tests used for population screening are distinct from

clinical tests, which target symptomatic individuals and need high accuracy and
sensitivity [11]. For efficient population screening, tests must be cheap, readily
available, and have short turnaround times. Recently, lateral flow device (LFD) viral
antigen immunoassays have been developed as tests for SARS-CoV-2 infection. LFD
immunoassays test for various protein targets and are commonly used in healthcare
settings due to their affordability, ease of use, high test accuracy, and short turnaround
time, producing results within half an hour [84]. The short turnaround time provides
newly developed SARS-CoV-2 antigen LFDs an edge over RT-PCR tests, providing
a window to halt the transmission chain earlier during the course of disease, when
individuals are most infectious [85]. As of April 2021, everyone in England has been
able to access two rapid LFD COVID-19 tests a week for free, even if they do not
have symptoms [86]. This is an expansion of a service previously provided to those
working in health- and social care settings. The goal of this mass testing is to identify
and isolate asymptomatic and pre-symptomatic individuals. The LFD tests can be
obtained not only at testing sites, but also via a home ordering service.

While concerns have been raised regarding the accuracy of LFD tests [87], the UK
government relies on promising results obtained from published systematic reviews.
One laboratory evaluation of seven LFD tests reported a viral antigen sensitivity of
70% to 80% when performed by laboratory scientists or trained healthcare profes-
sionals [88]. Another review of 64 studies reported that in people with confirmed
COVID-19, LFD tests correctly identified infection in 72% of people with symptoms,
and in 58% of people without symptoms [89]. The authors noted that the tests
were most accurate when used in the first week after symptom onset. LFD tests
were found to be highly effective in ruling out infection in people who did not have
COVID-19.

To estimate the effect of mass testing on COVID-19 transmission, Larremore
et al. developed two models inspired by a typical SIR model [11]. The first model
considered a fully mixed population of 20,000 individuals with an all-to-all contact
structure. The second model was an agent-based model of 8.4 million individuals
representing the contact structure of New York City. The contact patterns were
based on real-world microdata and age-stratified contact matrices describing con-
tacts both within and outside individual households. The individuals were assigned
compartments at discrete one-day time steps. In addition to the susceptible, infected,
and recovered compartments, the researchers expanded the SIR model to include
compartments for isolated and self-isolated individuals. Each individual’s infectious-
ness was determined by a viral load trajectory, which was drawn upon becoming
infected. A test would only produce a positive result if an individual was tested on a
day when their viral load exceeded a set threshold. The study assumed that 35%
of the cases would develop symptoms and be isolated within 3 days of their peak
viral load, while those receiving positive test results were isolated after receiving the
test results. The impact of repeated mass-testing was expressed as a reduction in
the reproduction number. The results indicated that effective screening depended
stronger on frequency of testing and speed of reporting than on high test sensitivity,
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which only improved screening efficacy marginally. However, the researchers noted
that repeated population screening with low-specificity tests would subject healthy
individuals to unnecessary quarantine days, which in turn would increase isolation
costs.

Similarly, Paltiel et al. developed a modified SEIR compartmental model for
COVID-19 spreading on a collage campus to determine an appropriate COVID-19
monitoring strategy to allow for the safe return of students to residential colleges [12].
The SEIR model was expanded to include a compartment for uninfected individuals
receiving false-positive tests, the separation of the infected compartment to distinguish
between undetected and detected asymptomatic cases, as well as a compartment
for detected symptomatic cases. The study included a hypothetical cohort of 5,000
students, including 10 asymptomatic infections at the start of the semester. The
model evaluated symptom-based screening and tests of varying intervals (1, 2, 3 and
7 days), sensitivity (70%–99%), specificity (98%–99.7%), and cost per test (10$–50$).
The model simulated epidemic scenarios with three distinct reproduction numbers
(1.5, 2.5 and 3.5), with additional infections imported via exogenous shocks. The
model assumed that only 30% of the cases would eventually develop observable
symptoms. The study found that daily to weekly screening was necessary to contain
an outbreak, depending on the effective reproduction number. The authors concluded
that even for tests with poor sensitivity, screening all students every two days with
an inexpensive, rapid test would be sufficient to contain an outbreak and permit the
return of students to campus when the reproduction number was kept under 2.5.
However, symptom-based screening alone was found to be insufficient at containing
an outbreak.

Chin et al. obtained similar results to Paltiel et al. when utilising an SEIR
model to estimate the effectiveness of routine screening with RT-PCR tests to reduce
workplace transmission [13]. The compartmental model distinguished between the
early and late stage of infection, as well as asymptomatic and symptomatic cases.
The model was calibrated to a basic reproduction number of 2.4 and assumed that
40% of the cases would remain asymptomatic or paucisymptomatic. The effect of
screening was estimated as a reduction in the effective reproduction number while
the screening program was in place. The results indicated that screening strategies
less frequent than daily were unlikely to prevent outbreaks in workplaces without
additional interventions.

Vaccination

While nonpharmaceutical efforts are essential to slowing down COVID-19 transmission
in the short term, long-term solutions, such as vaccines, are urgently needed. Vaccines
are administered to help the immune system develop its own protection against
an infectious disease [90]. To train the immune system to recognise and combat a
specific disease, certain molecules from the pathogen causing the disease must be
introduced into the body. The molecules are called antigens, and they trigger an
immune response in the body.

Generally, the whole population does not need to be vaccinated to block the
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possibility of outbreaks. Already when some proportion of the population has been
vaccinated, the disease stops spreading. This is related to the herd immunity effect.
Vaccine-induced herd immunity also provides protection to immunocompromised
individuals who are more likely to catch the disease but may not be able to receive
a vaccine themselves. The sufficient vaccination coverage depends on the disease;
an easily transmitted disease requires a higher vaccine coverage than a more poorly
transmitted disease. The herd immunity threshold for a fully-mixed SIR model is
described in Equation 9. For a reproduction number of 3.0, 67% of the population
should be vaccinated to reach herd immunity and for a reproduction number 2.2,
the fraction of population that should be vaccinated is 55%. These percentages are
calculated considering a fully susceptible population.

Vaccines have been used to treat a multitude of infectious diseases in the past,
including Smallpox and various pandemic influenza strains, such as the Bird flu [90].
A challenge in responding to pandemic diseases with vaccines is the long development
and testing period for a new vaccine. Since the COVID-19 outbreak in early 2020,
vaccine development has been accelerated through collaborations in the multinational
pharmaceutical industry and between governments [91]. The urgency to create a
vaccine for COVID-19 has led to compressed development timelines, where clinical
trial steps are combined over months instead of conducting trials sequentially over
years [92]. As of 2 July 2021, eight SARS-CoV-2 vaccines have been approved for
full use, nine vaccines are in early or limited use, and researchers are testing a total
of 119 additional SARS-CoV-2 vaccines in clinical trials on humans [93]. Some
of the approved vaccines are the mRNA vaccines BNT162b2 and mRNA-1273 by
Pfizer-BioNTech and Moderna respectively, and adenoviral vector vaccine ChAdOx1
by Oxford-AstraZeneca. As of 30 June 2021, over 2.9 billion vaccine doses have been
administered globally [1].

Vaccine effectiveness

The effectiveness of a new vaccine is established during clinical trials. The efficacy
is the risk of vaccinated participants in the trial getting infected and experiencing
symptoms compared with a group of unvaccinated individuals. However, as vaccine
efficacy often reflects only symptom prevention, it is a poor indicator of the ability
to stop transmission chains, as many diseases can be transmitted via asymptomatic
carriers [31]. Furthermore, even if randomised clinical trials would result in high
efficacies in terms of both blocking symptoms and onwards transmission, they would
still have notable limitations. The most common limitations in clinical trials are a
small sample size, restrictive inclusion criteria, a highly controlled setting that may
not represent a real-world vaccination programme.

The Pfizer-BioNTech and Oxford-AstraZeneca vaccines have demonstrated high
efficacies in phase 3 clinical trials and in real-world settings. Both vaccines are used
in national vaccination programs in several countries. A Scottish cohort study of
5.4 million people reported a vaccine efficacy of 91% for reduced hospital admission
at 28 to 34 days post-vaccination for the first dose when administering the Pfizer-
BioNTech vaccine and 88% for the Oxford-AstraZeneca vaccine [94]. In Israel, the
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Pfizer-BioNTech vaccine efficacy was studied utilising data from Israel’s largest health
care organisation covering 600,000 individuals [95]. The researchers established that
the Pfizer-BioNTech vaccine is effective against severe forms of COVID-19 quite
soon after the first vaccination; the effectiveness for reduced hospital admissions was
estimated at 78% 21 to 27 days after the first dose when compared to an unvaccinated
control group.

However, building up protection against mild and asymptomatic forms of the
disease appears to be a slower process. The Israeli study reported an effectiveness
of 46% for documented infection 14 to 20 days after the first dose, 60% 21 to 27
days after the first dose, and 92% 7 days after the second dose until the end of the
follow-ups. The rest of the results are gathered in Table 1. These results are in
line with a UK cohort study among hospital staff undergoing regular asymptomatic
testing [96], which found that a single dose of the Pfizer-BioNTech vaccine had an
effectiveness of 72% 21 days after the single dose and 86% seven days after the second
dose. Due to the high efficacy of a single vaccine dose, many countries, including
the UK, have decided to delay the timing of the second injection until 12 weeks
after the first instead of the recommended 3 weeks [97]. The aim is to protect a
large number of people with a single dose to reduce the number of severe infections,
hospitalisations and deaths, instead of vaccinating a smaller number of people with
two doses.

Preliminary data suggests that some vaccinations may have a reduced effectiveness
against more recently emerged SARS-CoV-2 strains. The Centers for Disease Control
and Prevention collected evidence from research papers to review vaccine-induced
neutralizing antibody activity and vaccine efficacy and effectiveness against various
strains [98]. Across studies, the antibody neutralising activity of sera from vacci-
nated individuals was higher, on average, than the activity observed in unvaccinated
individuals who had recovered from COVID-19. The Pfizer and Moderna vaccines
demonstrated minimal to moderate reductions in activity against a variety of muta-
tions, with one study demonstrating poor antibody neutralisation activity against
the South African strain. Notable reductions were also found against the Brazilian
strain. However, the dynamics between neutralizing antibody activity and vaccine

Table 1: Efficacy of the Pfizer-BioNTech vaccine [95].

Period Infection Sympto-
matic
disease

Severe
disease

Hospita-
lisation

Death

14–20 days af-
ter first dose

46% 57% 62% 74% 72%

21–27 days af-
ter first dose

60% 66% 80% 78% 84%

>7 days after
second dose

92% 94% 92% 87% –
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effectiveness have not been exhaustively defined with regards to COVID-19.
There have also been some direct studies of vaccine efficacy against SARS-CoV-2

strains. After the emergence of the South African strain, a randomised controlled
trial was conducted to assess the efficacy of the ChAdOx1 vaccine. Despite the small
sample size of 2,000 individuals, a two-dose regimen of ChAdOx1 did not produce
sufficient protection against mild-to-moderate forms of the South African strain
[99]. The same applies to the Janssen vaccine, which has a 74% efficacy against
earlier COVID-19 strains. The efficacy against the South African strain was recently
estimated to be only 52%. In Brazil, where 95% of infections were caused by the
Brazilian strain, the Janssen vaccine efficacy was estimated to be 66%. However,
the Janssen vaccine was found highly effective against severe forms of COVID-19,
regardless of strain [100], [101].

Transmission reduction

To reach the herd immunity threshold, a vaccine must be able to block both infection
and onward transmission. As transmission through vaccinated individuals is quite
difficult to track, there are not yet any definite answers as to how well individual
COVID-19 vaccines block transmission. Viral load studies have been used to shed
some light on the ways COVID-19 vaccines reduce transmission. The amount of virus
in the body of a vaccinated person who contracts the virus is measured and compared
with the viral load of an unvaccinated infected person. A substantial reduction of
the viral load suggests a lowered infectiousness, in other words, a reduced ability to
transmit the virus to susceptible individuals [102]. An Israeli preprint study found
that the viral loads in vaccinated people with a COVID-19 infection were 3 to 4.7
times lower than in unvaccinated infected people, when measured 12 to 28 days after
the first vaccination dose of BNT162b2[103]. A British national record linkage study
found that the vaccination of health care workers was associated with a substantial
reduction in the infections in household members, indirectly demonstrating the effect
of vaccination on transmission [104]. The study consisted of 194,362 unvaccinated
household members of 144,525 vaccinated and unvaccinated healthcare workers.

Utilising an SEIR model, Gallagher et al. [8] demonstrated the importance of
considering the direct and indirect effects of COVID-19 vaccines when choosing
vaccination strategy. Their study revealed that a vaccine with a strong transmission-
blocking effect had the potential to reduce COVID-19 circulation and deaths to a
greater extent than an alternative vaccine with a stronger symptom-blocking effect.
These findings may be of particular importance as older adults are at an elevated
risk of death but are also less protected by the direct effects of vaccination due to
the gradual deterioration of the immune system.

Targeted vaccination

Due to the high demand and limited availability of COVID-19 vaccines, the prioriti-
zation of vaccine distribution is vital. Targeted vaccination can be beneficial when
dealing with a short supply but is difficult to achieve in practice due to the challenge
of identifying optimal targets in real time. Vaccine prioritisation generally targets
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either those at highest risk for complications or those who do the most transmitting.
By vaccinating individuals who cause the most secondary attacks, high-risk individu-
als are indirectly protected [7]. Vaccines frequently elicit stronger immune responses
per dose in younger individuals, but due to higher COVID-19 mortality in the older
population and delays in vaccine production and distribution, many countries have
adopted a strategy of first vaccinating the elderly and vulnerable.

Hunziker et al. utilised published age-stratified immunogenicity data of the
Moderna and Pfizer-BioNTech vaccines to conduct a simulation study with a tailored
approach to vaccination [105]. The epidemic was simulated with a discrete-time,
extended SEIR model. The model incorporated separate, interacting age groups
with age-specific immune levels and fatality rates. The population structure and
disease prevalence were modelled to represent Europe in late January 2021. When
older adults were vaccinated first, the epidemic initially continued unchecked, as
it was driven by social contacts in younger age groups. To increase the number
of individuals receiving the vaccine early, the older adults were vaccinated at full
dose, while the young received reduced doses. Despite some loss in the average
protection per individual, the strategy was more effective in stopping the epidemic
and protecting lives than when only the elderly received early vaccines.

While the availability of multiple vaccine options is a welcome development, it
also creates some policy dilemmas. As the vaccines differ both in terms of efficacy
and immunity build-up duration, health officials must decide which vaccine to use
and who should receive it. To study factors effecting the benefits of vaccines, Paltiel
et al. developed an expanded SEIR model of a COVID-19. They divided the infected
compartment into four distinct subcompartments associated with disease severity and
implemented vaccination by creating a parallel set of compartments. In the parallel
set, individuals receiving the vaccine moved from the susceptible unvaccinated state
to the susceptible vaccinated state. Vaccinated individuals’ progress to exposure,
infection, recovery, and death was adjusted to reflect the benefits of the vaccine. The
study found that factors related to vaccine implementation contributed more to the
success of vaccination programs than clinical trial-determined vaccine efficacy [3].
Factors contributing to a decline in the benefits of a vaccine included manufacturing
and deployment delays, significant vaccine hesitancy, and a higher reproduction
number.

Given the findings that speed of implementation had a great effect on mitigating
the epidemic, Paltiel et al. continued their work by attempting to quantify the speed-
versus-efficacy trade-off of COVID-19 vaccines [4]. They simulated hypothetical
vaccines with varying efficacy, immunity build-up duration, and number of doses
required. A single-dose vaccine with efficacy 50% that produced lifetime protection
was successful in averting as many infections as a two-dose vaccine with an efficacy
of 95% when R0 = 2.1.

Due to early indications that naturally acquired antibodies correlate with pro-
tection from reinfection [9], Bubar et al. simulated vaccination strategies where
serological tests were used to redirect vaccinations exclusively to susceptible individu-
als [7]. This strategy is of special interest when considering vaccination programmes
that are deployed with a limited number of doses and mid-epidemic. The researchers
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utilised an age-stratified SEIR model including an age-dependent contact matrix,
susceptibility to infection, and mortality. Distributing vaccines to seronegative in-
dividuals improved the marginal benefit of vaccination per dose and yielded large
reductions in the number of infections and in locations where a significant proportion
of the population were seropositive. The reductions were only moderate in loca-
tions with low seroprevalence. The researchers emphasised that the marginal gain
in targeting seronegative individuals should be weighed against the challenges of
serological testing prior to vaccination. Serostatus alone is an imperfect indicator
of protection against COVID-19 and the identification of seropositive individuals
could be challenging as seroreversion causes a lowered sensitivity to detect past
exposure [29], [30]. Moreover, delays in serological test results would hinder vaccine
distribution. Bubar et al. theorised that if those with past RT-PCR-confirmed
infections voluntarily deprioritised their own vaccinations, partial effects might still
be obtained [7].

2.3 COVID-19 modelling on dynamic contact networks
At the time of writing this thesis, few COVID-19 modelling studies utilising real-
world, dynamic contact networks have been published. Existing work focuses on the
effectiveness of manual and digital contact tracing against COVID-19 transmission
[18]–[20]. Contact tracing is the process of identifying individuals who may have
become exposed to a pathogen through contact with an infected individual. Traced
contacts can then be tested for infection. If an infection is detected, the individual
can be isolated and treated, and their contacts can be traced. Manual contact tracing
relies on information provided by the patient; when an infected individual is identified,
they are interviewed by healthcare workers and asked to recall their contacts of the
last few days. The contacts are then warned and asked to self-isolate. Manual
contact tracing is limited by human recall and considered quite labour intensive and
slow. Conversely, digital contact tracing relies on the utilisation of digital proxies
for close-range proximity to overcome the above limitations. Furthermore, digital
contact tracing covers contexts where individuals are in the proximity of unknown
persons, such as public transportation and stores. Digital contact tracing has been
made possible by the broad adoption of smartphones, where apps can be installed
to sense the proximity of other smartphones and their owners. When an infectious
individual is identified, the app sends out warnings to all app-users that have been in
close-range proximity with the infectious individual during the last few days. While
digital contact tracing is much faster and less labour intensive than manual contact
tracing, the contact tracing apps are limited by the number of users [19].

To study the effect of contact tracing, testing, and social distancing on COVID-19
transmission, Firth et al. [18] developed an SIR-inspired compartmental model,
which was informed by dynamic contact data from the town Haslemere in the UK.
The data was originally collected during the making of a BBC documentary called
‘Contagion! The BBC Four Pandemic’ [17], [106]. The data consists of three days’
worth of movement data and social contact data of 468 individuals living in the town.
The contact data was collected with a custom mobile phone app.
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The SIR-inspired model was built on the epidemiological structure of an existing
model and included options for asymptomatic and pre-symptomatic status for each
individual in the social network. The social contacts in the network were defined as
events where two individuals were at a minimum of four-meter distance from each
other for a five-minute time interval. The contact edges were then weighted by the
number of days the individuals made contact. To expand the data set beyond three
days and thus, simulate longer-term outbreak dynamics, the researchers quantified
the data as a static social network. Instead of using a changing network, they
incorporated the temporal information by weighting the network edges using the
temporal contact information.

The outbreaks were initialised by randomly infecting a given number of individuals,
after which the model iterated over the daily time steps. Each day, there were chances
for transmission between infectious and susceptible contacts. Infected individuals were
assigned a time point drawn from a Wibull distribution that determined the point of
highest infectiousness and point of symptom onset for symptomatic individuals. Each
individual was also assigned asymptomatic and pre-symptomatic status drawn from
Bernoulli distributions. The transmission probability for contact pairs considered the
time since the source was exposed, the source’s asymptomatic and pre-symptomatic
status, the infectiousness of the source, and the weighting of the edge in the. In
addition to the infection rate within the network, the model also simulated infections
imported via exogenous shocks by randomly infecting susceptible individuals.

The researchers implemented various contact tracing scenarios, testing efforts,
and social distancing simulations. To consider social distancing, the researchers either
removed a proportion of weak links or reassigned weak links to existing contacts.
The latter scenario represented a situation where individuals would reduce their
non-regular contacts but spend more time with their regular contacts, such as family
members. To quantify the results, the researchers compared the median proportion
of the population infected 70 days after the first simulated infection with the same
measure produced by the baseline simulation. The baseline simulation represented
an uncontrolled outbreak, in which no interventions were implemented.

The simulations demonstrated that a single infected individual would result in a
median of 75% of the population infected 70 days after the first simulated infection
in the absence of mitigation measures and with a reproduction number R0 = 2.8.
Isolating symptomatic cases after symptom onset resulted in 66% of the population
infected, tracing a symptomatic individual’s contacts after symptom onset resulted in
48% infected, and secondary contact tracing (i.e. , tracing all contact of a symptomatic
individual and the contact of contacts) after the source’s symptom onset resulted in
16% of the population infected. While the secondary contact tracing strategy was
the most effective in terms of reducing the epidemic size, it also caused the highest
percentage of the population quarantined. The authors concluded that combining
physical distancing or local lockdowns with contact tracing could be sufficient to
prevent and contain COVID-19 transmission. They additionally theorised that
targeted tracing and isolation would be the most effective strategies. However, as
the contact data only represented a marginal fraction of the total population of
Haslemere, the data was considered unrealistically sparse.
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Cencetti et al. utilised the Copenhagen Network Study data to investigate
the effect of digital contact tracing on localised COVID-19 outbreaks [20]. The
researchers restructured and generalised the mathematical model introduced by
Ferretti et al. [107] to make it applicable to any evolution shape and phase of the
epidemic. The contact data was represented as a temporal sequence of undirected
and weighted networks, where the edge weights were assigned by the Bluetooth signal
strength and the duration of the contact. The researchers assumed that the strength
of the Bluetooth signal exchanged between smartphones provided information on
physical proximity.

The model assumed that the transmission probability during an infectious contact
depended on the duration and proximity of the contact along with other epidemiologi-
cal variables, such as the infectiousness of the individual. The model further assumed
that 40% of infected individuals were asymptomatic and could not be identified as
no randomised testing was conducted. The model also incorporated parameters
related to the healthcare system capacity and to the socioeconomic condition of the
population, such as the isolation efficiency and the delay in case reporting.

For the contact tracing aspect, the group developed policies related to contact
duration and proximity to discriminate between contacts with low contagion proba-
bilities and contacts considered high-risk. The policies were implemented to avoid
massive preventive quarantine of the population. The model selected a random
fraction of individuals to be non-app users. While all infectious cases could be
isolated and contribute to the spread of the virus, only app-users could have their
contacts traced. In the testing simulations, those who became symptomatic were
tested positive and isolated with some delay.

The study demonstrated that digital contact tracing could be helpful in controlling
re-emerging of outbreaks when the app adoption was high, and the reproduction
number was kept low through enforced mask wearing and social distancing. The
results further indicated that to prevent major outbreaks, the delay in isolation of
infected individuals should be kept under two days and the compliance in quarantine
high. Contrary to the findings of Firth et al. [18], the researchers determined that
secondary contact tracing did not have a significant effect on containing the epidemic.
Further, the author noted that secondary contact tracing involved an enhanced risk
in terms of privacy as well as a useless massive quarantine.

The Copenhagen Network Study data was also utilised by Barrat et al. to
assess the effectiveness of non-pharmaceutical interventions on the epidemic size of
a localised COVID-19 outbreak [19]. The study also utilised data collected in an
office workplace staffed with about 200 people who wore proximity sensors for several
days while in the workplace. The aim of the study was to examine the effectiveness
of manual contact tracing and digital contact tracing based on smartphone apps.
The research quantified the effect of the strategies by computing the reduction in
the final average epidemic size in a population, the fraction of population going
through quarantine, and the fraction of unnecessary quarantines (i.e. , quarantined
individuals who were in fact susceptible).

Outbreaks were modelled based on an expanded SEIR model, including compart-
ments for pre-symptomatic individuals and the division of the infected compartment
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into three substates relating to the severity of symptoms. A fraction of individuals
remained asymptomatic during the entire infectious phase, while others developed
either mild or severe symptoms. The initial simulations were conducted with R0 = 3,
and repeated with lower reproduction numbers corresponding to re-emerging out-
breaks, during which a number of public health measures would be enforced. To
inform the SEIR model, the researchers formed two temporally ordered sequences of
contact networks based on the sets of contact data.

The simulations were run beginning from one randomly chosen initially infectious
individual and ending when no exposed or infectious individuals were present in the
population. The results obtained from simulating various mitigation measures were
compared with results from a baseline simulation, where all severely symptomatic
cases and a fraction of mildly symptomatic cases were quarantined after some delay.
During the manual contact tracing simulation, the model assumed that detected
infectious cases would only be able to correctly recall some proportion of their
contacts over the two days prior to detection. The model further assumed a delay
would take place between the detection of a case and the isolation of a correctly
recalled contact. In the digital contact tracing simulation, contacts of a detected
infectious case received a warning if both the infectious case and the contact had the
app installed, the contact had occurred during the two days prior to detection, and
the contact was long enough. A potential delay was considered due to possible app
limitations.

The study discovered that increasing the proportion of contacts recalled during
manual contact tracing linearly increased the reduction in the average epidemic size.
However, increasing the proportion of app-users in the population only increased the
reduction in the average epidemic size quadratically, as both the infectious individual
and the susceptible contact had to have the app installed for a contact to be detected.
Due to this relationship, the added benefit of digital contact tracing only became
significant at high app-adoption. Combining manual contact tracing with digital
contact tracing was found to yield strong epidemic suppression effects even when
the individual interventions were implemented with intermediate efficiency. Delays
in warning and quarantining app-users was found to have a very limited effect on
epidemic size reduction. The authors noted that the cost of the intervention (i.e. ,
the number of quarantines) initially grew as the manual contact tracing efficiency
and app adoption increased. However, the cost decreased when these parameters
were high enough to efficiently contain transmission. Moreover, the authors found
that the relative impact of contact tracing was larger for lower reproduction numbers
due to the slower spreading of the epidemic; when fewer individuals are infected,
contact tracing needs to be applied to fewer cases to mitigate the epidemic. For this
purpose, the authors emphasised the importance of combining contact tracing with
other mitigation measures that keep the reproduction number low.
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3 Research material and methods
The COVID-19 model presented in this thesis is inspired by the recently published
study by Barrat et al. [19]. The model is implemented with Python 3 and the
simulations are performed by utilising the computational resources provided by the
Aalto Science-IT project. The contact network is based on contact data from the
Copenhagen Network Study [21]. This chapter presents the material and methods
in-depth.

3.1 Contact data
This thesis utilises temporally resolved contact data to inform an SEIR-inspired
model. A dynamic network is derived from empirical data describing close-range
proximity interactions of more than 700 university freshmen over a period of four
weeks. This data is well suited for epidemic modelling as it has been demonstrated
that densely connected populations, such as universities, play a significant role in large
outbreaks due to the large number of transmission paths between individuals [22].
The data set was collected at the Technical University of Denmark via smartphones
and published in 2019 as a part of the larger Copenhagen Network Study [21].

During the four-week period, all participants were equipped with identical smart-
phones with a custom data collection software installed. The devices were set to
be permanently discoverable by Bluetooth and scanned for other nearby Bluetooth
devices at five-minute intervals. Every five minutes, the device of a study participant
scanned the immediate surroundings and received responses from all devices of other
nearby participants. Each response contained a unique identifier, which corresponds
to the other participant in the vicinity. Collecting the contacts of each five-minute
interval results in a sequence of temporally ordered, static contact networks.

By collecting these responses, the researchers were able to track physical contacts
between study participants. In total, the researchers were able to record the physical
contacts of 692 individuals. The devices also recorded the signal strength (RSSI),
which roughly estimates physical distance; a strong signal indicates short proximity
between devices, while a weak signal indicates a larger distance or obstacles in between
devices. As the Bluetooth range is under 10 metres, it is suitable for modelling
droplet-transmitted pathogens, such as SARS-CoV-2. The data was shared as an
edge list, where each edge is described with the timestamp of the connection, the
IDs of both participants in the connection, and the measured signal strength. While

Table 2: A few example lines from the data.

Timestamp User A User B RSSI

0 90 64 -96
600 412 345 -98
1500 663 519 -65
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the data was stripped of all information that could be used to identify individuals,
the authors revealed that the first timestamp in the data occurs on a Sunday during
school term. Table 2 illustrates some example lines of the data.

Figure 5 illustrates the dynamic nature and weekly rhythm of interactions between
participants. The data begins on a Sunday, followed by five very active days and
subsequently two quieter days. As can be expected from a university community, the
highest number of active edges occur during the weekdays, with only minor activity
during the nights and weekends. Friday night is an exception, with interactions
continuing late into the night.

0 5 10 15 20 25
days

0

250

500

750

1000

1250

1500

1750

ac
tiv

e 
ed

ge
s

Figure 5: Total number of active edges in the network as a function of time.

Figure 6: Still frame of all contacts during one scan.
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Figure 6 visualises a freeze-frame of all contacts during a five minute interval on
a Tuesday midday. While most participants form small, disjoint groups, there are
some larger clusters which likely correspond to classrooms or school cafeterias.

It is important to note some limitations in utilising this data set for epidemic
modelling. First, the data is collected in a non-pandemic setting, and is not modified
during the onset of the simulated epidemic. The data also does not include interactions
between the studied population and the general population, while exogenous shocks
of disease are common even in quite isolated communities. However, no data
are currently available to investigate how contact patterns have changed due to
interventions and individual risk perception [19]. This thesis models the possible
change in contact patterns by considering three different values for the reproduction
number.

3.2 Default parameters
COVID-19 is a complex disease that can affect individuals in a variety of ways. For
this reason, it is not possible to select single parameter values that perfectly describe
the disease. One option is to develop mathematical models to describe variables,
such as infectiousness, as a function of time and susceptibility based on risk factors
appointed to certain individuals. However, as the goal of this thesis is not to develop
a perfect model of COVID-19, but to study the effects of various mitigation measures
on localised outbreaks, the model appoints set values to the parameters. As the
transmission model in this thesis is based on the work by Barrat et al. [19], similar
parameters are used here, with some updates. Barrat et al. selected parameter
values that were used in an age-structured epidemic model by Di et al. [108]. The
default parameters are defined in Table 3.

To account for empirical uncertainty, all time-related parameter values are sampled
independently from a normal distribution for each case. These parameters include
the incubation period, latent period, prodromal period, infectious period, delay prior
to the onset of quarantine, test result delay, screening result delay and the periods
between levels of vaccine-induced immunity. The normal distributions obtain their
mean values from Table 3, and their standard deviations are defined as of one-tenth
of the mean value.

The study by Di et al. defined the incubation period to be 5.2 days based on
the literature [108]. This value is confirmed with two additional sources [109], [110]
and rounded to 5 days. When picked from a normal distribution, the range becomes
4.5-5.5 days. The prodromal period (i.e. , the duration of infectiousness prior to
symptom onset) is challenging to estimate. Di et al. calculated the prodromal period
from the proportion of pre-symptomatic transmission events out of the sum of all
pre-symptomatic and symptomatic transmission events. This calculation resulted in
a duration of 1.5 days. However, a study of 77 people estimated that infectiousness
begins up to 4 days days prior to symptom onset [111]. In another review of 157
locally acquired cases in Singapore, pre-symptomatic transmission occurred 1–3 days
prior to symptom onset in the source patient [112]. In the light of these findings,
the prodromal period value is set to 2 days, with a range of 1.8-2.2 days. The latent
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period, defined as

tlatent = tincubation − tprodromal, (15)

is placed in the range of 2.7-3.3 days.
The infectiousness period in the study by Di et al. is defined as the duration

of infectiousness after symptom onset [108]. This thesis defines the infectiousness
period to include the prodromal period. According to research conducted by Cevik et
al. and Singanayagam et al. , infectiousness begins a couple of days prior to symptom
onset and lasts for a week or longer after symptom onset, declining over time [70],
[113]. In most cases, infectiousness is not detected after 10 days post symptom
onset. Thus, the infection period in this model is placed in the range of 9-11 days.
Assuming that infectiousness begins 2 days prior to symptom onset, it continues for
approximately one week after symptom onset, which is why confirmed and suspected
COVID-19 cases are urged to isolate for 14 days. However, according to some studies,
severely symptomatic individuals can be infectious up to 20 days [113], [114]. For
this reasons, the ECDC recommends that cases with severe symptoms should be

Table 3: Default parameters.

Parameter Description Value Sources

tincubation The time between exposure and
symptom onset

5 days [108]–[110]

tprodromal The time between becoming infec-
tious and symptom onset

2 days [58], [111],
[112]

tlatent The time between exposure and
becoming infectious

3 days -

tinfectious The time an infected individual
can transmit the virus after symp-
tom onset

10 days [55], [113]

pas Probability of an infected individ-
ual being asymptomatic or pau-
cisymptomatic

0.36 [34], [35],
[108]

pms Probability of an infected individ-
ual experiencing mild symptoms

0.56 [108]

pss Probability of an infected individ-
ual experiencing severe symptoms

0.08 [108]

κs Damping factor for infectiousness,
includes severely and mildly symp-
tomatic cases

1.0 [62]

κas Damping factor for infectiousness,
includes pre-, pauci- and asymp-
tomatic cases

0.55 [62]
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quarantined for 21 days [115].
Because infectiousness has been shown to be related with symptom severity, the

infectious compartment in the SEIR model presented in this thesis is divided into
three sub-compartments [62]. Individual behaviour may also change depending on
symptoms; severely symptomatic individuals are more likely to obey quarantine
guidelines regardless of diagnosis, while asymptomatic individuals are unlikely to
change their behaviour unless diagnosed. As there is uncertainty regarding the
proportion of asymptomatic cases, this model utilises the same distribution as Di et
al. . Di et al. estimated the proportion of asymptomatic individuals to be 20%. Of
the symptomatic cases, 20% were estimated to be paucisymptomatic, 70% with mild
symptoms and 10% with severe symptoms. The model in this thesis assumes that
paucisymptomatic individuals have almost undetectable symptoms, and therefore
does not differentiate between asymptomatic and paucisymptomatic cases. Utilising
the same proportions as defined by Di et al. , the combined asymptomatic and
paucisymptomatic group in this model constitutes 36% of all infected cases, the mildly
symptomatic group 56%, and the severely symptomatic group 8%. The grouping of
asymptomatic and paucisymptomatic individuals is supported by multiple studies
reporting the proportion of asymptomatic cases being as high as 45% [34], [35]. The
more conservative 15-20% reported by others [47], [48] may be a result of check-ups,
during which previously asymptomatic individuals have reported symptoms, leading
to re-assignment to the pauci- or mildly symptomatic group.

As undetected cases (i.e. , pre-symptomatic, asymptomatic, and paucisymp-
tomatic cases) are estimated to have a reduced infectiousness [62], this model uses
the same estimate as Di et al. . The infectiousness of undetected cases relative
to detected cases (i.e. , mildly symptomatic and severely symptomatic cases) is
estimated to be 55% [62]. However, in the real world infectiousness depends on many
factors in addition to symptom severity, including time since exposure, time to or
from symptom onset, and individual risk factors. As such, is it not a set value that
remains constant during the course of the disease.

The basic reproduction number in this work is computed as the average number of
secondary cases produced by a single infection in a completely susceptible population
when the baseline simulation is run 10,000 times. This model utilises parameter
ptransmission to calibrate the model to represent some specific basic reproduction
number. In practice, this is conducted by running the simulation 10,000 times
and selecting a value for ptransmission that results in the desired number secondary

Table 4: Calibration of the transmission model. [11]

R0 ptransmission

1.1 0.00060
2.2 0.00120
3.0 0.00170



30

transmissions from the initially exposed individual. The ptransmission values and
corresponding reproduction numbers adopted by the model in this work are collected
in Table 4.

The baseline model is calibrated to represent a reproduction number R0 = 2.2,
which represents a scenario where some degree of social distancing is occurring, which
suppresses COVID-19 transmission. As a sensitivity analysis, the simulations are
repeated, calibrated to reproduction numbers 1.1 and 3.0. The lower reproduction
number represents a scenario where more robust measures are taken to suppress
disease transmission. The higher value represents a scenario where no mitigation
measures are taken.

3.3 Epidemic model
To initialise the simulation, a dictionary of contacts and a dictionary of nodes are
created. The contact dictionary consists of each recorded time stamp and a static

Table 5: Node states.

State Attributes Description

Susceptible May contract infection, includes vac-
cinated individuals who have not
gained full immunity.

S

Exposed Has been exposed to disease but is
not yet infectious.

E

Pre-symptomatic Infectious but not yet symptomatic.
Is not considered for diagnostic test-
ing but can be detected during screen-
ing.

Ip

Asymptomatic Infectious but asymptomatic or pau-
cisymptomatic. Is not considered
for diagnostic testing but can be de-
tected during screening.

Ias

Mildly symptomatic Infectious and experiencing mild
symptoms. Is tested and quarantined
for 14 days with probability ptested

Ims

Severely symptomatic Infectious and experiencing severe
symptoms. Is tested and quarantined
for 21 days after a delay of 8 hours
post symptom onset.

Iss

Recovered Recovered from infection, immune to
re-infection.

R

Vaccinated Vaccinated and has gained full immu-
nity to re-infection.

V
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network representing all contacts occurring at that time. As the Bluetooth scans were
performed every five minutes, the time stamps in the contact dictionary are placed
300 seconds apart. Each node in the node dictionary is represented by a number of
attributes. These attributes include a unique ID, the current state (presented in Table
5), infectious state (true or false), infectiousness, susceptibility, quarantine status
(true or false), serological status (seropositive or seronegative), and the vaccination
status (vaccinated or unvaccinated).

The simulations are run beginning from one randomly selected initially infectious
node, which is selected from the node dictionary. The starting time of the epidemic is
computed by finding the first time the selected node appears in the contact dictionary.
A random amount of 0-7 days is added before the initial transmission to introduce
randomness into the simulation. The selected node is then exposed to the virus,
changing the node’s state from susceptible (S) to exposed (E). The state E is
followed by the pre-symptomatic stage (Ip) after which the node is assigned to one
of the infectious classes; asymptomatic (Ias), mildly symptomatic (Ims), or severely
symptomatic (Iss). Depending on the infectious class, the node may be quarantined
(Q), and finally all nodes end up in the recovered state (R), as visualised in Figure
7. The severity of the disease is selected based on probabilities described in Table
3. The time points for successive states are also computed based on the default
parameter values.

These time points and corresponding state changes are added to an event queue
together with the node ID. Once the event queue and student dictionary have been
initialised, the simulation begins iterating over consecutive time steps. When a time
point corresponding to an event in the event queue is reached, an action is performed
based on the event. In the baseline simulation the action is either a state change or
the beginning or end of quarantine. The node attribute infectious is changed to true
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Figure 7: The order of state changes. The parameter values are defined in Table 3.
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Figure 8: The model iteration.

when a node becomes pre-symptomatic. The attribute value is changed back to false
during the state change to R. Similarly, the node attribute quarantined is changed to
true when a node is quarantined and changed back to false during the state change
to R. The infectiousness factor depends on the severity of the disease and on the
degree of vaccine-induced immunity. After the action has been performed, the event
is removed from the event queue.

After handling all events of one time point, the model iterates over all contacts
in the network corresponding to that time point. Whenever a contact involves
one susceptible node and one infectious node, and neither one is quarantined, the
probability of disease transmission is calculated. The transmission probability
(Ptransmission) consists of ptransmission and the infectiousness of the source (κ), i.e. ,

Ptransmission = ptransmission × κ. (16)

Following this, the lower the infectiousness of the source is, the lower the transmission
probability is.

The target node is exposed with probability Ptransmission and the consequent state
changes are added to the event queue. This is repeated for each contact of the current
network. The iteration is then repeated for the following five-minute interval and the
corresponding contact network. As the four-week period described by the data is not
long enough to represent a full COVID-19 outbreak, the temporally ordered sequence
of contact networks is repeated until the epidemic ends (i.e. , when no exposed or
infectious nodes are present in the population). The model iteration is illustrated in
Figure 8.

3.3.1 Baseline implementation

In the baseline scenario, individuals with severe symptoms are quarantined 8 hours
after symptom onset and remain quarantined for 21 days. The model assumes that
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all severe cases self-isolate quite soon after symptom onset, and remain in quarantine
or hospitalised for the duration of the disease. Quarantined individuals have no
contacts for the duration of the quarantine. The model does not consider cases where
severely symptomatic individuals are misdiagnosed and stay active in the contact
network, as the symptoms are assumed to be severe enough to require bed rest. No
other intervention measures are in place in the baseline scenario. Figure 9 visualises
the baseline model.

When an individual is quarantined, the node attribute quarantine status is
changed to true, indicating their removal from the contact network. This attribute
is changed back to false at the end of the quarantine. The quarantine lasts for
21 days for severe cases and 14 days for all other cases. The main reason why the
quarantine duration is longer for severe cases than mild cases is that some studies
have identified cases where individuals with severe symptoms have shed replication-
competent virus beyond 20 days after symptom onset [113], [114]. For this reason,
some institutions, such as the ECDC, recommends a longer quarantine for severely
symptomatic individuals [115].

Realistically, quarantine would not completely remove all contacts between an
infectious individual and their susceptible contacts. Even in cases with high quarantine
compliance, many individuals would retain some proportion of their contacts due
to shared housing facilities, such as the bathroom and kitchen. One solution would
be to remove all but the strongest contacts of quarantined individuals. However,
modifying the contact network is out of scope for this thesis.

Currently, it is not known how long naturally acquired immunity lasts, particularly
among asymptomatic and mildly symptomatic cases. One possibility is that it would
take several rounds of re-infection until robust immunity would be attained. However,
also the ways in which a previous infection affects the course of disease in a re-
infection is unknown. Due to these uncertainties, this model assumes that once an
individual has recovered, they are immune to re-infection for the entirety of the
outbreak. Furthermore, the outbreaks simulated in this thesis do not last longer than
six months due to the small size of the population. As temporary immunity often
lasts for several months, it can be considered life-long in the context of this work.
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3.3.2 Test-and-isolate implementation

The test-and-isolate model studies the combination of two parameters: ptested, which
represents the fraction of individuals with mild symptoms that are tested and isolated,
and the diagnosis delay, which represents the delay from the onset of symptoms until
the test results are produced and quarantine begins. ptested obtains values between 0
and 1, while the diagnosis delay obtains values between 0 days and 3 days. The model
assumes diagnostic tests are performed with RT-PCR tests, which have a sensitivity
of 90%. As the sensitivity is under 100%, a fraction of tested mild cases receive false
negative results and do not quarantine, further spreading the disease. A reduced test
specificity would lead to false positive diagnoses and unnecessary quarantines. While
quarantining susceptible individuals protects them from becoming infected, it also
increases societal costs. However, as RT-PCR tests are highly specific, false positive
diagnoses are not considered in this model.

When a mildly symptomatic case is diagnosed they are quarantined for 14 days.
In addition to isolating some fraction of mild cases, all severe cases are quarantined for
21 days after an 8-hour delay post symptom onset. Pre-symptomatic, asymptomatic
and paucisymptomatic individuals are not tested, as the model assumes the testing is
voluntary and only applies to cases with detectable symptoms. Figure 10 visualises
the model: the dashed line represents the fraction of mildly symptomatic individuals
who are quarantined after symptom onset.

There are some limitations to this model. Similarly to the baseline scenario,
it is not realistic to assume total quarantine compliance. Mildly symptomatic
individuals may be less willing to quarantine for the full 14 days compared to severely
symptomatic individuals. Additionally, some individuals might self-isolate as soon as
their symptoms begin instead of waiting until receiving a positive test result.
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Figure 10: The test-and-isolate model.



35

3.3.3 Screening implementation

In the screening scenario a proportion pscreened of the entire population is repeatedly
tested at an interval of 1, 2, 4 or 7 days. As this would realistically require a large
number of rapid, cheap tests, the model assumes screening tests have the properties
of LFD tests. While results could be obtained within 30 minutes of administering the
test, here it is assumed that trained professionals perform the testing and report the
results with a 12-hour delay. The general test sensitivity is 75% but the model also
studies scenarios with different test sensitivity values. Due to the high test specificity,
false positive diagnoses are not considered in this scenario.

The model considers four strategies for selecting screening groups: random, by
degree, by serostatus, and predetermined groups. In the random strategy, a number
of nodes are selected randomly for each screening session. When screening by degree,
the nodes with the highest degree during a randomly selected week are chosen for
testing. When screening by serostatus, only nodes who have not received a positive
diagnosis in the past are considered. This includes all severe cases and the non-severe
cases which have been identified via screening. In the group strategy, the entire
population is divided into random groups prior to the onset of the epidemic. These
groups are then consecutively tested in an initially randomised order. Nodes who
are already quarantined at the day of their screening appointment are excluded from
screening.

Each node in a screening subpopulation is allotted the same testing time, which
is added to the event queue. When this event is in turn, an infected node is identified
with a probability corresponding to the test sensitivity. The delay in test results is
assumed to be 12 hours, which is shorter than for diagnostic tests. After a positive
test result, the node is quarantined. This process is repeated at a rate corresponding
to the screening interval. Figure 11 visualises the screening model, where the dashed
lines represent the pre-symptomatic, asymptomatic and mildly symptomatic cases
that are detected through screening and then quarantined until recovery.

Targeting highly connected nodes is a common approach in network-based models,
as these nodes have the highest number of potentially infectious contacts. By targeting
highly connected nodes, potential superspreaders may be identified and isolated,
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Figure 11: The screening model.
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preventing transmissions [66]. This model considers the total number of contacts of
a node during a randomly selected week. The week is selected by random to avoid
targeting the same subpopulation of highly connected nodes during each simulation.
More complex node measures for describing disease flow exist, such as betweenness
and closeness [23]. Betweenness measures the likeliness of a disease passing through
a specific node when moving through the shortest paths in a network. Betweenness
can be utilised to identify nodes acting as bridges connecting otherwise separate
parts of the network [67], [68]. Conversely, closeness measures how close a node
is to other nodes on average. This describes how quickly an epidemic starting at
that node might infect a large proportion of the network. These measures would
be interesting to consider in the implementation of targeted mitigation measures,
such as screening and vaccination. However, calculating these measures for dynamic
networks can be very computationally intensive, which is why only the weekly degree
of nodes is considered in this work.

3.3.4 Vaccination implementation

In the vaccination model, a proportion pvaccinated of the population is vaccinated
at a predetermined rollout rate. Before the iteration begins, the event queue is
initialised with the initially infectious individual. Then time points are allotted to
the individuals selected for vaccination for the administration of the first vaccination
dose. The rollout rate is defined by the rollout duration, which represents the time
required to administer all first doses to the predetermined fraction of the population.
For instance, if the aim is to vaccinate the whole population and the vaccination
duration is set to 14 days, roughly 50 individuals should receive their first vaccination
dose every day. This model varies pvaccinated between values 0 and 1, the rollout
duration between 14 and 56 days, the start of the rollout from 14 days prior to the
initial infection to 28 days after the initial infection, and implements three different
prioritisation strategies.

After the event queue is initialised, a vaccination queue consisting of the entire
population is formed. The nodes who have been allotted a vaccination time point are
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Figure 12: The vaccination model.
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placed at the end of the queue. When the iteration reaches an event corresponding
to the vaccination administration, it checks to see whether the selected node is
eligible. If they do not meet some criteria (e.g. , they are quarantined or already
vaccinated), the model iterates over the vaccination queue to find the next node who
is eligible. Nodes who are not eligible are moved to the end of the queue. When
an available node is found, they are vaccinated and their individual vaccination
timeline is computed and added to the event queue. They are then removed from the
queue. As vaccines are not 100% effective, some vaccinated individuals may contract
the virus despite being vaccinated. If this occurs, or if an individual is infectious
during the administration of the vaccine, they are automatically assigned to the
asymptomatic class. The vaccination model is illustrated in Figure 12, where the
dashed lines represent the proportion of the population who are vaccinated, and
those of the vaccinated who are infected during the course of the outbreak.

There are four distinct phases to the vaccination timeline, which are visualised in
Figure 13. A vaccinated individual gains no protection during the first two weeks after
receiving the first vaccine dose. Two weeks after receiving the first dose, vaccinated
individuals gain partial immunity and reduced infectiousness in case of infection. At
the three-week mark, the second dose is administered. Simultaneously, the degree of
immunity is further increased, and infectiousness decreased. Finally, one week after
receiving the second dose, the final levels of immunity and infectiousness are reached.

The gradual immunity build-up is implemented in the model by gradually in-
creasing the proportion of vaccinated individuals who gain full immunity against
COVID-19. The proportion of immune individuals at each time step is informed
by the efficacy of the Pfizer-BioNTech vaccine efficacy study conducted in Israel
[95]. Two weeks after the administration of the first dose, 50% of the vaccinated
individuals gain full immunity. The remaining 50% gain a reduced infectiousness
factor of 0.5, indicating that if they are infected, they are less likely to transmit the
virus to others. Of this group, 20% gain full immunity at the three-week mark after
the administration of the first dose, while a reduction in the infectiousness factor
to 0.4 can be observed for the remaining non-immune individuals. One week after
receiving the second dose, 75% of the remaining non-immune individuals become
fully immune. In total, 90% of the vaccinated population gains full immunity during
the four-week immunity build-up. However, the real proportion of fully immune
individuals may be smaller than those stated in Figure 13, as individuals who are
infectious during the vaccination process can not gain full immunity.

The final infectiousness factor κv of the remaining 10% of the vaccinated population
is 0.1. The infectiousness factor of each time point is calculated as

κv(t) = 1 − pimmune(t), (17)

where pimmune(t) is the proportion of the vaccinated population that have gained full
immunity at time t after the administration of the first dose. These values are not
based on the literature, as there are only vague results indicating that vaccination
reduces infectiousness [103], [104].
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reasons related to contact duration heterogeneity. If a vaccinated individual had a
susceptibility factor of 0.5, the individual would not be being protected from 50% of
infectious contacts. Instead, the probability of infection would be reduced by 50% at
every single timestamp during a contact, causing most individuals involved in longer
contacts to become infected despite the vaccination. Furthermore, as the vaccination
outcome is binary (i.e. , infected or not infected), a vaccine efficacy of 50% implies
that 50% of vaccinated individuals are not infected during some trial period, while
the other 50% are infected. Thus, this model considers only two degrees of immunity
(i.e. , immune or not immune) in combination with a gradual reduction in individual
infectiousness.

Regarding the vaccination rollout rate, the model assumes that all individuals
belong to the same age class because they are all university freshmen. In many
countries, one age class is vaccinated at a time, resulting in a shorter rollout duration
per age class than compared to a non-age-stratified strategy. In Helsinki, a new age
group spanning five years is opened for vaccination approximately every second week
[116]. The rollout duration is varied so that it lasts between two to eight weeks.
In Helsinki, this would represent one to four age groups. The starting time of the
vaccination rollout is given values that correspond to both prior to and after the
initial infection. Realistically, a vaccine would not be available for a full rollout until
at least six months after the onset of an epidemic. This delay is not considered in
this work.

The model considers three strategies for selecting the vaccination order. The
first strategy can be considered a baseline; the order is randomly selected. The
second strategy is to target nodes with high degree, which is a standard approach
in network-based models [117], [118]. The computational is similar to the screening
strategy: the queue of students is ordered by the number of unique contacts they
have during a randomly selected week, starting from high and ending in low. If a
highly connected individual is quarantined at the time when they are supposed to
receive their first vaccine dose, they are moved to the end of the queue.

The second strategy involves targeting seronegative individuals, as it has been
demonstrated that distributing vaccines to seronegative individuals yields reductions
in epidemic size in areas with high seroprevalence [7]. The model assumes that every
individual is administered a rapid, point-of-care serological test prior to being vacci-
nated with the first dose. The model considers tests with instant results, a sensitivity
of 85% [81], and a specificity of 98%. While test specificity is not considered in the
test-and-isolate and screening models due to only causing unnecessary quarantines,
it is included in the vaccination model to account for susceptible individuals who
remain unvaccinated due to a false-positive serological test result. As rapid serological
tests are the most accurate three weeks after symptom onset, this model assumes
that only recovered individuals can be detected. As such, if an individual’s status is
R during their appointment for the first vaccine administration, they have a 15%
chance of receiving a false negative test result and thus, be administered the first
vaccine dose. If the test result is a true positive, they are moved to the end of
the queue. Seropositive individuals are de-prioritised instead of completely being
removed from the queue due to uncertainties regarding the longevity of naturally
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acquired immunity. Individuals belonging to the other compartments are assumed to
not have detectable antibodies and are all treated as susceptible. These individuals
receive a true negative test result and be administered the first vaccine dose with a
98% probability. If a susceptible individual receives a false positive test result, they
are moved to the end of the queue.

3.4 Measures of the epidemic outcome
In the literature, the total number of individuals infected during an epidemic is called
the size of the epidemic. The proportion of the population that is infected is called
the attack rate. The distribution of epidemic sizes in a finite population forms a
bimodal shape when R0 > 1. This phenomenon was first recognised in the 1950s
and has been proven to hold for almost any stochastic SIR or SEIR model, including
homogeneously mixed populations and network-based models [119].

When one or more individuals in a population are infected, two outcomes are pos-
sible. A minor epidemic occurs when transmission ceases because infected individuals
fail to make any infectious contacts. The other possibility is a major epidemic, where
the attack rate is higher and the transmission only ceases when there not enough
susceptible individuals in the population that the disease can transmit to [120]. As
discussed in chapter 2, the probability of a major epidemic is zero when R0 < 1.
When R0 > 1, both minor and major epidemics can occur. When R0 increases, both
the attack rate and the probability of a major epidemic increase. This thesis uses
the term outbreak to signify a major epidemic.

Due to this bimodality, choosing an estimate for the size of the outbreak is not
elementary. Calculating the average over the entire set of outcomes, as is typical,
provides a number between zero and the average size of outbreaks. This is represented
by the green, dashed line in Figure 15. Another option is to calculate the percentage
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Figure 15: Visualisation of the attack rate, outbreak threshold, and outbreak attack
rate.
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of instances where the epidemic results in an outbreak. However, this raises the
issue of how to define an outbreak. Mathematically, a distinction between a minor
epidemic and an outbreak only exists when the population is infinitely large. In
a finite population, such as the Copenhagen Network Study data, the distinction
between minor epidemics and outbreaks is more complicated. An outbreak implies
that some kind of uncontrolled, undesired transmission of infection has occurred.
Even as little as one or two cases in a small, isolated community can be considered
an outbreak as a single case can quickly turn into hundreds of cases. This work
defines the threshold of an outbreak as 2% of the total population, or approximately
15 individuals, infected. This is visualised as the red, dashed line in Figure 15. This
work utilises this threshold to calculate the average attack rate of epidemics resulting
in outbreaks, represented by the yellow, dashed line in Figure 15, as well as the
outbreak probability. In practice, each case is repeated 10,000 times and the two
measures are calculated as averages from the results.

To quantify the impact of the different mitigation measures, the relative reduction
in outbreak attack rate and outbreak probability is calculated for each parameter
combination. The reduction in the outbreak attack rate (ρ) is relative to both the
baseline result (ρbaseline) and the outbreak threshold (τ), i.e. ,

δρ = ρ − ρbaseline

ρbaseline − τ
, (18)

and the reduction in the outbreak probability (q) is relative to the outbreak probability
of the baseline simulations qoutbreak, i.e. ,

δq = q − qbaseline

qbaseline

. (19)
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4 Results
This section presents the results obtained from repeating different simulations 10,000
times. Each mitigation measure is first analysed through four visualisations: one
example run of the development of the compartment sizes over the course of an
outbreak, ten simulations of the number of infectious individuals as a function of time,
a distribution of simulation results from 10,000 runs, and a scatter plot representing
the correlation between outbreak attack rate and outbreak probability for different
parameter combinations. Further, the effect of each mitigation measure on reducing
the outbreak attack rate and probability is studied by varying a number of parameter
values. The results are visualised as heat maps. The reduction values are relative to
the baseline results.

4.1 Baseline
When the parameters are tuned to correspond to reproduction numbers 1.1, 2.2, and
3.0, the average outbreak attack rate is 26.9%, 66.7%, and 76.5%, respectively. This
corresponds to 186, 462, and 530 individuals out of 692. The outbreak probability
is 31.8%, 63.9%, and 72.9%, respectively. Left unchecked an epidemic with a
reproduction number of 2.2 or higher would be devastating.

Figure 16 visualises the development of the SEIR compartments. As this is a single
example run, it does not represent average behaviour. Nevertheless, the progression
follows the expected shape of an SEIR model. The susceptible compartment includes
all but one individual at the beginning of the simulation. The end number of
susceptible individuals corresponds to the difference between the number of initially
susceptible individuals and the total number of recovered individuals by the end of
the simulation. Four smaller peaks can be distinguished in the exposed and infectious
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Figure 16: Example run utilising default parameters and R0 = 2.2.
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compartments, which is not unusual for a real-world epidemic. As the recovered
compartment includes possible deaths, the total number of infected individuals is
equal to that of the total number of recovered individuals. The grey line represents
the number of quarantined individuals, which in this instance represents all severely
symptomatic cases. In this instance, the epidemic lasts over three months.

Figure 17 visualises the number of actively infectious individuals over time. The
figure contains 10 runs and does not represent any possible outcome. In this plot,
the time t = 0 is when the first individual is exposed in each simulation. Despite the
simultaneous onset, there is a six-week difference between the peaks of simultaneously
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Figure 17: Timeline of infectious individuals when R0 = 2.2.
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Figure 19: Timeline of infectious individuals when R0 = 3.0.
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Figure 20: Distribution of simulation results from 10,000 runs. The final epidemic
size is divided by the population size to produce the attack rate.

infectious individuals in separate runs. At the most, up to 180 individuals are
infectious simultaneously. The flat line at the bottom of the figure represents
epidemics that do not result in outbreaks. Increasing the reproduction number
produces infectious curves with similar shapes and lengths, as can be seen in Figure
19. However, with the higher reproduction number, the number of simultaneously
infectious individuals peaks at approximately 250. In contrast, when the reproduction
number is lower, the shape changes significantly. The infectious curves peak at roughly
25, and the epidemics are prolonged up to even one whole year. Prolonged, slowly
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spreading epidemics experience multiple small peaks during the active months. These
results are visualised in Figure 18.

The distribution of simulation results is bimodal for all three reproduction numbers,
as illustrated in Figure 20. This is common both in real-world and simulated
epidemics. The height difference of the pillars on the far left indicates that the
lower the reproduction number, the more likely it is for an emerging epidemic to be
extinguished prior to developing into an outbreak (here defined as 2% of the whole
population). Very few epidemics result in outbreaks when R0 = 1.1.

Defining a specific relative reduction that is effective enough is not elementary.
For instance, reducing the outbreak attack rate by 50% seems quite effective, but
almost 40% of the population would still become infected if the reproduction number
was 3.0. Table 6 illustrates the approximate relative reduction required to drop the
outbreak attack rate and the outbreak probability below certain thresholds.

Table 6: Relative reduction required to drop either measure below different thresholds.
The column "Measure" refers to either the outbreak attack rate or outbreak probability.

Measure Relative reduction
R0 = 1.1 R0 = 2.2 R0 = 3.0

5% 85% 95% 95%
10% 65% 85% 85%
20% 25% 70% 75%
30% - 55% 60%

4.2 Test-and-isolate
In this scenario, the delay from symptom onset until the beginning of quarantine
and the fraction of mildly symptomatic individuals who are tested and isolated (i.e. ,
ptested) are varied. The effect of a higher test sensitivity is also studied.

The run visualised in Figure 21 represents a scenario where all mild cases are
tested and then quarantined one day after symptom onset. The infectious curve
is considerably flatter than in the baseline simulation. The quarantined curve on
the other hand is higher than in the baseline scenario, due to isolating a fraction
of mild cases in addition to all severe cases. Repeating the run 10 times results in
four outbreaks, as visualised in Figure 22. Two outbreaks remain minor, while two
reach the number 60, which is a fourth of the number of simultaneously infectious
individuals in the baseline scenario. One of the simulated epidemics remains active
for over four months.

The distribution of simulation results in Figure 23 is bimodal in the case of less
effective strategies, while almost all outbreaks seem to be prevented in the case
where all mildly symptomatic individuals are tested and then quarantined at the
onset of their symptoms. Despite the difference in the fraction of cases tested and
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Figure 21: Example run where 80% of the mildly symptomatic cases are tested, the
diagnosis delay is one day, the test sensitivity is 90%, and R0 = 2.2.
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Figure 22: Timeline of infectious individuals where 80% of the mildly symptomatic
cases are tested, the diagnosis delay is one day, the test sensitivity is 90%, and
R0 = 2.2.

in the diagnosis delay, the two peaks on the right are quite close to each other,
indicating that increasing testing and reducing the delay does not have a strong
effect on reducing the outbreak attack rate. The different height of the pillars on
the left indicates that test coverage and diagnosis speed has an effect on reducing
the outbreak probability. The outbreak attack rate grows linearly with the outbreak
probability for varying values of ptested and diagnosis delay, with a correlation higher
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than 0.95. The relationship is visualised in Figure 24.
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Figure 23: Distribution of simulation results for three combinations of parameter
pair values, where the test sensitivity is 90% and R0 = 2.2.
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4.2.1 Effect of test coverage and diagnosis delay
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Figure 25: Relative reduction in the outbreak attack rate and outbreak probability
when the test coverage and the diagnosis delay are varied. The test sensitivity is
90% and R0 = 2.2.

Figure 25 visualises the simulation results when the test coverage and the diagnosis
delay are varied. The closer the individual square colour is to yellow, the more effective
the parameter combination is at reducing both measures. The colours in the colour
map correspond to the same values throughout this chapter. As the measures are
linearly dependent, it is not surprising that the higher the tested fraction and the
shorter the diagnosis delay, the larger the relative decrease in both measures is.
Testing and isolating 100% of mildly symptomatic individuals yields a slightly larger
reduction in the outbreak attack rate than in the outbreak probability. However, for
lower ptested values the reduction in the outbreak probability is larger than in the
outbreak attack rate. For example, testing 50% of mildly symptomatic individuals
and isolating them 12 hours after symptom onset reduces the outbreak probability by
31%, while the average outbreak attack rate reduces by only 22%. For long diagnosis
delays, the reduction is similar for both efficacy measures. The test-and-isolate
strategy is only effective when the diagnosis delay is one day or shorter and over 75%
of the mild cases are tested.

4.2.2 Effect of a higher test sensitivity

Figure 26 presents the results from a scenario where the test sensitivity is 100%. The
higher test sensitivity reduces both the outbreak attack rate and outbreak probability
by approximately 10 percent points more than a 90% test sensitivity when 75% or
more of mild cases are tested. For lower fractions of cases tested, the difference is
insignificant. With a higher test sensitivity, promising results can be obtained with
a slightly lower fraction of mildly symptomatic cases tested. However, the diagnosis
delay should not be prolonged past one day.
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Figure 26: Relative reduction in the outbreak attack rate and outbreak probability
when the test coverage and the diagnosis delay are varied. The test sensitivity is
100% and R0 = 2.2.

4.2.3 Effect of a lower reproduction number
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Figure 27: Relative reduction in the outbreak attack rate and outbreak probability
when the test coverage and the diagnosis delay are varied. The test sensitivity is
90% and R0 = 1.1.

Figure 27 presents the results from the test-and-isolate simulations when R0 = 1.1.
These results are relative to the results obtained from running the baseline model
with a reproduction number R0 = 1.1. In this scenario, the test-and-isolate strategy
is more effective at reducing the outbreak attack rate than the outbreak probability,
although both measures are significantly reduced. For the outbreak attack rate, the
diagnosis delay has a smaller impact than the fraction of mild cases tested. For
instance, testing 100% of mild cases reduces the outbreak attack rate by 82% and
94% when the diagnosis delay is 3 days and 0 days, respectively. In contrast, when
the diagnosis delay is zero, the outbreak attack rate is reduced by 94% and 46%,
when the fraction of mild cases tested is 100% and 25%, respectively. Overall, very
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promising results are obtained when 50% or more of mild cases are tested, bringing
the outbreak attack rate under 10%. A shorter diagnosis delay can to some degree
compensate for a lesser test coverage.

4.2.4 Effect of a higher reproduction number
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Figure 28: Relative reduction in the outbreak attack rate and outbreak probability
when the test coverage and the diagnosis delay are varied. The test sensitivity is
90% and R0 = 3.0.

Figure 28 presents the results of test-and-isolate simulations when R0 = 3.0,
which represents a scenario where no other mitigation measures are taken, such as
mask wearing. These results are relative to the results obtained from running the
baseline model with a reproduction number R0 = 3.0.For a high reproduction number,
corresponding to early estimates from China [25] and France [26], the test-and-isolate
strategy is not enough to significantly contain and prevent outbreaks. Similar to the
results obtained when R0 = 2.2, the test-and-isolate strategy reduces the outbreak
probability more effectively than the outbreak attack rate. For example, screening
75% of mild cases with a diagnosis delay of 12 hours reduces the outbreak probability
by 36%, but the outbreak attack rate by only 23%. The distinction is most evident
at high testing fractions and short diagnosis delays.

4.2.5 Summary

For R0 = 2.2 the test-and-isolate strategy only has a significant epidemic suppressing
effect when all mild cases are isolated within a day of symptom onset. For a lower
reproduction number, smaller proportions and longer diagnosis delays are sufficient.
The results indicate that while the strategy it is beneficial to test and isolate mildly
symptomatic individuals, it is likely not enough to contain and prevent outbreaks
unless other mitigation measures are implemented to reduce the reproduction number.
Such mitigation measures could be mask wearing, enhanced hand hygiene, and social
distancing. This finding is compatible with those by Firth et al. [18] and is likely due
to the fact that pre-symptomatic and asymptomatic individuals cause a significant
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proportion of secondary transmissions, as theorised by Moghadas et al. [82]. Increasing
the test sensitivity only has a marginal effect on reducing the outbreak attack rate
and outbreak probability.

4.3 Screening
The effect of screening on reducing the outbreak attack rate and outbreak probability
is studied by varying the values for the screening interval, the percentage of the
population screened at a single screening session, the sensitivity of screening tests,
and the targeting strategy. Screening changes the contact network in a similar
way as the test-and-isolate strategy; detected infectious individuals are quarantined,
and in practice removed from the contact network. However, as screening does
not specifically target symptomatic individuals, many tests can be wasted on non-
infectious individuals, while mildly symptomatic individuals who are more infectious
than asymptomatic or paucisymptomatic individuals might not be detected. For all
simulations below, it is assumed that the delay from being tested to receiving the
test results and quarantining is 12 hours.

The shapes of the compartment lines are quite similar to those in figures 21 and
29. The grey line for quarantined individuals is slightly higher, which is expected
with repeated mass testing. When the same scenario is repeated 10 times, four
instances result in outbreaks. However, only two outbreaks reach a significant size
and continue for multiple months. These instances are represented by the pink and
turquoise lines in Figure 30. These two instances reach roughly the same number of
simultaneously infectious individuals as the test-and-isolate strategy.

As in Figure 23, the simulation results in Figure 31 are bimodal. The orange
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Figure 29: Example run where the population is divided into four groups which
are tested with a two-day interval between groups. The test sensitivity is 75% and
R0 = 2.2.
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Figure 30: Timeline of infectious individuals where the population is divided into four
groups which are tested with a two-day interval between groups. The test sensitivity
is 75% and R0 = 2.2.
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Figure 31: Distribution of simulation results for three combinations of parameter
pair values, where the test sensitivity is 75% and R0 = 2.2.

and green peaks on the right are situated at a distance from each other, indicating
that the screening fraction and interval do affect the outbreak attack rate. The
height difference of the pillar on the far right indicates that screening also affects
the outbreak probability. When the screening strategy and interval are varied, the
outbreak attack rate grows linearly with the outbreak probability, as visualised in
Figure 32. The correlation is higher than 0.95 also in the cases where the test
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sensitivity and the number of individuals screened are varied.
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Figure 32: Effectivity measure correlation where the screening strategy and the
screening interval are varied. The test sensitivity is 75% and R0 = 2.2.

4.3.1 Effect of screening coverage
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Figure 33: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and sizes of screening groups, where the individuals
are selected randomly at every screening session. The test sensitivity is 75% and
R0 = 2.2.

Figure 33 presents the results from simulations varying the values for pscreened and
the screening interval. The tested individuals are selected randomly during each
screening session. By screening the whole population every one or two days, or
screening half of the population every day, almost all outbreaks are prevented and
the average outbreak attack rate is reduced to under 5% of the population. There
seems to be a threshold along the diagonals starting from the bottom left corner and
going to the top right corner of both heat maps, indicating that by doubling the size
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of screening groups the screening interval can be halved with no significant change to
the effectivity measure. When the aim is to drop the outbreak attack rate and the
outbreak probability to 10% or lower, one could test 25% of the population every day,
50% of the population every two days, or 100% of the population every four days.
On average, this would correspond to each individual being tested every four days.

However, this behaviour is not completely consistent. For example, screening
the whole population every four days reduces the outbreak probability by 92%,
while screening 25% of the population every day reduces the outbreak probability
by 74%. The reason why larger groups with longer intervals yield better results
could be the random selection strategy employed in this scenario. As the screened
individuals are selected randomly from the non-quarantined population, the same
individuals could be selected multiple times during the same week. This means that
the screening coverage over individuals decreases. This hypothesis seems likely based
on simulations conducted where the population is divided into predetermined groups.
These results are visualised in Appendix A.

4.3.2 Effect of screening sensitivity
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Figure 34: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and test sensitivity values. Each screening session
covers 25% of the population, where the individuals are selected randomly. R0 = 2.2.

Figure 34 compares the effect of the test sensitivity is with the effect of the
screening interval. At each screening session, 25% of the total population is randomly
selected for testing. Screening tests with higher sensitivity are beneficial in reducing
outbreak attack rate when the screening interval is one or two days. In the context
of reducing outbreak probability, higher accuracy tests are quite beneficial even at
a screening interval of four days. However, for pscreened = 0.25, the length of the
screening interval has a larger effect on the results than the test sensitivity does.
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4.3.3 Effect of targeted screening
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Figure 35: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and individual screening strategies. Each screening
session covers 25% of the population, the test sensitivity is 75%, and R0 = 2.2.

Figure 35 presents the results of the screening strategies. In this scenario, each
screening session covers 25% of the population, excluding already quarantined in-
dividuals. For daily screening, pre-defined screening groups and targeting highly
connected individuals yield the best results in terms of reducing both the outbreak
attack rate and the outbreak probability. However, at longer intervals only the
degree-based strategy out-performs the other strategies by a significant amount.
Both the outbreak attack rate and the outbreak probability drop below 20% when
testing the most connected individuals every two days. In fact, this strategy is as
effective as screening a random 25% of the population every single day in terms
of reducing the outbreak attack rate. Targeting seronegative individuals produces
marginally better results than random selection in terms of reducing the outbreak
attack rate, but not in terms of the outbreak probability. The reason is likely that it
takes some time for enough individuals to be assigned the seropositive status, and
by the time a significant proportion of the population has gained that status, it is
already too late to prevent an outbreak.

4.3.4 Effect of a lower reproduction number

Figure 36 presents the results of the same strategies and a lower reproduction number.
All parameter combinations are more effective at reducing both the outbreak attack
rate and outbreak probability when the reproduction number is lower. Targeting
highly connected individuals is the most effective strategy also with a lower repro-
duction number. Screening by pre-determined groups is slightly more effective than
targeting seronegative individuals and random selection. To drop the outbreak
attack rate below 20%, the screening interval can be increased to seven days for the
degree-based strategy and four days for the other strategies. The effect on reducing
the outbreak probability is not quite as strong.
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Figure 36: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and individual screening strategies. Each screening
session covers 25% of the population, the test sensitivity is 75%, and R0 = 1.1.

4.3.5 Effect of a higher reproduction number
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Figure 37: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and individual screening strategies. Each screening
session covers 25% of the population, the test sensitivity is 75%, and R0 = 3.0.

In Figure 37 the screening strategies are tested in a setting with a higher repro-
duction number. For a reproduction number of 3.0, daily screening of 25% of the
population is required to drop the outbreak attack rate and the outbreak proba-
bility below 30%. By dividing the population into four groups or targeting highly
connected individuals, both measures can be dropped below 20%. Furthermore,
targeting seronegative individuals is significantly more effective than random selec-
tion at reducing the outbreak attack rate in this setting. This is likely due to more
individuals becoming infected and thus, seropositive, when the reproduction number
is higher.
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4.3.6 Summary

Testing every individual every four days on average with a test sensitivity of 75%
drops both the outbreak attack rate and the outbreak probability below 10% when
the reproduction number is 2.2. For a lower reproduction number, individuals can
be tested less frequently to result in a sufficient reduction of both measures. For
a higher reproduction number, more than 25% of the population should be tested
daily to obtain sufficient reductions. As screening larger groups than 25% of the
population on a daily basis may not be feasible in the real-world settings, it is likely
that screening alone is not sufficient to contain and prevent outbreaks unless other
mitigation measures are taken to reduce the reproduction number. However, even at
high reproduction numbers, screening is exceedingly more effective than testing only
symptomatic individuals.

The most effective screening strategy is targeting highly connected individuals,
as they are the most likely to cause many secondary transmissions. Utilising this
strategy, the screening interval can be increased without losing effectiveness in terms of
reducing the outbreak attack rate and outbreak probability. Dividing the population
into predetermined groups that are screened consecutively is an adequate alternative
when contact information is not available. The application of more sensitive tests is
beneficial, but the effect is only marginal when compared to the effect of average
screening interval per individual and different targeting strategies. These results are
in agreement with those reported previously by Larremore et al. [11], who found that
test sensitivity is secondary to screening frequency and speed of reporting results.

4.4 Vaccination
In this scenario, the effect of the following five parameters are studied in terms of
reducing the outbreak attack rate and outbreak probability: pvaccinated (i.e. , the
fraction of the population that is vaccinated), the targeting strategy, the rollout
start, the rollout duration, and the number of doses administered per individual.

Figure 38 illustrates the gradual vaccine rollout and immunity build-up. The
purple line represents individuals who have reached the highest degree of immunity
at four weeks after receiving the first dose. The number of infectious individuals
in Figure 38 starts declining around the time when 100 individuals have gained
full immunity. As in the baseline scenario, the grey line, representing quarantined
individuals, is equal to the number of severely symptomatic who are assumed to self
isolate within 8 hours of symptom onset.

Figure 39 visualises the development of the infectious compartment as a function
of time. The large variation in peak height and the duration of the epidemic sets
the shape of the infectious compartment apart from earlier examples. From the 10
example runs visualised, even the longest epidemics last only for 80 days, when some
epidemics last for 140 days in figures 22 and 30. Some instances reach over 100
simultaneously infectious individuals, which is almost double the number of the two
previous scenarios.
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Figure 38: Example run where 75% of the population is vaccinated with two doses.
The vaccination rollout begins 14 days after the initial infection, highly connected
individuals are vaccinated first, and each individual has been administered the first
dose within 28 days. R0 = 2.2.
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Figure 39: Timeline of infectious individuals where 75% of the population is vaccinated
with two doses. The vaccination rollout begins 14 days after the initial infection,
highly connected individuals are vaccinated first, and each individual has been
administered the first dose within 28 days. R0 = 2.2.

In the instances visualised in figures 38 and 39, 75% of the population is vaccinated
by the end of the simulation. Ideally, the vaccination program would cover the entire
population, but some degree of vaccine hesitancy is to be expected. Furthermore,
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Figure 40: Distribution simulation results for three combinations of parameter pair
values, where each individual is administered two doses, the rollout starts on the
same day as the initial infection and lasts for 28 days, and R0 = 2.2.
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Figure 41: Effectivity indicator correlation where the vaccine coverage and the
targeting strategy are varied. Each individual is administered two doses, the rollout
starts on the same day as the initial infection and lasts for 28 days, and R0 = 2.2.

immunocompromised individuals who are not able to receive the vaccination due
to medical reasons are present in most populations. According to a recent study,
as many as 25% of European adults stated they were either rather unlikely or very
unlikely to take the COVID-19 vaccine [121]. According to the study, students are
the least vaccine averse with only 13% reporting hesitancy against the COVID-19
vaccine.

For a low vaccine coverage, represented by the green bins in Figure 40, the
distribution has a similar, bimodal shape as in the baseline scenario. For a higher
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vaccine coverage, represented by the orange and blue bins, the distribution is no
longer bimodal. As the pillars on the far left (i.e. , the instances not resulting
in outbreaks) are all of similar heights, vaccination coverage likely does not affect
outbreak probability. When varying the vaccine coverage and targeting strategies,
pictured in Figure 41, thir mutual correlation obtains a value just under 0.75. While
the outbreak attack rate depends linearly on the outbreak probability in the previous
scenarios, it only grows quadratically with outbreak probability for vaccination
scenarios.

4.4.1 Effect of the vaccination rollout timeline
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Figure 42: Relative reduction in the outbreak attack rate and outbreak probability
when varying the values for rollout initialisation and rollout duration. A random
selection of 75% of the population is vaccinated with two doses and R0 = 2.2. The
rollout start is reported relative to the initial infection day. When the rollout duration
value is zero, no vaccination is carried out.

Figure 42 visualises the results obtained when varying the rollout duration and
the rollout start time. The rollout duration represents the time required to administer
the first dose to the selected proportion of the population in a random order. An
early rollout start reduces the outbreak attack rate more than a rapid rollout does.
However, even at a late rollout start, a rapid rollout is beneficial. Dropping the
outbreak attack rate to 20% is possible even when vaccination starts 14 days after
the initial infection as long as the rollout is completed in 14 days or faster. The
only scenario where vaccination has a significant effect on reducing the outbreak
probability is when 75% or more of the population have received their first dose prior
to the initial infection.

4.4.2 Effect of targeted vaccination

The results in Figure 43 illustrate the effect of targeted vaccination strategies.
Targeting individuals with the most contacts is exceedingly more effective than
vaccinating individuals in a random order or prioritising seronegative individuals.



61

random
degree

serostatus

vaccination strategy

0.0

0.25

0.5

0.75

1.0
p_

va
cc

in
at

ed

0 0 0

-31 -62 -30

-61 -83 -61

-79 -88 -79

-85 -91 -85

Outbreak attack rate, %

random
degree

serostatus

vaccination strategy

0.0

0.25

0.5

0.75

1.0

p_
va

cc
in

at
ed

-1 -2 -1

-3 -5 0

-3 -12 -4

-6 -21 -6

-12 -27 -11

Outbreak probability, %

Figure 43: Relative reduction in the outbreak attack rate and outbreak probability
for varying vaccine coverages and three targeting strategies. Each individual is
administered two doses, the rollout starts on the same day as the initial infection
and lasts for 28 days, and R0 = 2.2.

This strategy reduces the outbreak size by 83% when 50% of the population is
vaccinated, while targeting the same number of random individuals and seronegative
individuals reduces the outbreak attack rate by 61%. Even when only 25% of
the population is vaccinated, the outbreak attack rate drops below 30% when the
most connected individuals are targeted. In fact, by prioritising highly connected
individuals, the proportion of the population that is vaccinated can be reduced by 25
percent points without losing epidemic suppression effects. For instance, vaccinating
75% of the population by prioritising the most connected individuals reduces the
outbreak attack rate by 88%, while vaccinating 100% of the population in a random
order reduces the outbreak attack rate by 85%.

As could be expected, vaccination is not effective at reducing the outbreak
probability. At best, the reduction in outbreak probability is 27%. This is most
likely due to the gradual rollout and immunity build-up, as most transmissions occur
at the beginning of outbreaks.

The reason why targeting seronegative individuals yields the same results as
random selection is most likely that the vaccination rollout starts at the same time
as the initial infection occurs. For this reason, no established subpopulation of
seropositive individuals exists that can be deprioritised.

4.4.3 Effect of a delay in the vaccination rollout

In a scenario where the vaccination rollout begins 28 days after the initial infection,
the overall effect of vaccination is diminished. Even at its best, vaccination does not
prevent any outbreaks, as can be seen in Figure 44. Furthermore, the outbreak attack
rate is only reduced by 35% even when the whole population is vaccinated. The reason
why prioritising highly connected individuals loses some of its effectiveness during a
late vaccination rollout could be that the individuals with the most connections are
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Figure 44: Relative reduction in the outbreak attack rate and outbreak probability
for varying vaccine coverages and three targeting strategies. Each individual is
administered two doses, the rollout starts 28 days after the initial infection and lasts
for another 28 days, and R0 = 2.2.

often infected early on in a pandemic. For this reason, possible superspreading events
may already have occurred prior to the vaccination rollout. Furthermore, despite the
four-week period for seropositivity to build up, targeting seronegative individuals is
not more effective than random selection.

4.4.4 Effect of a limited vaccine supply
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Figure 45: Relative reduction in the outbreak attack rate and outbreak probability
for varying vaccine coverages and three targeting strategies. Each individual is
administered one dose, the rollout starts on the same day as the initial infection and
lasts for 28 days, and R0 = 2.2.

The results obtained when administering only one dose to vaccinated individuals
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is very similar to those obtained when administering two doses, as can be seen in
Figure 45. Assuming the studied population only had access to 700 doses of vaccines,
they could choose to either administer one dose to the whole population, or two
doses to half of the population. Vaccinating the whole population in random order
with one dose reduces the outbreak size by 83% and the outbreak probability by 10%.
When the same number of doses are administered in a two-dose regimen to half of the
population, the outbreak size is reduced by 61% and the outbreak probability by 3%.
These results indicate that when the vaccine supply is limited, the superior strategy
is to vaccinate as many as possible with only one dose. However, when individuals
with the highest number of weekly contacts are vaccinated with two doses, the same
reduction is obtained as vaccinating the whole population with one dose in a random
order.

4.4.5 Effect of a lower reproduction number
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Figure 46: Relative reduction in the outbreak attack rate and outbreak probability
for varying vaccine coverages and three targeting strategies. Each individual is
administered two doses, the rollout starts on the same day as the initial infection
and lasts for 28 days, and R0 = 1.1.

Figure 46 presents the results of the same vaccination strategies in a scenario where
the reproduction number is reduced to 1.1. As expected, the outbreak attack rate is
dropped below 10% even at a low vaccine coverage. At a low coverage, prioritising
highly connected individuals is the most effective strategy. For a low reproduction
number, the epidemic growth is slower, which is likely why vaccination is quite
successful at containing outbreaks.

Surprisingly, vaccination proves to be relatively effective at preventing outbreaks
when the reproduction number is low enough. Vaccinating 75% of the population by
prioritising highly connected individuals drops the outbreak probability below 5%.
This is likely due to the rather slow spreading of the disease.
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4.4.6 Effect of a higher reproduction number

random
degree

serostatus

vaccination strategy

0.0

0.25

0.5

0.75

1.0

p_
va

cc
in

at
ed

0 0 0

-21 -36 -21

-42 -66 -42

-60 -77 -60

-71 -82 -71

Outbreak attack rate, %

random
degree

serostatus

vaccination strategy

0.0

0.25

0.5

0.75

1.0

p_
va

cc
in

at
ed

-1 0 -1

-2 -2 -1

-1 -4 -1

-2 -8 -1

-4 -10 -4

Outbreak probability, %

Figure 47: Relative reduction in the outbreak attack rate and outbreak probability
for varying vaccine coverages and three targeting strategies. Each individual is
administered two doses, the rollout starts on the same day as the initial infection
and lasts for 28 days, and R0 = 3.0.

Figure 47 presents a scenario where R0 = 3.0. As expected, vaccination is even less
effective at preventing outbreaks when the reproduction number is higher. However,
when 75% of the population is vaccinated, the outbreak attack rate can be dropped
below 30%. If highly connected individuals are prioritised, the outbreak attack rate
can be further reduced to below 20%.

4.4.7 Summary

While vaccination yields a strong reduction in the outbreak attack rate even at an
intermediate vaccine coverage, it is only effective at reducing the outbreak probability
when initiated prior to the epidemic onset and combined with other mitigation
measures to reduce the reproduction number. This is likely due to the gradual rollout
and immunity build-up. This hypothesis is supported by the finding that the earlier
the rollout begins, the more the outbreak probability is reduced.

Prioritising individuals with a high number of weekly contacts is the most effective
strategy in terms of reducing the outbreak attack rate and outbreak probability,
as these are the individuals that cause the most secondary transmissions. This
effect coincides with that observed by Mones et al. , who discovered that prioritising
individuals with a high closeness centrality within a cyber network in a vaccination
programme was effective against diseases with short-range modes of transmission,
such as COVID-19 [44].

Furthermore, the results imply that in the short term it is more effective to
vaccinate as many as possible with one dose than to administer two doses to only
half of the population. This strengthens the grounding of the decision made in
some countries to initially administer only one dose per individual [97]. However,
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administering two doses to the half of the population with the most contacts is almost
as effective as randomly vaccinating the whole population with one dose.

As with previous strategies, vaccination becomes more effective when other
mitigation measures are taken to reduce the reproduction number. This is in
line with existing research findings [19]. However, by prioritising highly connected
individuals and vaccinating a sufficient proportion of the population within a month
of the initial infection, vaccination on its own is enough to contain an outbreak
without other mitigation measures present.

The results obtained in this thesis indicate no effectiveness gain in targeting
seronegative individuals. This could be due to a logical error or an error in the
model. It could also simply be a feature the dynamics: targeting seronegative
individuals makes no difference for a high vaccine coverage because of the low number
of seropositive individuals (as infections are prevented by vaccination), and for a
low vaccine coverage so few are vaccinated that the suppressive effect is limited.
Targeting seronegative individuals could provide marginal benefits in a mid-pandemic
setting, where the seroprevalence is already established, as demonstrated by Bubar
et al. [7].
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5 Discussion
In the ongoing fight against the COVID-19 pandemic, mitigation measures that
minimise transmission play a critical role. Targeted measures, such as the isolation
of symptomatic cases are considered essential in containing potential outbreaks and
in limiting societal costs. Moreover, with limited access to vaccines and test units,
the optimal targeting of available resources is crucial.

Most existing research that studies the effect of different mitigation measures
on COVID-19 transmission considers either homogeneously mixed populations or
model networks of interactions. However, real-world contacts exhibit many non-
trivial structural and temporal features that are known to have an impact on disease
transmission [15]. Few studies modelling COVID-19-specific mitigation measures with
real-world contact data have been published as of writing this thesis. These studies
have quantified the effect of manual and digital contact tracing, largely overseeing
other possible mitigation measures [18]–[20]. This thesis quantifies the effect of
different mitigation measures by leveraging real-world contact data describing contacts
in a densely connected population of 692 students and a SEIR-inspired compartmental
model. The effect of each mitigation measure is quantified by computing the relative
reduction in the outbreak attack rate and outbreak probability relative to baseline
results.

The results demonstrate that while testing and isolating all severe cases and
a fraction of mildly symptomatic cases is beneficial, it is not enough to contain
and prevent outbreaks unless other mitigation measures are instigated to reduce
the reproduction number. This is likely a consequence of pre-symptomatic and
asymptomatic transmission. Furthermore, test sensitivity is found to only have a
marginal effect both in the context of symptomatic testing and population-wide
screening. Testing every individual on a four-day average interval yields a strong
decrease in both the outbreak attack rate and outbreak probability when the repro-
duction number is 2.2. Targeting the individuals with the highest number of weekly
contacts is the most effective strategy, as these individuals likely cause a majority
of secondary transmissions. Utilising this strategy, the screening interval can be
doubled while still retaining the same reduction in both the outbreak attack rate
and outbreak probability. Dividing the population into predetermined groups to
be screened consecutively is an adequate alternative to the degree-based strategy
at short screening intervals. For a lower reproduction number, individuals can be
tested less frequently to produce a sufficient reduction in the outbreak attack rate
and outbreak probability. For a higher reproduction number, more frequent testing
than 25% every day is required, which may not be feasible in a real-world setting.
This indicates that screening may not be sufficient to contain and prevent COVID-19
outbreaks unless some other mitigation measure is implemented simultaneously.

Both previous strategies result in a linear relationship between the outbreak attack
rate and the outbreak probability, indicating that both measures are reduced by
approximately the same amount. Interestingly, the outbreak attack rate only grows
quadratically with the outbreak probability in vaccination simulations. Vaccination
is highly effective at reducing the outbreak attack rate even when no other mitigation



67

measures are taken, although the suppressive effect is enhanced in scenarios with
a lowered reproduction number. For vaccination to have a significant effect on
reducing the outbreak probability, the vaccination rollout must be initialised prior to
the initial infection due to the gradual rollout and immunity build-up. Prioritising
individuals with the highest number of weekly contacts is considerably more effective
than a random vaccination order. The simulation results indicate that vaccinating
highly connected individuals early on is especially important, as these individuals
are often the first to become infected and may cause a large number of secondary
transmissions. Furthermore, when faced with a limited supply of vaccine doses, the
simulation results imply that the most effective strategy is to administer one dose to
as many as possible instead of administering two doses to fewer individuals. However,
a low-coverage, two-dose strategy can be significantly improved by targeting highly
connected individuals.

Despite the promising results, there are real-world limitations to targeting highly
connected individuals for screening and vaccination purposes. The model in this
thesis is informed by a complete set of contact data for each study participant, but
in a realistic setting, public health officials do not have access to this type of physical
proximity data. Nevertheless, it is possible to adapt the strategy to more strongly
privacy-preserving protocols, for instance by considering cyber contacts [44] or groups
of individuals known to have a large number of contacts, such as essential workers.

This thesis has a number of limitations which are important to make explicit.
The contact data used to inform the epidemic model corresponds to a limited social
environment and does not include all possible contexts and their mutual interplay.
The data also does not include interactions between the studied population and the
general population, while even quite isolated populations are prone to exogenous
shocks of disease. Moreover, as the data was collected pre-COVID-19, it does
not describe behavioural changes caused by an emerging epidemic, such as social
distancing and remote working. However, even though the data set corresponds
to a limited context and population, it encompasses the wealth of structural and
temporal heterogeneities which are lacking in model networks of interactions. It is
important to note that the Copenhagen Network Study data used in this thesis is a
state-of-the-art set of data, and that at the time of writing this thesis, a superior set
of data describing dynamic, real-world contacts does not exist.

In the future, it would be interesting to study disease transmission on a larger
contact network, for instance consisting of tens of thousands of individuals. This
would make the results less limited in terms of social context. A larger network
could be achieved by recruiting a larger number of participants to wear sensors or
download a proximity tracking application to their personal mobile phone. Another
way forward could be to use existing contact data to construct a larger, artificial
contact network that contains the salient features of the data.

It would also be fascinating to study the effects of using some artificial contact
network instead of real-world contact data to inform the SEIR-model presented in this
thesis. For instance, the network could be randomised by removing features through
some modification schemes or by aggregating some dynamics out of the network. One
of the most common ways to modify a network is to randomly re-assign the original
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links [41]. For dynamic networks, the original event sequence can also be randomised
to remove time-domain structure and correlations. Furthermore, edges, nodes and
times can be added, shuffled, reassigned, or removed. Studying the effects of contact
duration heterogeneity on disease transmission could be achieved by randomising the
duration of individual contacts in the Copenhagen Network Study data. Nevertheless,
modifying real-world networks does remove potentially crucial information. Until it
is known how small bits of information and hidden structures found in real-world
contacts affects patterns of disease transmission, real-world dynamic networks provide
the most detailed representations of human contacts.

Another area for future development is the parametrisation of the transmission
model and mitigation measures. As COVID-19 has only been known for a year
and a half as of writing this thesis, there are still many unknown variables and
parameters, such as the long term effects of disease and the variability in the immune
response of individuals. There is also additional uncertainty due to the new variants
of concern, of which many are still relatively unknown in terms of parameters.
It will be interesting to see how current estimations evolve, and whether those
changes have a significant effect on the results presented in this thesis. Once more
evidence is available, it would be compelling to modify the transmission model to
represent different SARS-CoV-2 strains and utilise time-dependent distributions for
both mitigation measures and disease-related parameters. For instance, one could
sample the individual infectiousness from a time-dependent viral load distribution
and implement a gradual rollout for each mitigation measure. Furthermore, with
additional computational power, alternative mitigation measures and combinations
of previously modelled interventions could be implemented to study their mutual
interplay.

If future evidence were to demonstrate that COVID-19 is airborne, the model
could also be expanded from the current proximity-based transmission to simulate
aerosol-based transmission by implementing temporal cluster detection. By chaining
contacts, the model could be developed to identify environments such as classrooms
or student cafeterias, where the virus could spread without direct physical proximity
to an infectious individual.

In conclusion, this thesis provides a wide review of existing research within the
field of COVID-19 modelling considering both homogeneously mixed populations
and real-world dynamic networks. Furthermore, this thesis contributes to the field of
epidemic modelling by utilising state-of-the-art contact data to quantify the effect
of testing, screening and vaccination against localised COVID-19 outbreaks. The
results also provide a map of the effect different parameters have on mitigation
measure effectiveness in terms of reducing the outbreak attack rate and outbreak
probability. Finally, this thesis emphasises the importance of targeting highly
connected individuals to contain COVID-19 outbreaks and highlights the benefits
of combining targeted interventions with general measures to reduce COVID-19
transmission.
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Figure A1: Relative reduction in the outbreak attack rate and outbreak probability
for varying screening intervals and sizes of screening groups, where the individuals
are divided into 1, 2, 4, or 10 predetermined groups, which are then tested in an
initially randomised, consecutive order. The test sensitivity is 75% and R0 = 2.2.
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