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Abstract

Analysis, prediction and decision support for contagion spread and its associated
risk with Ordinary Differential Equation models proved to be challenging in terms
of incorporating the underlying heterogeneity of emergent spatio-temporal contact
networks of the moving objects. These models reduce the granularity and scope of
analysis of possible pharmacological and non-pharmacological intervention measures.
To address these limitations, we propose to aggregate population level dynamics by
modelling individual-level interactions. To that end, first we introduce an individual
level agent-based stochastic contagion simulation modelling framework as a possible
solution for adapting to rapidly changing parameters of a contagion including SARS-
CoV-2. Second, we propose a spatio-temporal index to extract contact networks from
distributed real-world mobility data stores.

The framework has been implemented declaratively in R and functionally in Julia and
the spatio-temporal index in Python. We conduct thorough experimental evaluation

to show the viability and applicability of the proposed approaches.
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Chapter 1

Introduction

1.1  Motivation

At the time of writing this thesis, 214 days have passed since the World Health
Organisation (WHO) declared Covid-19 as a pandemic [22]. The cumulative posi-
tively identi ed infections has risen to 622,232,266 with a death toll of 6,559,392 as
reported by COVID-19 Dashboard by the Center for Systems Science and Engineer-
ing at Johns Hopkins University [27]. The original contagion strain showed rapid
mutation and exhibited changes in infection propagation, latent period, symptoms
and fatality proportions.

This predicament necessitates utilising public health interventions to contain and
mitigate the risk of infection by obstructing the propagation of contagion. However,
depending on the selection of intervention measures, the time of implementation and
the coverage area of its e ects, the e cacy of the intended outcome exhibit signi cant
variance. In addition to the technical complexities, executing these interventions re-
quires mobilisation of large amount of resources and has psycho-social consequences.
Therefore it is of utmost importance for public health policy makers to be informed

with optimal intervention strategies for a given scenario.



Keeling, et al. [49] notes that a large portion of disease models are based on a
compartmentalisation of individuals according their disease status. And that the
basic models describe the count or proportion of the population that are susceptible
to, infected and recovered from a particular disease, thereby simplifying the details
of progression of infection. This approach generates sets of Ordinary Di erential
Equation (ODE), that has a long and successful history. Although this approach is
e ective for modelling long enough periods of time that ensures a more or less homo-
geneous mixing of the population, it proves to be challenging to encode the inherent
heterogeneity of emergent social networks and changing dynamics of interventions
and contagion. Recent e orts in disease surveillance utilise mobile app-based dis-
tance logging between participating individuals. As Cicala et al. [19] notes, these
strategies are limited by a lack of participation of individuals. Moreover, the col-
lected spatio-temporal data su ers from uncertainty because of inaccurate sensors
and unpredictable human behaviour.

One of the approaches to tackle the heterogeneity of demography, geography, mo-
bility, multiple concurrent strains of a disease, e ects of intervention measures and
uncertainty of disease surveillance would be to model interactions of individuals to
observe the population level outcome. Hence, the research activities undertaken or-
ganisations around the world have been investigating individual level agent based
modelling approaches to simulate spatio-temporal disease propagation outcomes for
a population and to incorporate real-world spatio-temporal data integration to in-

crease model accuracy.

1.2 Thesis problem statement

Overall the thesis problem centres around providing decision support to public health

e orts for estimating risk posed by a contagion, for a speci ¢ socioeconomic and ge-



ographic context with respect to changing intervention scenarios through individual
level models. This involves providing forecasting and counterfactual simulation ca-
pabilities to public health with observable parameters for strategic decision making.
This approach entails e cient generation of individual level contact data from high
volume of uncertain spatio-temporal data. Please note, for the scope of this thesis,
we are considering contagions transmitted by person to person contacts.

The questions that are addressed in this theses are as follows:

RQ1 How might we go about incorporating individual level human mobility and

contagion spread model for a given geography?

RQ2 How might we facilitate e cient processing of real-world mobility data for

contagion spread analysis?

RQ3 How might we provide building and analysis of \what-if" scenarios for future

public health policies?

RQ4 How might we e ectively communicate the possible outcomes from a stochastic

simulation tool?

1.3 Aim of this thesis

The aim is to design and implement a framework that captures the real-world spatio-
temporal complexities of modelling a rapidly changing contagion with respect to
intervention strategies and geo-spatial variance. First, the framework needs to be
extensible and provide di erent levels of control for di erent groups of users, for
example, an epidemiologist may be able to modify the disease model as they see t,
a public health policy maker may be able to modify and implement new intervention
strategies with relative ease. Second, is to propose an e cient indexing for uncertain

spatio-temporal data to facilitate generation of individual level contact data.



The objectives of this thesis are as follows:

" To extend previous work on contagion model to predict risk at contact venues

utilising pre-con gured road networks.

Test model(s) with real-world road networks.

" Visualise contagion spread in virtual community.

" Incorporate parameterised contagion intervention strategies.

" Propose e cient spatio-temporal indexing of real-world mobility data.

1.4 Signi cance of this thesis

The results and outcomes from this thesis are already being incorporated by the
partner organisation for their contagion simulation layer of their existing simulation
platform. This provides their clients with the ability to simulate relevant \what-

if" scenarios and facilitates conversation between public health policy makers and

general public.

1.5 Research and development methodology

Our methodology is broadly divided in four phases as follows:

1. Literature Survey:  We reviewed and analysed existing approaches for mod-

elling of transmission of communicable diseases.

2. Design and Implementation: We proposed a framework to extend existing
contagion models for incorporating contact through uncertain mobility pat-
terns, intervention strategies and contagion mutations. We implemented in-

stances of it, which is incorporated by the partner organisation.



3. Datasets: We have simulated disease propagation on road-network and virtual

landmark datasets for small communities in New Brunswick, Canada.

4. Software Testing and Model Validation: We have tested simulation out-
comes with observed data and cross-validated with independently built in-

stances of the simulator following the proposed framework.

1.6 Techniques implemented as part of this thesis

In this section we list down two technical implementations produced as solutions to

the research questions.

1.6.1 Estimation of contagion risk based on simulation on

emergent social network

"~ Utilisation of the mobility simulation of our partner organisation to obtain
synthetic, emergent contact networks for individual level agents for a specic

geography and mobility pattern.

A

Based on the contagion modelling framework, we posited possible contagion

models and intervention strategies and estimated their associated risk.

1.6.2 Facilitate e cient generation of individual contact net-

work from massive uncertain mobility trajectory datasets

" Proposed utilisation of a metric index for indexing non-metric uncertain tra-

jectory segments.

" Extended metric-index to incorporate uncertain trajectory segments for doubly-
range search. Implemented e cient strategy for parallel query processing on

proposed extension.



1.7 Main contributions of this thesis

The main contributions of this thesis are as follows:

Introduction of an individual level network based stochastic simulation frame-

work for contagion dynamics.

Extension of contagion model and implementation of such, as instances of said

framework in both declarative and purely functional paradigm.

Extension of metric index to accommodate non-metric uncertain trajectory

encoding.

Implementation of parallel spatio-temporal index for e cient uncertain trajec-

tory range search.

1.8 Summary

In this chapter we outlined the motivation behind providing decision support to
public health administrators and speci ed two lines of research that compliment each
other. First, an individual level contagion modelling framework capable of answering
present and future public health questions. Second, an e cient indexing of uncertain
mobility data to inform the modelling e orts with individual level contact data.
The rest of the thesis is organised as follows. In Chapter 2 we review the relevant
background and related work on the individual level contagion modelling framework
and spatio-temporal indexing. In Chapter 3 we analyse our thesis problem statement
and list speci c research activities. In Chapter 4 we describe the individual level
contagion modelling and simulation framework, its implementation and outputs. In
Chapter 5 we propose an e cient spatio-temporal index to facilitate incorporating
uncertain real-world mobility data into our simulation framework. Finally we draw

conclusions and outline future research in Chapter 6.

6



Chapter 2

Background and Related Work

In this chapter we review background literature and related works on agent-based
modelling in Section 2.1, contagion modelling as compartments in Section 2.2, ob-
servations of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) in

Section 2.3 and spatio-temporal indexing of uncertain trajectory data in Section 2.5.

2.1 Agent-Based Modelling

Macal et al. [61], states that agent-based modelling and simulation (ABMS) is a
“ground-up' approach to model a complex system as a heterogeneous composition of
interacting entities. With this approach, it is possible to create conditions for emer-
gent complex patterns not explicitly programmed, arising from agent interactions

based on simplistic rules.

2.1.1 Utility of ABMS

As a result, their proposal di erentiates ABMS from traditional ODE based mod-

elling, as stated by Railsback et al. [81]:

\With computer simulation, the limitation of mathematical tractability



is removed so we can start addressing problems that require models that

are less simpli ed and include more characteristics of the real systems."

Therefore, the resultant ABMS system o ers the modeller to answer both of the

following questions to some degree:

" what happens to the system because of what its individuals do, and

" what happens to the individuals because of what the system does.

2.1.2 ABMS application domains

Macal et al. [61] further refer to broad areas of application of this technique along

with their exemplar citations spanning the following simulation contexts:

Arthur et al. [4] provides a collection of analyses of economic processes of
the United States stock market as interaction of heterogeneous agents with

adaptive behaviour and strategies.

Macal et al. [60], analysed the role of trust in context of supply chain networks

between businesses by modelling traders as decision making agents.

Folcik et al. [32], analysed emergent human innate and adaptive immune re-
sponses against a pathogen. They simulated basic cell types, mediators and
antibodies as agents with two tissue environment and the lymphatic circulation

system.

North et al. [68], proposed a complimentary agent-based method for analysis
for holistic patterns of consumer markets. Their proposal included a system
with decision making agents including customers, retailers with di erent ob-
jectives and observation of system level characteristics to solve for business

problems posed by Procter and Gamble.



" Kohler et al. [54], provides a collection of articles on utilising agent-based
systems to re-create emergent historical phenomenon. This includes migra-
tion patterns of Hominins, Resource distribution patterns in a hunter-gatherer
society in context to foraging strategies, Demographic decline of Celtic agglom-

erations in central Europe.

Mo at et al. [66], proposed a map-aware non-uniform cellular-automata based
system that produces emergent behaviour of armies on a simulated real-world
battle eld. Their agents were collection of individuals a.k.a companies with

decision making behaviours for engagement with opposing forces and mobility.

Hill et al. [41], extended the searched theory in context to warfare with their
proposed multi-agent simulation based on the Allied search for U-boats in
the Bay of Biscay during WWII. They validate their approach and utilised to

emperically examine modern search patterns.

Bagni et al. [6], modelled the spread of Bovine Leukemia both as systems of
ODE and agent-based approach. Their agents were cows in context to a farm.
They had modelled a typical life-cycle of a cow, complex contagion process,
diagnostic test based case discovery and bovine movement between insulated

groups of cows called sectors.

2.1.3 Structure of ABMS

They further list three typical elements of an agent-based model:
1. A set ofagents their attributes and behaviours.

2. A set of agentrelationships and methods of interaction: An underlying topol-

ogy of connectedness de nes how and with whom the agents interact.



Figure 2.1: Structure of a typical agent in Macal et al. [61]

3. The agents'environment. Agents interact with their environment in addition

to other agents.

2.1.4 De nition of an agent

Although they provide us with the structure of a typical agent as shown in Figure 2.1,
they further state that a consensus for the de nition of an agent is yet to be formed.
We adopt a broad de nition coined by Dorri et al. [28] as a guiding principle, which

states the following:

Agent: An entity which is placed in an environment and senses di erent
parameters that are used to make a decision based on the goal of the
entity. The entity performs the necessary actions on the environment

based on this decision.

2.1.5 Individual level agent-based modelling

Railsback et al. [81] further centres the de nition of ABMs as follows:
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De nition 2.1.1. ABMs are thus models where individuals or agents are described
as unigue and autonomous entities that usually interact with each other and their
environment locally. Agents may be organisms, humans, businesses, institutions, and

any other entity that pursues a certain goal.

For example, they provide a list of motivating scenarios and corresponding literature,

out of which, four are listed in the Table 2.1.

Table 2.1: Example ABMS problem statements

Problem statement Agents Environment
What factors caused the housing mart Realtors, Buyers| Parameterised
ket collapse of 2008, and what pol- and Sellers Synthetic Geo-
icy changes could prevent a recurrence, spatial Cellular
Gilbert et al [34]; Geanakoplos et al Grid

[33]

How do shorebird populations respond Bird (Oyester- | Parameterised
to loss or alteration of the mud ats | catcher) Synthetic Geo-
they feed in, and how can the e ects spatial Cellular
be mitigated cost e ectively, Goss- Grid

Custard et al. [36]
How is development and maintenance Endothelial cell, | Parameterised
of human tissue regulated by signals Smooth muscle| Synthetic Micro-
from the genome and the extracellular cells, Interstitial | scopic Cellular
environment and by cellular behaviorg precursor cell,| Grid

such as migration, proliferation, di er- | Perivascular cell

entiation, and cell death? Peirce et al| and Platelet
[75] derived growth
factor - BB

What drives patterns of land use| Residents and Parameterised
change during urban sprawl, and how Service Centres | Synthetic Geo-
are they a ected by the physical envi- spatial Cellular
ronment and by management policies Grid

Brown et al. [13]

U7

Please note, that following De nition 2.1.1, in context to contagion spread modelling
it is possible to de ne agents as collections of humans. For example an agent may

be de ned as a household with a goal of minimising health risk posed by a contagion
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while maximising economic and social well being. However for the scope of this
thesis we will focus our attention on ABMS with agents as individual humans. For

the sake of brevity, will be referring to them as Individual level ABMS (IL-ABMS).

2.1.6 IL-ABMS for contagion modelling

A complete agent based approach to contagion simulation for a population requires
both the simulation of movement and the simulation of disease progression. This
approach, in theory provides most detailed construction of a synthetic double for
a population, thereby providing a less expensive alternative than real world exper-
iments for mitigation strategies. However, this comes with a trade-o of incurring
much higher computational cost than that of their ODE counterparts. This cost is

further exacerbated by the following considerations of an ongoing pandemic:

" Rapidly changing context of observable data of disease surveillance which re-

quires modellers to keep up, increasing model creation cost.

~ Reduction in no. of possible simulations of mitigation strategies thereby re-

ducing the exploration of solution space.

A

Both of the above, along with estimation of downstream cost of execution of

policy increases missed opportunity cost for policymakers.

Based on the literature surveyed, three prominent strategies to preserve the advan-

tages of a ABMS are listed below:

1. Utilise an ABMS designing tool or framework which reduces model creation
and computational cost by simplifying the underlying complexity. For example
Hunter et al. [44] utilises NetLogo [95], that disregards urban mobility topology

of road networks and approximates human movements as straight lines.
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2. Not compromising on by simpli cation of mobility or available data but utilis-
ing highly scalable and detailed tool or framework which decreases simulation
computation cost. However this incurs infrastructure cost for high performance
computing and model creation and rapid iteration cost to keep up with chang-
ing context. For example, Stroud et al. [86] created EpisimS which is capable
of simulating in uenza outbreak for 19 million individuals, residing in 6 million
households and with their daily activities spread across 2.3 million locations in
an overnight batch. The experiments were performed on a 1290 node cluster

with 10.2 TB of RAM. Furthermore, their source code of said tool is 31 KLOC.

3. Utilise ABMS to generate detailed mobility and activity patterns of a popula-
tion and infer the contact network from the simulation output. Simulate the
the contagion dynamics on the basis of the contact network. This approach
subdivides the contagion simulation problem by taking the output of an IL-
ABMS of human mobility as an input for a network based contagion modelling
system. This reduces the computational complexity of disease transmission
to graph traversal and stochastic graph colouring algorithms. This approach
also e ectively removes the cost of mobility simulation in the long run. For
example, Manout et al. [63] utilise mobility simulation outputs from Multi-
Agent Transport Simulation (MATSIM) [43] to generate the contact network

of a population to simulate a network based contagion model.

For the scope of this thesis, we chose the 3rd strategy for our contagion simulation

framework.

2.1.7 Human mobility modelling

To model a contagion spread in humans, we must be able to extract spatio-temporal

overlaps for a given population. Utilising available geo-location data from location

13



based services introduces challenges of uncertainty and scale that we review in Sec-
tion 2.5.
An alternative to real-world mobility data is utilising individual level mobility sim-

ulators to generate synthetic mobility data.

2.1.7.1 Citisketch —- The Black Arcs [46]

Our industrial research partner organisation, the Black Arcs provided us with the
access to Citisketch+ a Javascript simulator based on PixiJS [20] that generates
synthetic mobility data of a population at a community level. They utilise open data
from OpenStreetMaps [73] for extracting road networks, buildings and land usage
information. They also disaggregate demographic and labour data from Statistics
Canada [70] to generate a close approximation of expected population and their
residences, places for work, education, shopping and recreation utilising the package
synthpop [69].

The daily activities and associated travel times, referred as \schedules" of simulated
individuals of a household are computed in accordance to an extension of Toronto
Area Scheduling Model for Household Agents (TASHA), Miller et al. [65], which in
turn is informed by 1996 Transportation Tomorrow Survey data [38]. From these
schedules we infer the list of space-time overlap events between agents, also referred
to as the \contact matrix". In the next section we brie y review the TASHA model

and how it informs mobility.

2.1.8 Toronto Area Scheduling Model for Household Agents

This is a prototype activity scheduling microsimulation model to generate a typical
24-hour workday orschedulefor individuals of a household proposed by Miller et al.
The model has been subsequently validated by Roorda et. al [83] for the Greater

Toronto Area, Canada for the 1996 travel survey data from which the model is derived
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from and the comparison with forecast for 2001 travel survey data. This model
simpli es the the spatio-temporal complexities of an urban mobility by aggregating
them into zonesand maintaining a distance matrix and travel time matrix between
them. The activity scheduling includes stationary engagement at a location as well
as travel and are termed asctivity episodes The episodes are incorporated within
a concept ofproject which is de ned as a set of activities tied to a common goal or
outcome. This model considers the following four project types for individualsvork,
schoo] shoppingand other. Multiple individuals of the same household coordinate
to ful | the requirements for joint shopping projects joint other projects and serve
dependent projectslike adults transporting their children to school. The types of
projects are based on the categorisation scheme of the purpose of trips reported in
the 1996 Transportation Tomorrow Survey [38]. The survey also serves to generate
an activity episode'sprobability distributions for frequency, start-time and duration
and heuristics to ensure the sequence of activities remain logical.

For selection of activity location, this model expects the usual place favork and
school type activities of an individual as inputs and employs an entropy model for
shoppingand other type of activities. The entropy model is parameterised on em-
ployment, population, activity density and distance. Post initial activity agendas
are generated, a rule-based con ict resolution is performed to get nalchedulefor
each individual. The household vehicle allocation is performed with a random utility
model with simulated normal error terms.

Citisketch—s mobility model is an extension of TASHA and for a given geography
and population data, the software outputs origin-destination location pair of journeys

of each individual with departure and arrival time.
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2.2 Infectious disease modelling as compartments

Keeling et al. [49], states in these models, individuals of a population are put into
compartments in relation to the contagious disease which are denoted by labels like
Susceptible individuals who may get infectedInfectious: individuals who may infect
susceptible individuals,Latent: an individual who is infected but not yet infectious,
Removed Individuals who are not participating in the propagation of disease due
to immunity or death and so on. At any given time, a person may be in exactly one
of the compartments. One of the simplest of contagion models comprises of three
compartments, namely Susceptible, Infectious and Recovered and is called the SIR

model.

2.2.1 SIR model as systems of ODEs

Keeling et al. [49] further states, that simplifying the problem space by, neglect-

ing the details of progression of the disease through the population and behavioural
heterogeneity of each individuals have been successful historically in modelling conta-
gions and provides the foundation of mathematical epidemiology as the susceptible-
infectious-recovered (SIR) model and susceptible-infectious-susceptible (SIS) model.

The system of ODEs for SIR are as follows:

ds
Tl bN S dS; (2.1a)
d—lt =S gl di (2.1b)
dR
i gl dR; (2.1c)

Here, , a.k.a the force of infection with respect to transmission rate of the infection

is calculated as follows:
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Table 2.2: List of notations of SIR-ODE, Equation 2.1

Notation(s) Description

S,land R Number of Susceptible, Infectious and Recovered indi-
viduals respectively in a population size of N

b Birth rate

d Natural death rate

g Rate of recovery from infection
Rate at which susceptible individuals are infected, a.k.a
"Force of infection”

= transmission rate

e ective number of contacts per unit time
(2.2)

proportion of contacts infectious

I I
n —= —
N N
This leads to a non-linear term, SI=N , which represents the transmission of infec-
tion. Here, N is the size of the population and is the model parameter.
For a reasonable period of time, i.e., for a fraction of mean lifetime of the individuals

and for a population closed from exogenous mobility, we may simplify this equation

further with the birth rate and natural death rate to be 0.

2.2.2 Parameterised as social network

Keeling et al. [49] further states, that the heterogeneity of di erent levels of mixing of
sub-population may be represented as a matrix of transmission parameters,Also
the number of contacts of an individual is considerably smaller than the population
size and introduces the concept of "adjacency matrix' or “sociomatri®, where

Aj =1, if there is a connection for individuali may infect individual j or otherwise,
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Aj =0.

Exploring the infection propagation on the basis of idealised network structures and
they posit that attempting to predict population-level dynamics from individual-
level observations, it is paramount that the network structure is taken into account.
As possible extensions of their work, they propose future individual level modelling
of contagion spread to allow for more complex interventions strategies and incorpo-

ration of emergent networks.

2.2.3 Outline of compartmental models

Brauer [11] traces the history and present topics of interest in mathematical epi-

demiology and lists the following developments in compartmental model:

1. Infection age epidemic models : These models allow for con gurable length
of stays at each compartment and sequence of infective compartments. These

models may include compartments for treatments and isolation as well.

2. Endemic disease models : These models focus on the possible nal states
of an epidemic and their stability including considerations for multiple strains,

transmissions from mother to o spring and waning immunity periods.

3. Disease transmission by vectors : These models are useful when diseases are
transmitted between humans occurs indirectly, mediated by a vector organism.
For example, a well known vector is mosquito that transfers blood between hu-
mans causing the transmission of infectious diseases including malaria, dengue
fever and Zika virus. These models usually maintain separate compartments

for hosts and vector species.

4. Heterogeneity of mixing : These models divide the population into sub-
groups of interest for which the dynamics of the infectious disease may be

di erent. For example, the age of an individual of a population may have
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di erent chances for reproduction or survival. Also, diseases often exhibit dif-

ferent infection rates and mortality rates for di erent age groups.

5. The next generation method : This is a generalised approach to yield re-
production number for each combination of possible infection caused by an
individual from any of the infectious compartments to any of the susceptible

compartments.

Brauer [11] further states that at the beginning of an outbreak, instead of a simplis-
tic compartment model of deterministic solutions, treating infection as a branching
stochastic process incorporates the patterns of contact between members of popu-
lation. This pattern may be modelled with assumptions on variation of degree of
distribution of vertices signifying individuals of a population with edges signifying

contacts. Alternatively, we may model the complete contact network.

2.2.4 Simulation of contagion as a social experiment

Klepac et al. [52] explore generation of emergent social network with respect to
voluntary participation of individuals in a citizen science experiment from a small
town named Haslemere in south west Surrey, England. In one part of this experiment
the volunteers self-reported their location via a smartphone app for 3 days for which
the data was made available in a subsequent publication, Kissler et al. [51]. The data-
collection, formalisation of \social-contact" network for subsequent disease modelling
is summarised in the Figure 2.2.

This process proved to be a fundamental building block for SARS-CoV-2 disease

modelling as we will review in Section 2.3.
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Participation Location data logging

Total population of GPS, WiFi, Cell
Haslemere = 11,235 tower triangulation

| |
no. of participants with :
at least 1 location log e

J !
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| tude, timestamp
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|

from 10 PM to 7:55 AM
469 individuals

576 bins (6@ 501603)
per user for 3 days

moving
objects trajectory
data
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|
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{

102,831 logged events

|
de ne \social contact"
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|

Social Network generation
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|
construct 468 468

weighted matrix
}
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Figure 2.2: Haslemere experiment work ow
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2.3 SARS-CoV-2

Firth et al. [29] utilised the outcomes from the Haslemere experiment, Kissler et.
al [51] and quanti ed 3 days of social contact network edges to an ordinal scale as

follows:
" 0: corresponding tono contact,
" 1: corresponding toweak contact,
~ 2: corresponding tomoderate contact,
" 3: corresponding tostrong contact

This transformation enabled simulation of a dynamic disease model over a reason-

able period of time that goes beyond 3 days.

They de ned the transmission rate between a pairwise individuals,’ with equation

2.3.

Z,
U;si;p) = Asle F(U; i pilp)du (2.3)
1

t

Table 2.3: List of notations of Transmission Rate Equation 2.3

Notation (s) Description
t Number of days since infector was exposed
Si Infector's symptom status, boolean
pi Infector's pre-symptomatic status, boolean
As Scaling factor of infector's symptomatic status
| i Weighting of the edge in the contact network
i Infector's onset time as location parameter
b Slant parameter for skewed normal distribution
"o Skew parameter for skewed normal distribution
f(u; iy p:!p) | Probability density function w.r.t generation time.
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Further, they modelled the probability of infection for a Susceptible-Infectious pair

of individuals t days after the infector's exposure time as equation 2.4.

P(ts;p)=1 e “tsip) (2.4)

This frame of modelling enables capturing the population level dynamics from in-
dividual level models of disease transmission. And they could reasonably model
diagnostic testing, quarantining, physical distancing and the likes with di erent con-
structions of equivalent social contact networks. The parameter values for their their

epidemic model are listed in Table 2.4.

2.3.1 Diagnostic testing

In a recent study by Dinnes et al. [26], an analysis of two types of commercially
available, rapid point-of-care tests: antigen and molecular tests' accuracy with re-
spect to the standard Reverse transcription polymerase chain reaction (RT-PCR)
test for Covid-19 is performed. They reviewed of 64 studies, containing 24,087 sam-
ples, investigating 165 di erent antigen tests and 5 di erent molecular tests.

A portion of their nding is shown in Table 2.5.

Trevethan et al. [88] de nesSensitivity and Speci city by equation 2.5 and 2.6 re-

spectively in terms to the confusion matrix in Table 2.6.

Sensitivity =[a5a+ c¢)] 100 (2.5)

Specificity = [d=(b+ d)] 100 (2.6)
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Table 2.4: Parameter set of network contagion model by Firth et al. [29]

Parameter(s) Description Notes
Sampled
Incubation period (mean and| 5.8 days (2.6)
s.d.)
Serial Interval Location = incubation pe-
riod For post-symptomatic
transmission, slant = 1,
scale = 2; For presymp-
tomatic transmission, slant
= -1, scale = incubation
period
Delay from onset/tracing to iso-| 0.9 days (0.3-3.9) days
lation, and from isolation to test- | (‘short’); 3.5 days (0.7-8.2)
ing (median and 5th-95th per-| days (‘medium’)
centiles)
Fixed
Initial cases 1,5 Assumed
Scaling parameter (and corre: 0.5 (2), 0.8 (2.8), 2 (3.5)
sponding empirical estimate of
the reproduction number R0)
Percentage asymptomatic indiq 20%, 40%
viduals
Infectiousness of asymptomatic 50% (relative, to symp-| Assumed
individuals tomatic)
Percentage individuals infectious 20%, 40%
pre-onset
Outside infection rate 0.0001, 0.001, 0.005,0.01 | Assumed
Percentage of contacts traced 30%, 60%, 90% Assumed
Maximum number of tests 0, 5, 25, 50 Tested
Test false positive rate 0.02
Test false negative rate 0.1
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Table 2.5: Aggregated diagnostic test accuracy by Dinnes et al. [26]

Evaluation | Samples Sensitivity Speci city
(studies) (SARS- 95% CI) | (95% CI)
CoV-2 [Range] [Range]
cases)
Antigen-tests
Symptomatic | 37(27) 15,530(4410) | 72.0 (63.7 to| 99.5 (98.5 to
79.0) [0% to| 99.8) [8% to
100%] 100%]
Symptomatic | 26(21) 2320(2320) 78.3 (71.1 to| -
(up to 7 days 84.1) [15% to
from onset of 95%]
symptoms)
Asymptomatic| 12(10) 1581(295) 58.1 (40.2 to| 98.9 (93.6 to
74.1) [29% to| 99.8) [14% to
85%)] 100%]
Rapid molecular tests
- 29(26) 4351(1787) | 95.1 (90.5 to| 98.8 (98.3 to
97.6) [57% to| 99.2) [92% to
100%] 100%]

Table 2.6: Diagnostic test confusion matrix by Trevethan et al. [88]

True diagnosis

Screening test

Positive | Negative
Positive a b
Negative C d
Total a+c b+ d
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2.3.2 Contact tracing

Kretzschmar et al. [55] modelled the mechanics behind di erent strategies of contact
tracing and voluntary isolation and their impact on the rate of transmission of infec-
tion. They concluded that an app-based (or same day multi-level traced-testing) has
the potential to prevent up to 80% infection transmissions. Their model parameters
are listed in Table 2.7.

Table 2.7: Contact tracing model parameters by Kretzschmar et al. [55]

Isolation Conventional Mobile app
contact trac- | contact trac-
ing ing

Testing coverage 80% 80% 80%, 20%, 40%
60%, 100%

Testing delay @©3), as-|4 days 4 days 0 days

suming immediate isolation

when testing positive

Time to trace close contacts - 3 days 0 days

(D2)

Time to trace other con-| - 3 days 0 days

tacts, assuming testing and

isolation of those who test

positive

Tracing coverage of close - 80% 80%, 20%, 40%

contacts 60%, 100%

Tracing coverage of casual - 50% 80%, 20%, 40%

contacts 60%, 100%

Time traced back - 7 days 7 days

2.3.3 E ects of vaccination

The research on e ectiveness of vaccines, as reported by Pritchard et al. [78],
Makhoul et al. [62], Layan et al. [59] and Bian et al. [10], con rms that vaccina-
tions reduce the risk of transmission of infection, reduce chances of severe symptoms

from SARS-CoV-2 and reduce the duration of infected period. Glasser et al. [35]
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states, vaccination strategy is a ected by behavioural biases. This is an ongoing and

rapidly changing research area as new mutations of the SARS-CoV-2 contagion are
appearing, new vaccines are being developed and observational data for vaccinated
individuals from diverse socio-economic and geo-spatial context are being gathered,

by Killingley et al. [50], Klomjit et al. [53] and Puhach et al. [79].

2.3.4 E ect of other non-pharmaceutical interventions

Abueg et al. [1], Hens et al. [40], Lai et al. [57], Cheng et al. [16] and de Souza
Santos et al. [24], state that along with conventional contact tracing, other non-
pharmaceutical interventions (NPIs) includingcommunity masking physical distanc-
ing, social bubblesclosuresor lockdownshave been e ective in reducing the spread

of infection during this pandemic.

2.4 Related work on contagion modelling

Contagion modelling of the spread of SARS-CoV-2 viral strains is a rapidly evolving
domain of epidemiology research inviting collaborations from researchers from mul-
tiple domains including immunology, maths, physics, computer science, behavioural
psychology and more, in pursuit of informing public health. In this section we cite a
small subset of the available research and techniques. Rambhatla et al. [82] model
the infection chances of an individual as a Hawkes Process, extending the model of
Zeighami et al. [97] to incorporate their spatial stochastic nature and have modelled
contagion dynamics with Susceptible-Latent-Infectious-Recovered (SLIR) like com-
partments as referenced by Kuddus et al. [56], at national, provincial and city level
with real-world mobility data. However, the minimum duration of time-overlap and
maximum distance for an infection to occur was chosen to be 1 hour and 11 meters

respectively. Chiang et al. [17] also encode infection chance as a Hawkes Process
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to t their model to observed mobility and contagion data for forecasting (without
explicitly de ning the contagion model). Anastasiou et al. [3] have proposed a pre-
dictive route optimisation system \ASTRO" that takes into account risk of infection
through outdoor and indoor spaces with respect to mobility and spatio-temporal
congestion.

Manout et al. [63] utilise MATSIM [43] ABM with a modi ed SLIR compartmental
model as shown in Figure 2.3 to simulate disease dynamics for the city of Montreal.
They focus on answering public health questions along the lines of e cacy of busi-
ness closures, socio-economic disparities of infection spread and more with respect
synthetic population mobility composed of multiple daily activities according to ex-
pected age and occupation derived from census data. Both mobility and contagion
simulator systems are implemented in Java.

Flaxman et al. [31] analysed the e ect of combination of non-pharmaceutical inter-
ventions (NPIs) and their timing for select European countries to number of deaths
and compared them to a counterfactual model of unmitigated pandemic to estimate

the measure of risk mitigation. The NPIs modelled are as follows:
" Case based social isolation mandated
" Social distance encouraged
" Public event banned
" School closure ordered
" Lockdown ordered

Both forecasting and counterfactual models were coded in R.
Hunter et al. [44] proposed a data driven approach to model contagion outbreak.
First, utilising publicly available summary population statistics, with a granularity of

a\small area" which is an Irish administrative division of 50 to 200 households. They
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Probability dependent

|

Infected but not contagious

|
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|
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Showing symptoms
Time and probabil-
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ity dependent, 1 days
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Serlously sick
Time- dependent 7 days
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Figure 2.3: Compartmental model of Episim in Manout et al. [63]
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dis-aggregated the data to construct individual agents with the same distributions
of age, gender, occupation and vaccination status. Second, they utilised land-use
and zoning data from public GIS to assign these individuals to households, schools
and workplaces. All agents were positioned in a virtual map of the town with a
spatial resolution of 11in? and a temporal resolution of 2 hours. Each tick of the
simulation was 2 hours and a day was represented as 12 ticks. Part of agents'
movements on weekdays were deterministic as a function of their occupation status,
such as: being in a school, employed, searching for a job, being a parent or a child
and so on. But for all leisure ticks, say time o work or school and weekends,
the agents would move randomly through the town. One adaptive behaviour was
baked in, it was to have infected agents stochastically deciding to stay home. All
movements were simulated as straight lines from origin to destination with ticks
of 1. They acknowledge that although this is a naive human mobility model, it
su ces for modelling small towns. To simulate a Susceptible-Exposed-Infectious-
Recovered (SEIR) infection model, rst, a contact between a pair of agents was
de ned as sharing the same patch or 11?2 of virtual area over at least 1 tick of the
simulation. When a contact between a susceptible and an infectious agent occurred,
a sample was drawn from a uniform random distribution from 0.0 to 1.0. If and only

if the sample was less than the probability of infection per contact, the susceptible
agent would transition to exposed state. And then eventually to an infectious state
after the latency period is over and nally to the recovered state. The transmission
probability here is a constantp, which relates to the expected number of individuals
to be infected by an infectious individual, R (or the basic reproduction number) as
follows:

R=c p d (2.7)

Here,cis the number of contacts per unit time andl is the duration of infectiousness.

They successfully modelled the 2012 measles outbreak in the town of Schull, Ireland

29



and stated that percent of outbreaks for a town or small community does not have

a strong correlation with the following factors:

" Area or size

~ Population

" Population density

" Number of constituent small areas
Number of students

" Number of not vaccinated individuals

" Probability of transmission per contact

FitzJohn et al. [30] provide a suite of packages in R that may be utilised in tandem
with Odin to solve for compartmental models of contagion spread as systems of
stochastic processes and infer the parameters based on observational data utilising
sequential Monte Carlo techniques. They focus on providing a highly performant
simulator to the end user so they may focus in model construction.

Sonabend et al. [85] modelled the e ects of easing of NPIs in United Kingdom
in light of the emergence of Delta variants of SARS-CoV-2, for which the relative
infectiousness, risk of hospitalisation and e ect of vaccination was unknown to inform
public health of possible near-term outcome scenarios.

Although independent, among the related works, the following two recent works
mentioned in Section 2.4.1 and 2.4.2 have a high degree of overlap with the original

work done as part of this thesis and its future scope.

2.4.1 Combination of NPIs

Olivera et al. [71] modelled varying e ects of public hesitation to vaccination, NPIs

with a modi ed SEIR compartmental model as shown in Figure 2.4 to predict possible
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number of deaths at a country level. They extended the disease model Squire package

[90] and have the following vaccination parameters for scenario simulation:
" Vaccine mode of action: infection blocking and/or disease blocking.
~ Vaccine e cacy.

" Age varying-e cacy.
" Duration of vaccine-acquired immunity.
" Age-dependent targeting and prioritisation strategies.

At the time of writing this thesis age-strati ed disease progression or vaccination

e ects have not been incorporated in the simulator.

2.4.2 Composition of models

Baez et al. [5] implemented a tool in Julia that lets users compose complex stock
and ow diagrams out of simple ones, which is widely used in epidemiology. They
separate the syntax from the semantics of the stock and ow diagram and provide
translation to multiple semantics including ODEs. They describe a simpli ed version
of a COVID-19 model used in Canada, as shown in Figure 2.5.

The constituent models in the Figure 2.5 are as follows:

A

Model A : Model of natural history of infection, pathogen transmission and

hospitalisation.
~ Model B : Model of vaccination.

" Model C : Model of natural history of infection among asymptomatic or

oligosymptomatic individuals.
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Figure 2.4: Schematic of SARS-CoV-2 transmission model in Olivera et al. [71]
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Figure 2.5: Example of composing a COVID-19 model from three smaller models in
Baez et al. [5]
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We too explore a similar idea of composition of disease progression models instanti-
ated utilising directed graphs. But at the time of writing this thesis, our approach
does not have the feature of generating system of ODEs for given directed graph

encoding of a disease model and associated augments.

2.5 Real-world mobility data

Modelling contagions like the SARS-CoV-2, require guring out if any of the moving
objects in question had the opportunity to cohabit a space and time long enough to
transfer viral load for a possible infection. As an example, Public Health Canada
de nes 15 cumulative minutes over 24 hours for contact identi cation and manage-
ment purposes. Recent works [82, 97, 56, 17, 3] have already shown how mobility
data may be utilised for assessment of the risks posed by a contagion. However,
this approach has inherent challenges of imprecise nature and very high volume of
spatio-temporal data. Cicala et al. [19], note that proximity based contact tracing
(PCT) protocols, which work by logging distances between smartphones with PCT
apps may estimate the distance with a degree of uncertainty. For one, Bluetooth
Low Energy (BLE)-based PCT techniques use the signal strength for estimating the
distance and two, the individuals may be carrying their smartphones further from
their position, for instance in their luggage instead of in their pockets. We explore
encoding schemes for modelling imprecise and uncertain of real-world mobility data

in the next Section 2.6.

2.6 Uncertain Trajectories

The simplest representation of a two-dimensional trajectory is a sequence of obser-
vations 0;; 0;; :::0,, Where eacho is position data and the associated timestamp:

o = (Xi;Yi;t)) as shown in Figure 2.6.
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Figure 2.6: Typical Trajectory in Pfoser et al. [77]

To account for inherent imprecision of recorded observation Trajcevski et al. [87]

outline two distinct modelling categories:

Probability Density Function (PDF) based encoding the position of a

moving object at timet as a two dimensional PDHA; : R?! [0;+1 ) and

Shape or Geometry based encoding of a bounding area of a moving object,

which may be a rectangle, circle or any arbitrary polygon.

The modelling taxonomy is illustrated in Figure 2.7

2.6.1 Beads and Necklaces

A Bead is a shape-based model for an uncertain trajectory as proposed by Trajcevski
et al. [87]. The construction of a Bead relies on a pair of observation (0..;1) of a
moving objectmy and a maximum possible velocityn, may attain for the particular

trajectory segmentv. _  dictated by real-world constraints.

max
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Figure 2.7: Uncertain Trajectory Taxonomy referred to by Trajcevski et al. [87] from
Lange et al. [58]

Mathematically, a BeadB; may be constructed from an observation pair; 641 ) is

an ellipse with the following equation:

(2x X Xi+l)2+ 2y v VYie1)?

" : — | =1 (2.8)
Vhax (tivr  1)2 0 Vi “(tir )2 (Xiez Xi)2 (Yiea  Vi)?

A sequence of BeadB 4, B, ... B,, created from sequence of observatiows, 0,, ...
O,+1 IS referred to as a Necklace.

They also recommend the following strategies to approximate Beads and Necklaces
with reasonable geometric to balance the con ict between imprecision and encoding

and analysis e ciency:

" Large Bound (LB): The entirety of a necklace is bounded by a single minimal

vertical cylinder.

" Individual Bead Bound (IBb): Each Bead B; is approximated by a circle
with their radius r; as the semi-major axis of the underlying Ellipse. The;
is dependent on the choice of' .., the maximum possible velocity between

observationso, and 041 .

" Uniform Bead Bound (UBDb): Similar to IBb, each BeadB; is approximated

by a circle with their radius r; as the semi-major axis of the underlying Ellipse.
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Figure 2.8: Approximating Beads as Circles

Figure 2.9: Necklace projected on GIS Figure 2.10: Necklace projected on
data provided by Yuan et al. [96] Cartesian plane

But the choice ofv! ., is constant as the maximum possible velocity between

any two points g and 0;.; .

As an example of IBb Bead Necklace based on real-world trajectory data as provided
by Yuan et al. [96], please refer to Figures 2.9 and 2.10. Note that, although the
beads are circular, they appear as ellipses due to distortions introduced by carto-

graphic projection.

37



Figure 2.11: Contact similarity for overlap between a virtual landmark and two beads
from di erent moving objects, Zhang et al. [98]
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2.7 Measuring contact over uncertain trajectories

Zhang et al. [98] formalise the de nition of a Contact Similarity Query (CSQ) for
a moving object and a virtual landmark. Given a virtual landmarkP with centre
O: = (X¢;¥Ye) and a radiusr. and any BeadB; of a moving object, their degree of
contact similarity may expressed in terms of area overlaRi,; = Area;; =Areap and
time overlap (P;B;) = minft$;t5g maxfts;t3g, as follows:

SimPiBi=1 (1 Ryy) BV,

And subsequently they de ne Contact Similarity measure for the whole uncertain

trajectory B; 2 jBj as follows:

Si
Si P\T — BiZB. : cont 29
ImCOnt JBJ ( )

2.7.1 Indexing uncertain trajectories for e cient access

Next, Zhang et al. [98] propose a novel spatio-temporal indexing data structure,
namely Uncertain Trajectory M-tree (UTM-tree). This is an extension of a ball
partitioning based hierarchical metric index, M-tree, Ciaccia et al. [18], with two

signi cant changes:

"~ Unlike the classic M-Tree, each node also maintains the overarching time range
of their member nodes. This provides a temporal pruning at each Node when

executing a CSQ.

" At the leaf level each node of the same trajectory is also maintained as a doubly
linked list for e cient extraction of full trajectory once a moving object id is

identi ed.

They evaluate the performance of their proposed index on the Beijing Taxi Dataset

[96] outperforming the baseline and Temporal-First (TF) approaches by 6.9and
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Figure 2.12: 3 UTM Tree indexing 30 beads generated from a real-world taxi trajec-
tory from Yuan et al. [96] demonstrating overlaps of bounding circles of root node
of each tree.

3.5 respectively. They further demonstrate that their query running time remains
stable and barely change while increasing query parameters of Number of Trajec-
tories, Number of virtual landmarks, Radius of virtual landmarks and Query time
interval.

However, the construction of UTM-tree, similar to its inspiration the M-tree is bot-
tom up, i.e. the nodes when accepting a new data-point may split into two, to ensure
a height-balanced structure. This proves to be an intrinsic challenge with multiple
shu ing of the data-points with respect to the tree structure in a distributed context

as described in the following section.

2.8 UTM-tree construction challenges

Zhang et al. [98] describe the construction of a UTM-tree with respect to a bottom-
up uncertain trajectory segment insertion algorithm as described in algorithm 1.

Here an entry E; is a composition of aBead B; with Ptr(E,) and Ptr(E,) are
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pointers to the next and the previous trajectory segment entry as a doubly linked
list. And a UTM-tree node N; is a composition ofE;; R;; tmin ; tmax and ptr(NjS“b)
where, E; is the \routing object” for the node, R; is the minimum bounding radius
for all entries stored inNj, ty, and tmax are the minimum and maximum of all
entries stored inN; and ptr pointing to its child node (Nf”b) if N; is a non-leaf
node. As marked in the algorithm 1 line no. 17, the partitioning of data points for
a UTM-tree, like that of a M-tree relies on a bottom-up insertion approach. This
step ensures a height-balance and overlap reduction of the nodes of the tree and
therefore subsequent spatial indexing e ciency. Therefore, it is prudent to partition
the trajectories according to children or sub-trees of a node to ensure e ciency
in parallel or distributed context. However, the tree creation process is bottom
up, resulting in shu ing of trajectories among partitions making it unsuitable for
partition based scaling up as is. Also, UTM-tree, like M-tree, utilises ball-type
partitioning that introduces overlaps between sibling nodes (nodes that are at the
same depth) with overlaps that may not be e ectively mitigated as it is dependent
on stochastic selection of routing objects during tree creation. This in turn poses a
non-deterministic challenge of selection of partition for further data insertion, which
may cause data replication across partitions raising memory cost of indexing to an
unsatisfactory degree.

Although, it is possible to partition the trajectory segments before constructing
individual UTM-tree indices out of each partition, the resultant data structure would
be a hybrid index, for which ensuring overall e ciency would become a multi-part
challenge. Alternatively, inspired by the approach of Zhang et al. [98], we evaluate
alternative indexing strategies in Section 2.10 after a brief review of metric indexing

in Section 2.9.
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Algorithm 1 UTM-tree insertion algorithm - Zhang et al. [98]

Input: E; a new entry, a new tree node\;
Output: A UTM-tree with E; added

1: if N; is not aleaf nodethen

2:  for eachchild nodesN" of N; do

3: Let R*“" denote the radius ofN***, calculate d(E;; N ")

4: if 9 at least oneN*® such that, d(E;;N5*®) + r; R then
5: Insert(E;; N°) where d(E;; N°) is minimum;

6: else

7: Insert(E;; N**) where d(Ei; N2°) + r; R is minimum
8: end if

9: end for

10: else

11 if Nj isnot full then

12: Add E; into Nj, update tmi, and tmax;

13: if d(Ei;N;)+ ri >R; then

14: R; = d(Ei;Nj)+ I

15: end if

16: else

17: Split(E;, N;) . Bottom-up splitting
18: end if

19: end if

20: return An updated UTM-tree after insterting E; into N;
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2.9 Metric space indexing

Chen et al. [15] states that, metric space is a two-tupleM;d), in which M is
an object domain andd is a distance function that measures \similarity" between
objects of M. Furthermore, for any p;gand o 2 M, the distance functiond must

have the following four properties:
1. Symmetry : d(qg;09 = d(o;0
2. Non-negativity : d(g;09 O
3. Identity : d(g;0=0 | g=o0
4. Triangle inequality : d(gq;0 d(q;p + d(p;0

Therefore, as a corollary, any data combined with a distance function that satis es
these four conditions constitutes a metric space and is applied to a broad range of
data types found in real-world application. In the context of uncertain trajectory
segments, metric indices may be utilised to facilitate e cient spatio-temporal overlap
detection between moving objects as a spatio-temporal range query, which is de ned

as de nition 2.9.1.

De nition 2.9.1. Metric Range Query : Given an object setO, a query object
g and a search radiug in a metric space, a metric range query returns the objects

in O that are within distancer of g, i.,e. MRQ(q;r)= fgo2 O d(g;9 rg

In the next Section 2.10, we investigate metric indices for e cient range query.

2.10 Alternative candidate indexing techniques

Chen et al. [15] also provided a comprehensive and systematic evaluation of metric-
space indices that spans over compact partitioning techniques and pivot based par-

titioning. Compact partitioning techniques are classi ed as generalised hyperplane
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partitioning, ball partitioning, hash partitioning and a hybrid of these techniques .
This extensive evaluation spanned over main-memory and secondary-memory based
indices and provided a ranking based on number distance computations and run-
time given a range query and k-Nearest Neighbour (k-NN) query. Based on their
performance evaluation of query range query on main-memory, the highest ranking
technique reported was Multiple Vantage Point tree (MVPT), followed by Extreme
Pivot Table (EPT*), Bisector Tree (BST) and Geometric Near-Neighbour Access
tree (GNAT) and its variants. Since MVPT and partitioning of BST and EPT also
utilises ball partitioning, it posed similar challenges to that of an M-tree in a setting
of a distributed cluster of nodes. Since the best hyperplane based partitioning, top-
down hierarchical strategy is GNAT, in the next Section 2.11 we review the classic

GNAT approach.

2.11 Geometric Near-Neighbour Access Tree

Introduced by Brin [12], GNAT is a hyperplane based metric-space indexing tech-
nigue o ering e cient range search over n-dimensional metric spaces. This technique
utilises a selection of pivot points, referred as \Split Points" to partition all the in-

dividual points into mutually exclusive sets of \Near Neighbours" associating them
to their closest \split point”. This process is repeated for each set of \Near Neigh-
bours" till the expected degree or arity of GNAT is established. A 2D example of

this process as shown in Figure 2.13.

2.11.1 Split-point and Tree Construction

The author mentions that the e ectiveness of the technique hinges upon selection of
reasonable split points far apart from each other, thereby splitting the metric-space

into balanced regions. For a \good-enough" split point selection the author suggests
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Figure 2.13: 2D GNAT Space splitting in Brin [12]

a heuristic strategy, translated into algorithm 2. Please note that the author does
mention that the constant 3 as a heuristic best practice found while experimenting
with this strategy. Thus, repeating this process each of the \Near neighbour" set
Ds associated with the resultant split points; and adjusting the degree results in a

nested membership of all metric-space points.

Algorithm 2 Split point selection strategy - Brin [12]

Input: P;k with jPj 3k
Output: S : set of split points
. Let the total set of metric points beP and the required no. of split point bek
Randomly sample & points from P into a candidate setC
Choose the rst split-point s; from C
Add s; to result setS and remove fromC
while jSj& k do
for ¢ 2 C do get distance €i;sj), s; 2 S
end for
Selectc with the maximum, distance from alls; 2 S
Add ¢ to S and remove fromC
. end while

©CoeoNoORO®NE

=
o

2.11.2 Spatial pruning

For e cient spatial pruning, during tree creation for each split-point an auxiliary

data structure containing the relative minimum and maximum distance from their
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Figure 2.14: Pruning branches using ranges, Brin [12]

sibling split point's \Near neighbour" set including the sibling split point is also
created. Utilising this meta-data, an e cient space-pruning strategy is employed
during range search. As illustrated by the author in Figure 2.14, given a query point
X, and a ranger, while evaluating query overlap for a split pointp, we can utilise
the range table to determine whether we can safely prune a sibling split poigtand

their \Near-Neighbour" set D,

2.11.3 Visualising range query for 3D metric spaces

As an example a GNAT implemented with 3D metric-space points supports spherical
volume queries as is with a centre and and a query range as shown in Figure 2.15.
However for uncertain trajectories, instead of a metric point our foundational data

structure is a space-time cylinder as shown in Figure 2.16.
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Figure 2.15: Range query (in blue) in
3D metric space with GNAT Figure 2.16: BeadsinX Y T

2.12 Summary

In this chapter rst, from Section 2.1 to 2.4 we review the background on ABMS and
their utility in individual level modelling, infectious disease modelling, complexities
of modelling SARS-CoV-2 and related relevant modelling work. Second, from Section
2.5 to 2.10 we review relevant background on the complexities of real-world spatio-
temporal data, uncertain trajectory encoding, UTM-tree and metric space indexing.
Based on this, we re ne the overall thesis problem into a work ow of simulation and

indexing in the next chapter.
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Chapter 3

Problem analysis and research

overview

In this chapter we translate our thesis objectives into a list of speci ¢ research ac-

tivities and how they t into the contagion simulation work ow.

3.1 Contagion simulation work ow

Based on the literature surveyed and the context of rapidly evolving intervention
measures and strains we adopt a simulation work ow similar to that of Klepac et
al. [52] as described in Figure 3.1. The scope of the simulated population and
geographic area was constrained to smaller communities, similar to that of Hunter
et. al [44]. Please note, as described in the work ow, when working with synthetic
contact network data, we take the output of a agent based simulation of human
mobility. This network serves the basis for our network based stochastic contagion
simulation. When working with real world mobility data, we expect to e ciently
generate through e cient indexing.

The process design was informed to facilitate the following speci ¢ goals:

" Design or import compartmental models in epidemiology on-demand.
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Figure 3.1: Contagion simulator work ow
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Implement e cient spatio-temporal index to generate contact networks from

real-world mobility data.
Maintain multiple contagion strains and their e ects on the disease progression.

Manage initial vaccination status and in-simulation vaccination disbursal and

their e ect on disease progression.

Simulate diagnostic tests with sensitivity and speci city along with testing

disbursal strategies and contact-tracing strategies.

Simulate NPIs like physical distancing and masking that reduces intensity of

possible infection.
Simulate closures and lockdowns.

Report aggregated and individual statistics of relevant compartments, transi-

tion and their combinations that provides decision support.

Incorporating real-world contact network

As described in Figure 3.1, the proposed simulator framework may utilise synthetic

and real-world contact networks interchangeably. Therefore, to facilitate Contact

Similarity Query (CSQ) as stated by Zhang et al. [98] and similar measures we focus

our research on utilising an alternative uncertain trajectory index that is viable for

a massive data-store.

3.3 Description of the data available

For the generation of synthetic contact network, the partner organisation utilises

OpenStreetMap [73] for building and land use data and Statistics Canada [70] for
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demographic and labour data for a community. This provides the input for gen-
erating statistically similar individuals with respect to aggregated demography and
assigning them expected places for work and school which serves as inputs for the
mobility model for Citisketch— The output from Citisketch—is a JSON type nested
array of arrays. Each element of the outermost array corresponds to a simulated
individual. Each element of the nested array is the description of every trip the
simulated individual had made in a 24-hour period. The details include source and
destination locations, arrival time and departure time. Model parameters for each
sub-model is informed from available literature. For initial experiments with spatio-
temporal indices, taxi location data by Yuan et al. [96] was utilised and stress tests

were performed with uniform random synthetic uncertain trajectory data.

3.4 Research overview

In the next couple of chapters we will focus on the two broad objectives of this
work. Chapter 4 focuses on the overall contagion modelling framework with synthetic
contact network. Chapter 5 describes how might we utilise an alternative indexing

technique for massive uncertain trajectory stores.

3.5 Summary

In this chapter we describe the two lines of research, contagion simulation frame-
work and spatio-temporal indexing in the context of an overall contagion simulator
work ow, we list our sources of data and brie y mention the relevance of the next

two chapters.
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Chapter 4

Contagion Simulator

This chapter focuses on di erent aspects of the simulator work ow as described in
Figure 3.1 except for the real-world contact network generation, which is discussed
in Chapter 5. The contact networks referred in this chapter are extracted from the

CitiSketch [46] tool that simulates human mobility patterns.

4.1 Designing compartmental contagion model

Depending on the observable data on contagion dynamics, the nature of the contagion
and intended public health policies and outcome, one needs to design and augment
the underlying compartmental model of disease progression. For example, He et al.
[39] noted that for SARS-CoV-2 the infectiousness of individuals peaked before the
onset of symptoms, causing an estimated about 44% of subsequent infections which
is not the case for many other infectious diseases. Furthermore, there is also evidence
of asymptomatic carriers of infection as modelled by Firth et al. [29] which makes
real-time observation actual number of infectious individuals with diagnostic testing
for a population an insurmountable task. Based on the survey of ongoing modelling
e orts, it is clear that most of the compartmental disease models have changed over

time based on observable data, surveillance techniques and intervention measures.
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Figure 4.1. Compartmental models as directed graph, SIR on the left, and SLIR on
the right.

Therefore, it is reasonable to assume that future models will continue to be augments
of simpler models. To ensure that a simulator implementation of this framework is

adaptable for present and future complexities, unlike any of the surveyed work, we
utilise directed graph: one of the most versatile data structures to encode disease

progression model and associated augmentation for the same.

4.1.1 Encoding a contagion model as a directed graph

Consider the two compartment models SIR and SLIR. For an individual level model,
they represent the structure of a nite state machine for every simulated individual

as shown in Figure 4.1.

Here, for the SIR model, the infection propagating transition is the S-1 edge and for
the SLIR model, it is the S-L edge. The Infection transition is a function of number
of possible infection event a susceptible individual iterates within the simulation.

This is a function of each emergent susceptible-infectious pair for a given simulation
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Table 4.1: SIR transition matrix

Susceptible Infectious Removed
Susceptible f (contact time)
Infectious
Removed

Table 4.2: SLIR transition matrix

Susceptible Latent Infectious Removed
Susceptible f (contact time)
Latent (latency_period) 1!
Infectious 0
Removed

instance. On the other hand, the latency period and removal may be modelled
as transitions of a Markov process with their parameters based on observed mean
period of latency and time between infectious and removed (recovering or dying
from the contagion) state for all individuals alike. While the directed graph is an
intuitive representation of the disease model, we convert it into a transition matrix

for computational e ciency.

4.1.2 Transition matrix

Compartmental models SIR and SLIR, in Figure 4.1 yield the following row-wise
transition matrices as described in Tables 4.1 and 4.2 respectively.

Here, is the inverse of mean length of infectious period or usually termed as \re-
moval rate". And latency_period is the mean length of time an individual is carrying

a contagion before becoming infectious. Therefore, for SLIR the mean period of an
individual carrying the contagion islatency_period+ %, where Cis the removal rate
from infectious to removed compartments.

Thus for computing non-infectious transitions during simulation, any individual is
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constrained to a single row of this matrix.

4.1.3 Non-infection transition as Markov Chain

Let X; be the state of a an individualX at i simulation step. Then, X1, is a
state transition inferred from a transition matrix (barring infecting kind) A! B

with a constant ka, g 2 [0;1] is:

Pr(Xij:1 = BjX; = A)= Kar 8 (4.1)

Please note that the probability of X not transitioning, to stay in state A from i to

i +1 simulation step is:

X
Pr(Xiss = AjX; = A)=1 Kai ao (4.2)

where A%2 S, set of all possible transition states fronA and, A 6 A°

In the simplest form this is a Markov Chain.

4.2 Interpreting contact events

For a single time-step, this may be abstracted as a function that maps two individ-
uals X;Y and a simulation stepi to a shared timet in the aggregated case, or a
list of shared timest,;t,;::it,, at | locations for the location speci c case with is
independent ofm. i.e. two individuals may have multiple shared times at multiple
locations.

8

St; if aggregated
f(X;Y;i0)! (4.3)
“tm 2 Txyi = tg;ty; ity if location based

For venue speci ¢ contact events, we may parameterise the scale of the probability of
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infection with respect to the type of venue and the nature of activity the individuals
are expected to engage in said venue. For example, two students co-located in the
school library may have di erent chances of infection propagation when compared

to one of the students and a librarian for the same amount of time overlap.

4.3 Infection propagation

As per the mechanistic model of viral load transmission by Challenger et al. [14],
each infectious individual may be thought of as a emitters of air-born virus by virtue
of exhalation. If and only if there is su cient transfer of said virus (a.k.a viral load)
from an infectious to susceptible individual, there is a possibility that, infection may

spread to the susceptible individual.

4.3.1 Infection probability function

Assuming all infectious individual exhale uniformly (over a period of time) the prob-
ability of infection Pr(infection ) for each event/ shared timet. We have chosen
the hyperbolic tan function for our mapping with a scaling ofA as parameterised
amplitude and a ramp up timet..n, up to regulate infection chance our infection
function.

Therefore a single infection event for an infected individuaX, 2 | to infect Xs 2 S
with contacttime = t, wherel and S are sets of infectious and susceptible individ-

uals respectively is a discrete probability governed by the following parameters:
" A : Base infection chance.

" tamp up - A constant time parameter that o sets the infection chance to be

low below a certain threshold.

A

strain . Relative infectivity of a particular strain .
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A

(inf )srain  dose, : Vaccine e cacy for a particular strain of contagion carried
by X, with respect to the dosg,, i.e. number of doses of vaccines administered

to Xs.

Simplifying the parameter names, the infection probability function is the equation

4.4

Pr(X, ilnfects Xs)=(1 ) A tanh(t;) (4.4)
! ramp up

Please note that the scaling factoA may be modulated to simulate di erent contexts

of relative contact intensity depending orvenue activity pairs.

4.4 Vaccination

As vaccination and the lack thereof a ect the overall proportions and mean infectious
and hospitalisation periods, they may be encoded as duplicated contagion compart-
ment model with di erent parameters as shown in Figure 4.2. The vaccination rates
may be modulated during simulation to capture real-world vaccine disbursal data or
to simulate counterfactual scenarios of vaccine disbursal strategy. This is one of the
aspects of disease progression that is individualised. In the same vein, by utilising
compositions of disease progression tracks, it is possible within this framework to
account for individual level variations due to age, gender, preexisting health factors

and so on.

4.5 Diagnostic testing and isolation

So far, the contagion models and their discussed extensions assume there is full
knowledge of the population who are infected. Which may be true for contagions

manifesting their e ects with apparent symptoms. However, for contagions like
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Figure 4.2: Composition of base models to capture e ect of vaccination on disease
dynamics

SARS-CoV-2 a signi cant portion of the population may show mild or no symptom
at all and there are further complications arising with overlapping symptoms associ-
ated with the common u. Therefore, in these situations, diagnostic tests designed
speci cally for the contagion in question, are the tools utilised by health authorities
to track the (contagion) spread.

Our simulator takes a time-deterministic approach to testing, with the following ow
in Figure 4.3 for any individual requesting a test. With the introduction of testing as
a sub-model, we split the Infectious compartment into uncon rmed and con rmed
infectious compartments respectively as shown in Figure 4.4.

We start with the following assumptions:

" The simulation begins with a rst day disease import set to \(uncon rmed)

Infectious" compartment.

~ All new positive infections are initialised with \(uncon rmed) Infectious" com-

partment.

~ A transition from \uncon rmed" to \con rmed" compartment (of Infectious)
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Figure 4.4: SIR Compartmental model augmented for testing.
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is a function of \testing" of individuals in \(uncon rmed) Infectious" compart-

ment.

" Testing assumptions The individuals in \(uncon rmed) Infectious" popula-

tion seek tests.

{ For New Brunswick region there are two types of tests available, as stated
by the government in their website [37], namely: Pick-Up Point of Care
(POCT) Rapid Antigen Test or at home Rapid Antigen Test (RAT) and
In-person Polymerase Chain Reaction (PCR) laboratory test which has a
delay of 15 minutes and 24 to 48 hours [67] respectively to yield test re-
sults. Additional delays may be caused by availability and accessibility of
each kind of tests and corresponding resources, including and not limited

to test-kits, laboratory technicians and so on.
{ There exists a maximum testing capacity per day.

{ There exists a delay from requesting a test to getting the result. In other
words, the state transition from \uncon rmed" to \con rmed" is depen-

dent on test type and availability.

{ There exists test accuracy parameters, namely sensitivity a.k.a True Pos-
itive Rate (TPR) and speci city a.k.a True Negative Rate (TNR).
For this model, the TPR and (1 - TNR) dictates the transition from \un-
con rmed"” to \con rmed” and staying in \uncon rmed" state respec-

tively.

To accommodate isolation as a consequence of testing we augment the model further
as shown in Figure 4.5. Here we introduce \isolated" (as a compartment modi er).
This enables the simulation to account for the non-pharmaceutical advisory along
the lines of the following: \Symptomatic individuals are requested to test themselves

and isolate till they receive test result”. We further assume that individuals in
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Figure 4.5: SIR Compartmental model augmented for testing and isolation.

\isolated" type compartments do not participate in propagating the contagion along

with assumptions made for \SIR with Testing" model.

4.5.1 Diagnostic Test transition parameters

Based on recent research by Dinnes et al. [26], diagnostic tests of di erent types and
brands o er di erent sensitivity (True Positive rate) and speci city (True Negative
rate) for determining positive infection status. Furthermore, these parameters are
also dependent on whether the individual is symptomatic or not, or more generally

speaking dependent on the age of infection.

4.5.2 Diagnostic Test scheduling

A 2D matrix of dimension (test type; test scheduled on; result day; resull no of indviduals
decouples the compartment model transitions from the testing system and making
it exible enough for even extreme scenarios like cascading failure of testing infras-

tructure due to unavailability of diagnostic test from roll-over demands.

61



Classic SIR

Infection »@— —>®
\ N ¥

Test TNR Test FNR Test TNR

o “

@

Figure 4.6: SIR Compartmental model augmented for testing, isolation and contact
tracing.

@

~
~

_ 1
isolation

1
isolation

@t

FPR FPR

4.6 Contact tracing

Our simulator borrows its contact tracing model from Kretzschmar, et al. [55].
To accommodate this, we modify the compartments as shown in Figure 4.6.

Here compartment names are shortened and transitions are parameterised as follows:

S; Sso; Siso:+ve: Susceptible, Susceptible and waiting for result and Susceptible

and falsely identi ed as positive compartments respectively.

I; iso; liso: + ve: Uncon rmed Infectious, Uncon rmed Infectious and waiting for

result and Con rmed Infectious compartments respectively.

R; Riso; Riso:+ ve: Removed, Removed and waiting for result and Removed and

falsely identi ed as positive compartments respectively.
: Removal.

TNR, FPR: True Negative and False Positive rates respectively for diagnostic

test performed on a non-infectious individual.
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" TPR, FNR: True Positive and False Negative rates respectively for diagnostic

test performed on a infectious individual.

"~ isolation: Mean time period of expected isolation for non-infectious individuals

with a positive result.

We assume contact tracing moves an agent from its base state to its corresponding
isolated state. And for every new transition to \(con rmed + isolated) Infectious”
compartment, contact tracing is performed for the neighbours of the speci c agent
with a tracing delay . The coverage of the trace is determined hyacing depth  of
days and contact levels. For example, at simulation dal, let the set of all contacts

of con rmed and isolated infectious agents ab 1 (and not already con rmed and

isolated Infectious) is as shown in equation 4.5.

A trace function over this set, results in the following composition and transitions
as shown in equation 4.6.

8
5 S ) Siso
trace(contact(l iso: + ve)) := (4.6)

'BI) Iiso

Further assuming, perfect tests, in nite testing capacity and instantaneous test re-

sults, we have the following composition and resultant transitions as shown in equa-

tion 4.7. 8
25) Sw) S
test(trace(contact(l iso: + ve))) := 4.7)
'B I ) Iiso ) Iiso;+ve
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4.6.1 Contact gathering ow

Given an individual and a start day of contact tracing, the ow of gathering contact
is shown in Figure 4.7. The behaviour of the tracing strategies are based on the

following parameters:

" Tracing delay : If a positive result is observed for simulation day), request
test on D + tracing delay, for all traced contacts for range fromID - \tracing

depth' to D].

" Tracing depth : The number of days of contact networks to considered from

the time of request of contact tracing.

" Tracing Coverage : Separate scaling factor for simulating inaccuracy of re-

porting of close and casual contacts.

4.7 Hospitalisations and deaths

For the sake of visual clarity let us have a short-hand for compartments that includes
testing and isolation as shown in Figure 4.8.

Hospitalisation compartments are introduced as an extension of infectious compart-
ments, queued for testing and tested positive. And the removed compartments into
separate compartments for recovered and dead. The modi ed compartment model
is shown in Figure 4.9 with the corresponding parameters de nitions in Table 4.3.
Please note, with strains of contagion that have shown changes in observed periods of
infection, hospitalisation and the introduction vaccination a compartmental model
that captures a contagion dynamics with su cient detail is composed of multiple
instances of the augments of extended model shown in Figure 4.9 with respect to

constituent contagion strains and vaccination.
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Table 4.3: List of notation for extended SIR model shown in Figure 4.9

Notation(s)

De nitions

Stestable

Shorthand for Susceptible, isolated Susceptible and falsely iden
ed as positive Susceptible compartments.

|; I iSO » Iiso;+ve

Uncon rmed Infectious, Uncon rmed Infectious and waiting for
result and Con rmed Infectious compartments respectively.

TPR, FNR

True Positive and False Negative rates respectively for diagnost
test performed on a infectious individual.

H;Hcu

Compartments for Hospitalisation and Hospitalisation with ICU
respectively.

Rtestable

Shorthand for Recovered, isolated Recovered and falsely identi &
as positive Recovered compartments.

Compartment for individuals died due to contagion.

Infection rate as a function of pairwise contact time

Inverse of total period a person may carry the contagion

Fraction of infected population dying without hospitalisation

Inverse of mean period before hospitalisation

Inverse of mean period of hospitalisation without ICU

Fraction of hospitalised population dying with hospitalisation

Fraction of population requiring hospitalisation with ICU

Fraction of population requiring only hospitalisation

Inverse of mean period of hospitalisation with ICU

Fraction of hospitalised population dying with hospitalisation and
ICU
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Figure 4.8: Shorthand for compartments with diagnostic testing
4.8 Infectiousness scaling

To simulate a non-infectious period like that of SARS-CoV-2, we also introduce a
infection probability scaling function as equation 4.8, provided by Robert Santacruz,

a colleague in the research group:

o

AtY= A normalised(m)

(4.8)

All infectious states' base infectious amplitudé\ is scaled according to time elapsed
since infectedt®. Please note, this is an attempt at generalising the \Latent" status

of an infected individual as an alternative to having a separate compartment.
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4.9 Non pharmaceutical interventions

Physical distancing and masking are simulated as scaling of infection probability
function. Closures and lockdowns are simulated with the help of selectively removing
speci ¢ venues through the CitiSketch tool [46] prior to simulating human mobility

to generate synthetic contact network.

4.10 Simulation algorithm

Before stating the simulation algorithms, we review a list of typical simulation wide

con guration parameters in Table 4.4.

4.10.1 SIR simulation loop
At its simplest form, for a SIR model, the simulation pseudo code may be described

as follows:

1. Set up initial infectious population and mark the end of day 1.
2. From day 2 till the end of simulation

(a) Iterate on the list of infectious from previous day

i. Propagation step : \Do they infect any of the susceptible from pre-

vious day?"

(b) Evolution step : \Transition any non-susceptible from previous day evolve

to their next state"

(c) This concludes the nal states for this day, record and repeat
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Table 4.4: Typical simulation

con guration parameters

Con guration parameter

Notes and example value(s)

Contact matrices

sequence of contact networks pe
day to simulate repeating pat-
terns of mobility

Simulation time (no. of days)

30,60, 90, 210 days

Disease model

SIR, Extended SIR

Amplitude (A)

0.001, 0.002, 0.0025, 0.003

Ramp up time (tramp up)

1200 seconds

Vaccinated proportions,fyo; Y1; V2; Y30

Initial proportion of population

not vaccinated, vaccinated with 1
dose, with 2 dose and 3 dose re
spectively

Relative infectiousness ()

Note, u; is designated for Wild
variant with a value 1.0

Vaccine e cacy ( inf )

Note, these are odds of vaccine ef
cacy for a potential vaccinated
agent getting infected with a par-
ticular variant

First day disease import

No. of infectious individuals at
the start of simulation.

Testing capacity and strategy

Types and no. of tests available
per day and test disbursal strat-

eqgy.

Contact tracing strategy

Parameterised contact tracing
and traced-testing context.

NPI parameters and strategy

Parameterised NPIs and their
timing strategies.
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4.10.2 Augmented simulation loop

With the introduction of the extensions to the base model the SIR simulation loop

is extended to the following pseudo code:
1. Set up initial infectious population and mark the end of day 1.
2. From day 2 till the end of simulation

(a) Ilterate on the list of susceptible from previous day
I. Vaccination step : \Did anyone get vaccinated yesterday?"

(b) Iterate on the list of test-seekers from previous day (excluding the newly

vaccinated)
i. Voluntary Test Request step : \Did anyone request test yester-
day?"
(c) lterate on the result-seekers from previous day (including same day test
seekers)
I. Test Result Generation step : \Did anyone receive test result yes-
terday?"
A. lterate over agents receiving positive test result

B. Contact Tracing step : Gather all the traced contacts of posi-

tive result receiving agent

C. If: there is a contact tracing delay of more than a day, schedule

tests

D. Else: Same day traced-testing step : Generate test result for
all the traced contacts except for the ones who already requested

and received test result yesterday.

E. Contact trace the positive results from the previous step.
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F. If: maximum same-day-tracing-depth has not been reached ex-
clude the ones who already requested and received test result

yesterday and repeat from step D.

G. Else: Schedule testing for contact traced agents from step E for
next day (with or without isolating these agents from propaga-
tion).

(d) Iterate over remaining infectious agents from previous day

I. Propagation step : \Do they infect any of the susceptible from pre-

vious day?"

(e) Evolution step : \Transition any non-susceptible from previous day evolve

to their next state"

(f) This concludes the contagion propagation for this day and nalises the

states for the previous day, record and repeat

4.10.2.1 Naive simulation algorithm

The simplest possible loop to simulate disease propagation is a nested structure,
with the outer loop iterating over number of simulation days and the inner loop

iterating over each individual agent as shown in algorithm 3.
4.10.2.2 Optimised simulation algorithm

Considerable speedup is achieved with the following changes to the naive approach:

" Iterate over infectious agents and compute possible transmissions to suceptible

neighbours instead of iterating over susceptibles.
~ Evolve the non-susceptible agents in batch as they are mutually independent.

" At the end of a each day nd agents in terminal state, i.e. states that cannot

evolve and remove from computation.
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Algorithm 3 Disease Spread - naive approach

1. Set simulation con guration

2: Construct disease model with appropriate parameters and convert to a transition
matrix Tsates states

3: Load rst contact matrix: M.

4: Initialise rst day as per vaccinated proportions and rst day disease import as
So=10;0;0;:::N 1g, whereN is the total number of agent andS, is a vector
of the state of each agent 0 toN for simulation day k

5. for day 2 tok do

6: for each agent 21 0;1;:::N 1gdo

7 if i is susceptiblethen nd Inf . set of infectious neighbours
8: for eachj 2 Inf; do compute probability for j to infect i

9: end for

10: else Evolve i's current state as per transition matrix T

11 end if

12: end for

13: Load the next contact matrix M1

14: Record the state vector for this day asS¢

15: end for

16: Output the state vectors Sy; Syp; S,:::S¢ for aggregation and visualisation.

" At the end of each day check, if there are no more infectious agents and rest of
the agents are either in susceptible or terminal state, preemptively terminate

simulation.

The disease spread algorithm with these changes is listed as algorithm 4.
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Algorithm 4 Disease Spread - optimised approach

1: Same as Step 1,2,3 and 4 of algorithm 3

2: Construct, set of susceptible for rst day =Y;

3: Construct, set of non-susceptible for rst day =Y,
4. Construct, set of Infectious for rst day = Inf ;

5. for day 2 tok do

6 Construct, temporary set of new non-susceptible for today neWYd%y =;
7 Construct, temporary set of susceptible for today 2tempYyay = Yday
8: for each agent 2 Inf 45y 1 do . lterate infectious
9 nd Y, fromtempYy.y . Susceptible neighbours of
10: for eachj 2 Y;, do
11: compute probability for i to infect |
12: if j is infectedthen
13:
14: removej from tempYyay
15: addj to newYg,
16: end if
17: end for
18: end for
19: for each agent 2 Ygay 1 nede?sly do . Propagate susceptibles who
weren't infected
20: Copy i's current state as today's state
21: end for
. Evolve non-susceptible
22:  for each agent 2 Yg,, , do
23: Evolve i's current state as per transition matrix T
24: end for
25: Find set of agents moved to terminals for this day =T ermgay . Remove
terminals

26: for each agent 2 Termg, do
27: Fill i's current state till end of simulation day
28: Removei from Y 'gay
29: end for
30: Setup Inf gay, Yaay and Y 4ay (for next iteration)
31: Load the next contact matrix M p,q
32 Record the state vector for this day aSy

. Preempt simulation for stable state
33: if jInf 4ayj = 0 and all agents are inYgay Or Termg,, then
34: Copy Sgay from Syay+1 to Sk
35: break . Break from day-wise iterator
36: end if
37: end for

38: Output the state vectors Sp; Sp; S,:::S¢ for aggregation and visualisation.
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4.10.2.3 Functional simulation algorithm

A SIR simulation loop may be composed as mutually recursive function calls of

infection propagation and removal from infectious state as follows:

function SimulationWrapper(simulation_configuration){
/I Initialise simulation
propagate_infection(simulation_configuration,
simulation_day_index,
accumulator,

removal_from_infected)

function propagate_infection(simulation_configuration,
simulation_day_index,
accumulator,
callback_function){
/I End of recursion clause - do nothing and return
if(simulation_day_index > end_day)

return accumulator

/[ Mutate agent states

callback_function(simulation_configuration,

simulation_day_index,

accumulator,

propagate_infection)
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function removal_from_infected(simulation_configuration,
simulation_day_index,
accumulator,
callback_function){

/[ Mutate agent states

callback_function(simulation_configuration,
simulation_day_index + 1,
accumulator,

removal_from_infected)

Similarly, a SIR model with isolation, testing and contact tracing, may be composed

of chain of recursions of the following functions:
1. SimulationWrapper ! queuetests
2. queuetests! gettest results_and.trace
3. gettest results_and.trace! getsamedaytraced test results
4. getsamedaytraced._test_results ! scheduleoverflow

5. scheduleoverflow ! propagateinfection (with increment in simulation day

index)
6. propagateinfection ! removal from _infected
7. removal_from _infected ! restore_from _isolation

8. restore_from _isolation ! queuetests (end of a chain)
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4.11 Implementation

4.11.1 Complete simulator: R

The full simulation work ow has been implemented in declarative paradigm in R

programming language [80] version 3.6.3 on R Studio IDE [84] with extensive usage
of igraph package [21] for construction and manipulation of compartmental models
and ggplot2 package [92] for visualisation. Furthermore, the packages dplyr [94]
, iterators [2], jsonlite [72], Matrix [7], tidyverse [93] and reshape [91] have been

invaluable for data 10 and manipulation.

4.11.2 Simulation loop: Julia

As an exercise in optimisation and cross-validation, the simulation loops for select
compartmental models have been implemented in purely functional paradigm in Julia
programming language [9] version 1.4.1 on Juno IDE plugin version 0.12.6 for Atom
text editor version 1.60.0. The following packages were utilised CSV, DataFrames,
Plots, StatsBase, BenchmarkTools, LoopVectorization, JLD2, FilelO, Measures and

Glob.

4.11.3 Experimental setup

All of experiments were conducted on an Intel(R) Core(TM) i7-10875H CPU @ 2.3
GHz running Ubuntu 20.04.2 LTS x8664-bit OS with 32 GB RAM.

4.12 Results

Listed in the Table 4.5 are comparison of mean execution time for a single simulation
run for the full framework implementation in R and functional simulation loop in

Julia with the following con guration parameters:
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Contact matrix : generated from mobility of 4602 individuals from Camp-

bellton community of New Brunswick, Canada, provided via CitiSketch.
Viral strains and amplitude : single strain with 0.003.

Initial no. of infectious individuals . 4, randomly assigned.

Total simulation days : 210.

Contact tracing strategy : Same day traced testing (Mobile app based)
Vaccination rates : Constant.

Table 4.5: Comparing simulation time varying disease model and implementation

Disease model No. of | R full | Julia simula-
compart- | frame- tion loop (s)
ments work (s)

SIR 3 23.0969 1.4252282

SIR with Vaccination 9 26.5943 Not imple-

mented

SIR with Testing and Isola- | 7 22.8668 4.9491476

tion

SIR with Testing, Isolation | 9 26.5436 8.5852787

and Contact Tracing

SIR with Hospitalisation, | 12 35.4862 Not imple-

Testing and Isolation and mented

Contact Tracing

The hand-crafted simulation loop for Julia is obviously much faster than the full-
framework based implementation in R, however the latter remains more stable with
the increase in (non infecting) transitions or increase in compartments of a disease
model. Parameterised disease model for SIR and SIR with testing and isolation is

listed in Appendix A, Section A.1 as Table A.1 and A.2 respectively.
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Figure 4.10: Daily active cases for 200 runs

4.12.1 Visualising infection risks

Due to the stochastic nature of the simulator when visualising a metric of interest,
say active cases per day the outputs are visualised with aggregated statistics to get

a sense of most probable outcomes as shown in Figure 4.10.

4.12.1.1 Multiple instances of single scenario

For a visualising a single scenario as in Figure 4.10, the daily count of active cases
per day of each run is a line and day wise range of®2@nd 80" quantile respectively
are ribbons or areas. Finally, the median count active cases is plot in a darker colour.
This composite plot depicts the most probable outcome regions as the median line
and the surrounding bands at a glance. The individual line plots are essential to
communicate that the worst case scenarios may be signi cantly worse than aggre-
gated medians. For example, in Figure 4.10, the worst scenario has about 150 more
active cases of the simulated infection. Depending on the public health context, this

may be a critical piece of information in strategic planning and must be preserved
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Figure 4.11: Comparing school closure as a strategy to mitigate infection risk

as noted by Juul et al. [48]. Another of observation of interest to public health is

the possibility of delayed onset of exponential growth phase of an infection given the
same initial simulation scenario parameters.

That being said, counterfactual modelling is e ective in answering comparative

\what-if" questions and therefore outputs need to visualise multiple scenarios as

discussed in the next Subsection 4.12.1.2.

4.12.1.2 Comparing scenarios

In Figure 4.11, we plot daily active cases for 200 runs with its associated aggregated
plots to e ectively communicate e ectiveness of public health intervention in ques-
tion, which in this case is closing of schools. Hence we have simulation output of a
\control" scenario without school closure.

When producing visualisation to compare more than two scenarios it is prudent to

plot only the aggregated statistics. For example, in Figure 4.12 a pair of metrics
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