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Abstract
The SARS-CoV-2 pandemic led to the formation of very large databases of genomic viral

data. These databases contain information on transmission dynamics, emergence and evolution
of SARS-CoV-2. However, extracting this information from sequences is difficult, as most
methods of analyzing viral genomes were developed for smaller data sets. Therefore, my
objective was to develop new fast estimators of the number of infections (I) and the rate of
migration based on simple features of SARS-CoV-2 phylogenies.

I simulated pathogen evolution using a susceptible-exposed-infectious-recovered (SEIR)
model of pathogen spread, reconstructing evolution using CoVizu. For simulations of I, I
varied the total number of infections when a final sample was obtained. For simulations of
migration rates, I simulated independent groups of infections and varied the rates of movement
between these groups. I then extracted summary statistics from the simulation output and
developed general linear models (GLMs) and Markov models to predict I and migration rates
respectfully. I evaluated the models using validation data and veritable SARS-CoV-2 data.

The GLMs formulated to predict I showed significant promise, especially when predicting
when there were less than 1 million infections. The Markov models developed to predict
migration rates were less successful. However, the simulation pipeline formulated to test the
Markov models may be used for further development of efficient methods to estimate migration
rates.

This research will help inform public health officials on SARS-CoV-2 spread between coun-
tries and emerging variants that may become variants of concern. Additionally, the algorithms
are flexible and, with new training, may be applied to future outbreaks of novel viral pathogens.

Keywords: SARS-Cov-2, phylodynamics, bioinformatics, virus
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Lay Summary
Covid-19 has led to unprecedented production and sharing of viral genetic data sets. These data
sets are so large that existing data analysis tools are no longer practical. As a result, scientists
have developed novel approaches to use the data to show how viruses are evolving, illustrated
using trees. However, new techniques are still needed to extract information about the spread
and evolution of viruses from these trees.

In this body of work, I used computer simulations of virus spread to create models which
could estimate the number of people infected with Covid-19 and the movement of the virus
between countries. These models used the trees created by the existing software CoVizu to
make estimates. Information given by my models will be essential in the continued monitoring
of the spread of Covid-19 and any future known or new viruses.
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Chapter 1

Background and Rationale

1.1 Severe Acute Respiratory Coronavirus 2

Severe Acute Respiratory Coronavirus 2 (SARS-CoV-2) is an enveloped RNA virus that be-

longs to the Coronaviridae family [1]. The virus was first identified in December 2019 in the

city of Wuhan, China in Hubei province [1]. The first cases of SARS-CoV-2 occurred near

Wuhan’s Huanan seafood market, leading researchers to believe that the market was the site of

SARS-CoV-2 zoonosis, the transmission from an intermediate animal host, such as a raccoon

dog, to a human [2, 3]. From the market, through global transport of people and goods, SARS-

CoV-2 spread across the globe. As a result, the World Health Organization declared a global

SARS-CoV-2 pandemic on March 11, 2020 [4].

Since the declaration of the global pandemic, and, as of May 1, 2023, SARS-CoV-2 has

claimed over 6.8 million lives [5] and has led to continued morbidity for many others as “long

COVID” [6]. Additionally, the SARS-CoV-2 virus has had a significant economic burden,

decreasing productivity globally due to pandemic restrictions and health impacts [7]. For these

reasons, since the beginning of the SARS-CoV-2 pandemic, researchers around the globe have

mobilized to understand the virus’ emergence, transmission, and genome structure [8].

1



2 Chapter 1. Background and Rationale

1.2 Genome structure

The SARS-CoV-2 genome is 29,903 base pairs long and is composed of a single strand of

positive-sense RNA [9]. The closest recorded ancestor of SARS-CoV-2 is the RaTG13 bat

coronavirus [10] 1 which shares 96% sequence identity to the SARS-CoV-2 genome [10, 12].

Like the RaTG13 virus, the SARS-CoV-2 genome contains four core proteins (spike, mem-

brane, envelope, and nucleocapsid), which make up the structure of the virus [1]. The genome

also carries a series of accessory proteins that help the virus to survive and reproduce [1].

1.2.1 Spike

The spike protein gives the SARS-CoV-2 virus particle its distinct “crown-like” appearance

and binds to the human angiotensin converting enzyme 2 (ACE2) receptor, which under nor-

mal physiological conditions removes a C-terminal carboxydipeptidase from Angiotensin II to

activate the peptide [13]. The spike protein is 1,273 amino acids long [1] and has a homodimer

tertiary structure [14]. Within this single protein structure, there are two subdomains (S1 and

S2) connected by a four base long (Ala-Arg-Ala-Arg) S1-S2 boundary [15]. The S1 subdo-

main is composed of residues 14 to 685 and is responsible for SARS-CoV-2 receptor binding

[16]. The subdomain is divided into two regions, the receptor binding domain (RBD) made up

of residues 319 to 541, and the N-terminal domain made up of residues 14 to 305 [16]. The

S2 subdomain is composed of residues 686 to 1,273 and is situated inside the SARS-CoV-2

membrane [16]. The specific roles of the S1 and S2 domains will be discussed in further detail

in Section 1.3.1.

1RaTG13 is a lab identifier, not an abbreviation. Ra stands for Rhinolophus affinis, the genus of the bats where
the virus was identified. TG stands for Tongguan, the region where the virus was sequenced. 13 stands for 2013,
the year that the virus was sequenced. See Cohen [11] for more information.



1.2. Genome structure 3

1.2.2 Membrane

The membrane protein sits on the SARS-CoV-2 membrane and is primarily responsible for

virion formation [17]. The protein is 223 amino acids long [1] and adopts a symmetric dimer

tertiary structure with three domains [18]. The first domain is the N-terminal domain (residues

9 to 105), a structure composed of three α-helices which is embedded in the viral membrane

[18]. The second domain, the β-sheet sandwich domain (residues 117 to 201), is situated within

the inner virion and is composed of an outer protein sheet that surrounds an inner protein sheet

like a sandwich [18]. Finally, the last domain, the juxtamembrane hinge (residues 106 to

116), is a moving hinge structure that connects the N-terminal domain to the β-sheet sandwich

domain [18]. This hinge exists in two conformational forms which are believed to be required

for virion formation [18].

1.2.3 Envelope

The envelope protein is 75 amino acids long [1] and acts as a passage for nutrients to enter

the viral particle and for waste to exit the viral particle so that a constant environment may

be contained within the viral particle [19]. In other words, the envelope protein acts as a

viroporin which helps maintain homeostasis [19]. The protein is composed of three domains

with an overall net-zero charge [20]. The short N-terminal domain is made up of negatively

charged residues 1 to 8 [20] and is located inside the SARS-CoV-2 virion [21]. The C-terminal

domain is located outside of the virion [21] and is made up of residues 39 to 75 [20]. The

transmembrane domain is composed of valine and leucine repeats in residues 9 to 38 which

allow the domain to span the SARS-CoV-2 membrane [20]. Together, these domains form a

single α-helix structure which clusters with other peptides to form a hexameric transmembrane

viroporin [21].
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1.2.4 Nucleocapsid

The nucleocapsid protein is 419 amino acids long [1] and is primarily responsible for packag-

ing SARS-CoV-2 RNA into symmetric helix structures [22]. The protein is made up of five

unique domains [23]. The first domain, the RNA binding domain, is made up of residues 51 to

174 [23] and is organized into four antiparallel β-sheets contained within two α-helices [22].

The second domain, the dimerization domain, is composed of residues 247 to 365 [23] and is

made up of two asymmetric dimers (protein structures with two distinct substructures) with an

electrostatically charged surface that may interact with RNA [24]. The remaining domains are

the N-terminal arm (residues 1 to 50), the linker arm (residues 175 to 246) and the C-terminal

arm (residues 366 to 419) [23]. These domains are disordered, meaning they do not form dis-

tinct structures, which allows them to interact in different conformations with both the RNA

binding domain and the dimerization domain [23].

1.2.5 Accessory proteins

Accessory proteins are proteins that assist in, but are not essential for, the survival and repli-

cation of viruses. These proteins are encoded in one of SARS-CoV-2’s twelve numbered open

reading frames (ORFs) and are often translated into polyproteins that require post-translational

cleavage, the removal of peptides after translation, to become functional [1]. The largest such

ORF is ORF1ab which encodes 16 non-structural proteins (NSPs 1 to 16) that are primarily

involved in protein and genome replication [25]. Specifically, NSP 12, the RNA-dependent

RNA-polymerase (RdRp) interacts with NSPs 7 and 8 to encapsulate and subsequently repli-

cate SARS-CoV-2 RNA [26]. The remaining ORFs encode proteins that assist in the SARS-

CoV-2 life cycle [27].
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1.3 Virus life cycle

1.3.1 Viral entry and genome release

The SARS-CoV-2 life cycle is made up of three main stages that allow for the rapid spread of

the virus [28]. The first stage is the viral entry and genome release, where SARS-CoV-2 at-

taches and enters into an uninfected cell [28]. This process begins with the binding of the spike

protein to the human ACE2 receptor [14]. Such binding is mediated by hydrophilic side chain

reactions between the ACE2 receptor and the RBD of the spike protein [14]. After binding,

furin, a proteolytic enzyme present on human and other animal cell surfaces, cleaves the S1-S2

boundary on the SARS-CoV-2 spike protein, which preps the virus for entry [15]. SARS-CoV-

2 then enters the cell through the cell surface, or, in some cases, through endocytosis into the

cell [14]. Entering through the cell surface is known as cell surface entry and entering through

endocytosis is known as clathrin-mediated endocytosis [14].

In cell surface entry, transmembrane protease serine 2 (TMPRSS2), a serine protease present

on animal cell surfaces, cleaves the S1 domain of the spike protein [29]. This domain is then

shed from the spike protein leading to a conformational change in the S2 domain, which posi-

tions the SARS-CoV-2 membrane adjacent to the host cell membrane [14]. This proximity of

membranes invokes membrane fusion and release of the SARS-CoV-2 viral genome into the

cytoplasm of the host cell [14].

If TMPRSS2 is unavailable to cleave the S1 domain, SARS-CoV-2 will enter a cell through

the less favourable pathway, clathrin-mediated endocytosis [30]. In this process, a vesicle

containing the SARS-CoV-2 virion, known as a viral endosome, is formed after the RBD binds

to the ACE2 receptor [30]. The endosome is then absorbed into the cell where cathepsin L,

a protease that under physiological conditions catabolizes collagen and elastin, cleaves the

S1 subdomain [14]. Cleavage of this subdomain leads to the same conformational change

as before, resulting in the fusion of the SARS-CoV-2 and endosomal membranes [14]. The

SARS-CoV-2 genome is released upon membrane fusion [14].
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1.3.2 RNA replication and protein translation

After the SARS-CoV-2 genome is released into the host cell cytoplasm, the next stage of the

SARS-CoV-2 life cycle, RNA replication, and protein translation, begins [28]. This stage starts

with the translation of ORF1ab by the host cell ribosome which, upon cleavage by NSP 3 and

NSP 5 [28], releases the sixteen previously mentioned NSPs into the host cell [31]. One of the

first NSPs to be released is NSP 1, which down-regulates the translation of host cell proteins

and enhances the translation of SARS-CoV-2 proteins [32]. As a result, additional translation

of ORF1ab occurs [32].

This translation and subsequent cleavage of ORF1ab leads to the production of NSPs 7, 8,

and 12, which assemble into a polyprotein structure that replicates SARS-CoV-2 RNA [26].

Once assembled, the polyprotein structure is guided to the 3’ end of the SARS-CoV-2 genome

by 3’ RNA structures [33]. Here, seven catalytic sites synthesize a negative sense template

strand of RNA which spans the genome [34]. This template strand is then read back into

the RdRp resulting in a new SARS-CoV-2 mRNA transcript. The RdRp also makes smaller

mRNA transcripts, known as subgenomic RNA (sgRNA) through discontinuous replication of

the template strand [28, 35]. These smaller sgRNA transcripts are required for the translation

of many of the remaining SARS-CoV-2 proteins by host cell ribosomes [35].

Of note, the four core structural proteins, spike, nucleocapsid, membrane, and envelope

are all translated from SARS-CoV-2 sgRNAs by host cell machinery [36]. In particular, the

nucleocapsid is synthesized by free-floating ribosomes, while the membrane, envelope, and

spike proteins are translated by ribosomes embedded in the Endoplasmic Reticulum (ER) [36].

This selection of ribosomes allows the nucleocapsid to localize to the newly synthesized SARS-

CoV-2 mRNA transcripts and package the transcripts into tight coils [22, 36]. Meanwhile, the

spike, membrane, and envelope proteins are translated directly into the lipid bilayer of the ER,

allowing for easy formation of virion vesicles [36].
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1.3.3 Virion packaging and release

Once the spike, membrane, nucleocapsid, and envelope proteins are translated and the newly

synthesized transcripts are packaged, the final stage of the SARS-CoV-2 life cycle, virion pack-

aging, and release, begins [28]. In this stage of the life cycle, a double membrane vesicle

containing the newly packed SARS-CoV-2 genome and any accessory proteins are formed at

the ER–Golgi intermediate compartment (ERGIC) [37]. This formation begins when a vesicle

containing SARS-CoV-2 envelope, membrane, and spike proteins fuses with the ERGIC [38].

Nucleocapsid proteins bound to mRNA transcripts then interact with the envelope proteins lo-

calizing the transcripts to the outside of the ERGIC membrane [39]. The membrane then buds

around the transcripts forming a viral particle that is carried across the ERGIC and released as

a double membrane vesicle [38]. This vesicle is then transported across the Golgi apparatus

and released from the host cell via exocytosis [38]. The newly formed virus may then infect

another cell, repeating the replication cycle.

1.4 Evolving lineages

1.4.1 The original lineages

During the replication of both the negative sense and forward sense mRNA transcripts, muta-

tions can occur within the SARS-CoV-2 genome. As a result, different SARS-CoV-2 infections

can be genetically distinct. For example, at the very beginning of the SARS-CoV-2 pandemic,

there were two distinct circulating lineages, lineage A and lineage B [3]. These two lineages

were distinguished by two mutations in positions 8,782 and 28,144 [3]. The A lineage, har-

bouring thymine at position 8,782 and cytosine at position 28,144, was more closely related to

the previously mentioned RaTG13 bat coronavirus [3]. On the other hand, the B lineage, har-

bouring the mutations cytosine at position 8,782 and thymine 28,144, was more widespread,

leading to many of the first SARS-CoV-2 cases [3].
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1.4.2 Additional lineages

From these original two lineages, SARS-CoV-2 continued to evolve, leading to a wide spec-

trum of distinct genomes known as the genetic landscape. To organize this genetic landscape,

researchers began clustering genomes into groups containing similar mutations [40]. The re-

searchers then designated clusters containing at least five genomes harbouring at least one

common mutation as new lineages [40]. Additionally, to be designated as a new lineage, re-

searchers decided that clusters must include a common ancestor and all descendants (a mono-

phyletic clade) and the cluster must not be a polytomy (i.e., each node in the cluster may not

have more than two descendants) [40]. Researchers further decided that new lineages may be

designated in the event of recombination, the sharing of genetic information between existing

lineages [40].

Identification of these lineages is still a manual process primarily performed by a global

collaboration of researchers, known as the Phylogenetic Assignment of Named Global Out-

break (PANGO) lineage designation committee [40]. If an individual notices that a group of

sequences fits the designation for a new lineage, they may suggest the new lineage to the com-

mittee [40]. The committee then meets and assesses the sequences to determine whether the

group of viruses will be designated a new lineage [40]. If designated a new lineage, then the

sequences will be named according to the naming conventions developed by O’Toole et al.,

known as PANGO designations [40].

PANGO-designated naming conventions are based on the immediate and distant ancestors

of a group of sequences [40]. Immediate ancestors are designated by numeric values imme-

diately preceding a period [40]. Distant ancestors are designated by alphabetic values at the

beginning of a lineage name [40]. For example, the lineage B.1.1.7 was the seventh lineage

which was identified to be a descendant of the B.1.1 lineage. This B.1.1 lineage was the first

identified descendant of the B.1 lineage, which was the first identified descendant of the an-

cestral B lineage. If a lineage name exceeds three hierarchical levels, then a new alphabetic

prefix is assigned [40]. For example, the alias for the B.1.1.529 lineage is BA. This BA term



1.4. Evolving lineages 9

has since been used in lineage designations for the descendants of B.1.1.529. For example, the

lineage BA.5 (or B.1.1.529.5) continues to be widespread today.

1.4.3 Variants of concern

Additionally, there is a second naming convention for SARS-CoV-2 lineages that spread rapidly

through the population with increased morbidity and mortality [41]. These lineages are known

as variants of concern and, like all SARS-CoV-2 lineages, are classified into lineage clusters

that follow the aforementioned naming conventions [40]. However, to reduce confusion among

the public and to allow for the grouping of descendant lineages with similar severity, variants of

concern have additional simplified names based on the Greek alphabet [41]. For example, the

previously mentioned B.1.1.529 lineage and the lineage’s descendants are commonly referred

to as the omicron variant [42]. This lineage, harbouring more than thirty mutations in the spike

protein, is estimated to have emerged in November 2021 in Botswana [43]. From Botswana,

the lineage spread across the world infecting individuals to this day [43].

In addition to the omicron variant, there have been four additional widespread variants

of concern: alpha, beta, gamma, and delta [44]. The alpha variant, which has the PANGO

designation B.1.1.7, was the first variant of concern to emerge [45]. This lineage was first

identified in the South Eastern region of the United Kingdom in September 2020, becoming

the predominant circulating SARS-CoV-2 strain by March 2021 [43, 46, 47]. The lineage

harboured eight non-synonymous mutations in its spike protein [46], leading to its increased

transmissibility over other circulating lineages [46, 47].

At the same time as the alpha variant was spreading, the beta variant started emerging

[43]. This lineage, harbouring the PANGO designation B.1.351 [46] was first identified in

the Eastern Cape province of South Africa [43]. The lineage carried nine non-synonymous

mutations in its spike protein, three of which enhanced the binding of the spike protein to the

ACE2 receptor [43]. As a result, this lineage was also very transmissible but did not overtake

the alpha strain circulating at the same time [48].
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The gamma variant appeared at the beginning of January 2021 in Brazil [43]. This lineage

was given the PANGO designation P.1 or B.1.1.28.1 (P is an alias for B.1.1.28) and infected

individuals, especially children, with a higher viral load than other lineages [43, 46]. However,

the lineage was not as transmissible as the alpha variant and never became a predominant strain

[48].

Finally, the delta variant was detected in India in May 2021 [43]. This lineage was given

the PANGO designation of B.1.617.2 and was found to lead to infections with viral loads 1000

times larger than early SARS-CoV-2 infections [49]. Additionally, the lineage was found to be

more transmissible than the alpha and beta strains, making the delta variant the predominant

circulating lineage from May 2021 until December 2021, when the omicron variant emerged

[46, 48].

1.5 Expanding SARS-CoV-2 data

To track existing lineages and the emergence of new lineages, researchers have been sequenc-

ing thousands of SARS-CoV-2 genomes a week. As these sequences are processed, they are of-

ten shared in open-source repositories, such as the Global Initiative on Sharing Avian Influenza

Data (GISAID) [50, 51] and Canada’s own VirusSeq data portal (https://virusseq-dataportal.

ca/). These databases now contain millions of sequences and are continuing to grow (Figure

1.1). For example, as of May 2, 2023, the GISAID database contained 15,499,218 SARS-

CoV-2 sequences [50, 51]. For comparison, on the same date, the same database contained

2,017,683 Influenza (all types) sequences, 38,539 Respiratory Syncytial Virus sequences, and

only 7,032 Mpox virus sequences [50, 51].

These expansive data sources have allowed researchers to detect new lineages [40] and ex-

amine genetic relationships between and within the lineages [52, 53]. Researchers have also

used the data to learn about SARS-CoV-2 evolution and transmission dynamics [54–57]. For

example, Bai et al. [54] and Bukin et al. [55] used data in the GISAID repository to estimate

https://virusseq-dataportal.ca/
https://virusseq-dataportal.ca/
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Figure 1.1: An illustration of the expanding SARS-CoV-2 data set in the GISAID database.
Each point represents the number of new genomes submitted to the GISAID database each
week since the start of the SARS-CoV-2 pandemic. The red line shows a piecewise linear
regression fit to the data. Vertical lines illustrate the date of breaks in the linear regression.

SARS-CoV-2’s molecular clock, the rate at which the virus evolves over time. Additionally,

Farah et al. [56] and Inward et al. [57] estimated SARS-CoV-2’s basic reproductive number

(R0 - the average number of secondary infections that result from a single infected individual

if there is neither immunity in the population nor spread prevention measures in place). These

analyses rely on a field of study known as phylodynamics, the inference of epidemiological

quantities by analyzing the genetic relationship between sequenced viruses through phyloge-

netic tree traversal [58].

1.6 Markov chains

To understand most phylodynamic analyses and models of molecular evolution and migration,

a basic understanding of Markov chains is required. Markov chains, as first outlined by Andrei
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Andreevich Markov in 1906 [59], are a way of describing the transition of an entity through a

finite number of states (the condition or status of the entity) over discrete or continuous time

[60]. Notably, Markov chains require that the probability (discrete-time) or rate (continuous-

time) of transitioning from one state to another depends only on the current state and not

previous states [60]. This property is known as the “memoryless” property [60], and can be

best illustrated using an example:

Suppose a shuttle service runs between three locations: the airport, the train station

and a hotel. From the airport, the shuttle runs to the hotel with a probability of 0.6

and to the train station with a probability of 0.4. From the hotel, the shuttle only

runs to the airport. And, from the train station, the shuttle runs to both the airport

and the hotel with an equal probability of 0.5 (see Figure 1.2). Suppose the shuttle

leaves every hour on the hour.

Airport                       Train 
Station

Hotel

P = 1

P = 0.6

P = 0.4

P = 0.5

P = 0.5

Figure 1.2: An illustration of an example Markov chain with three possible states (the airport,
the hotel and the train station). Lines represent possible transitions between states. The proba-
bility of each transition is noted on each line.

In this example, transitioning between the hotel, the airport and the train station depends

only on where the shuttle resides at the current time point. Therefore, the example is “memo-

ryless” and can be defined as a discrete-time Markov chain (time is discrete because the shuttle

leaves at discrete intervals - every hour on the hour).

Further, as a discrete-time Markov chain, this system can be represented by the matrix P in
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Equation 1.1.

P = from



to︷             ︸︸             ︷
0 0.6 0.4

1 0 0

0.5 0.5 0

 (1.1)

P, like all matrices representing discrete-time Markov chains, illustrates the probability of tran-

sitioning from one state to another and is referred to as a transition probability matrix [61]. If

this were instead a continuous-time Markov chain, then the matrix would represent the instan-

taneous rate of movement from one state to another and would be referred to as a transition

rate matrix, Q [61]. A transition rate matrix can be converted into a transition probability ma-

trix using matrix exponentiation where P = eQt given t is time. Through matrix powers, the

probability of being in a certain state after a given number of transitions can be computed from

a transition probability matrix (see Equation 1.2 for an example showing the probability of

being at the airport, the train station or the hotel following 10 transitions, assuming the shuttle

bus started at the airport) (see Norris [61] for proof). This property allows for the application

of Markov chains to a variety of mathematical and statistical disciplines [62], such as Bayesian

Inference.

P(X10) =
[
1 0 0

]


0 0.6 0.4

1 0 0

0.5 0.5 0
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Q to the power of the number of transitions.

=

[
1 0 0

]

0.481 0.352 0.167

0.418 0.380 0.202

0.462 0.360 0.178

 Multiply by the starting state. (1.2)

=

[
0.481 0.352 0.167

]
Probability of being in each state.
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1.7 Bayesian Inference

Bayesian inference is a way of evaluating which hypothesis is best supported by a data set. This

method of inference relies on Bayes’ theorem which is illustrated in Equation 1.3 [58, 63].

P(H|D) =
P(D|H)P(H)

P(D)
(1.3)

Bayes’ theorem states that the posterior probability of a hypothesis (H) given some data

(D), P(H|D), depends on the likelihood of the data given the hypothesis P(D|H), the prior

probability of the hypothesis, P(H), and the probability of the data (P(D)) [58, 63]. In Bayesian

inference, this theorem is used to explore a parameter space of possible values for H, to retrieve

the posterior distribution [64]. This exploration of the parameter space is typically performed

using the Markov Chain Monte Carlo (MCMC) algorithm [64].

In the MCMC algorithm, a starting value of H is seeded at an arbitrary parameter value,

arbitrary set of parameter values, or from the prior distribution [64]. Then, using a Markov

chain with the probability distribution, Q(H′|H), a new value, H′, is selected based on H [64].

In most cases, Q(H′|H) is selected to be symmetric, such that Q(H′|H) = Q(H|H′). H′ is either

accepted or rejected based on a ratio, R, using the Metropolis-Hastings algorithm [64]. R is

outlined in Equation 1.4 and is reliant on Bayes’ theorem [64].

R =
Q(H′|H)
Q(H|H′)

×
P(H′|D)
P(H|D)

=
Q(H′|H)
Q(H|H′)

×
P(D|H′)P(H′)P(D)−1

P(D|H)P(H)P(D)−1

=
Q(H′|H)
Q(H|H′)

×
P(D|H′)P(H′)
P(D|H)P(H)

(1.4)

In this equation, P(H) and P(H′) are given by the prior distribution and P(D|H) and P(D|H′)

can be calculated from the data [64]. If R is greater than one, then H′ is accepted since the new
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posterior probability adjusted for Q is greater than the old posterior probability [64]. If the

ratio is less than one, then H′ may be accepted with probability R, nonetheless, to allow for

continued exploration of the parameter space [64]. If H′ is accepted then the value of H′ is

recorded and the process is repeated selecting a new value, H′′, from Q(H′′|H′) [64]. If H′

is rejected then H′′ is selected from Q(H|H′′). This process is repeated many times, resulting

in a random walk with a distribution of possible values of H which converges to the posterior

distribution [64]. This posterior distribution can take a variety of forms, which makes Bayesian

inference highly flexible and applicable to a wide variety of fields, including the analysis of

SARS-CoV-2 sequences.

1.8 SARS-CoV-2 data analysis

1.8.1 BEAST

Analyses of SARS-CoV-2 sequences using Bayesian inference have most often been performed

using the software tool Bayesian Evolutionary Analysis by Sampling Trees (BEAST) [65, 66].

BEAST is a tool which explores a parameter space of possible phylogenetic trees to find the

tree which is most supported by sequencing data [58]. While traversing the trees, BEAST also

performs Bayesian inference of phylodynamic parameters, such as R0 and the molecular clock,

by exploring a parameter space based on models of evolution (i.e., coalescent, birth-death, etc.)

[65, 66].

Unfortunately, these analyses can be very time-consuming on large trees, as calculations of

tree likelihoods, required for the MCMC algorithm, slow down as sequences are added [58].

As a result, most SARS-CoV-2 analyses performed using BEAST have required significant

down-sampling of the data. This leads to the loss of valuable information in phylodynamic and

phylogenetic analyses of SARS-CoV-2.
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1.8.2 UShER

In response, researchers have been working on developing new tools which can process these

large sequence databases into phylogenetic trees without down-sampling the data [52, 53].

One such tool is Ultrafast Sample placement on Existing tRees (UShER) [53]. UShER was

developed to reconstruct a phylogenetic tree of almost all sequenced SARS-CoV-2 sequences

by placing new sequences onto an existing maximum likelihood tree reconstructed from a

subset of samples [53]. The method uses a maximum parsimony approach to make the process

efficient for expanding data [53].

The algorithm implemented in UShER can be broken into two stages: the data pre-processing

stage and the placement stage [53]. In the data pre-processing stage, UShER starts with an

existing phylogenetic tree reconstructed using the maximum likelihood approach and searches

through the tips of the tree to find representative mutations [53]. In the placement stage, UShER

compares mutations present additional sequences to the mutations representative of each tip in

the phylogeny and places the new sequences on branches with similar mutations [53]. As a re-

sult, the UShER algorithm is only as reliable as the assignment of mutations and the maximum

likelihood tree reconstruction algorithm. As a result, UShER assigns a placement score based

on the mutational differences between the branches and the new sequences giving an indica-

tion of how reliable the placement of the new sequences is [53]. Once all sequences have been

placed, UShER can output a new phylogenetic tree which includes the mutation annotations

from the first stage, allowing researchers to skip the first stage if they would like to add more

sequences later [53].

The UShER algorithm performs comparably well to more conventional maximum likeli-

hood methods for estimating viral phylogenies, such as the maximum likelihood method sug-

gested by Lanfear [67]. Additionally, the UShER algorithm performs 3000 times faster than

other algorithms for constructing global SARS-CoV-2 phylogenetic trees (the algorithm takes

2 minutes and 24 seconds and 3.4 megabytes of space on a tree of size 38342 tips). As a result,

UShER is now the main algorithm used for PANGO lineage designation [40].
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1.8.3 CoVizu

A second algorithm, CoVizu [52], was developed by my lab to reconstruct phylogenetic trees

of all recent SARS-CoV-2 lineages based on their PANGO designation. By separating se-

quences into PANGO designations, the tool allows researchers to see how individual lineages

are evolving and spreading [52]. Additionally, the tool is well-optimized allowing for trees

to be reconstructed using all high-quality sequences on GISAID every week on 56 processes

among 4 compute nodes. The tool also has a web-based interface that allows researchers to

access the trees in near real-time, as they are updated [52].

The CoVizu pipeline has three main stages: sequence alignment, tree reconstruction, and

clustering analysis [52]. In the sequence alignment stage, sequences from the GISAID database

are parsed to remove sequences that have not been properly annotated or are suspected to con-

tain excessive sequencing errors [52]. The remaining sequences are then aligned against the

SARS-CoV-2 reference genome using the pairwise alignment tool Minimap2 [68]. From this

alignment, genetic differences relative to the reference associated with each sequence are ex-

tracted and stored. CoVizu then proceeds to the second stage, tree reconstruction [52]. In

this stage of the pipeline, one genome from each PANGO lineage is selected as a represen-

tative sequence. All representative sequences are then fed into the program FastTree [69] to

rapidly reconstruct a maximum-likelihood phylogeny of the SARS-CoV-2 lineages. This tree

is then time-scaled using the maximum-likelihood program TreeTime [70]. The tree output

from TreeTime is representative of the evolutionary relationships among PANGO lineages.

In the final stage of the CoVizu pipeline, within-lineage evolutionary relationships are es-

timated using neighbor-joining phylogenetic tree reconstruction [52]. Neighbor-joining algo-

rithms take as input a distance matrix representing the genetic differences between pairs of se-

quences and collapse the smallest distances into branching points [71]. In the CoVizu pipeline,

this distance matrix is composed of symmetric differences between mutational sets calculated

in the first step of the pipeline [52]. Tree reconstruction is then performed on these matrices

using the neighbour-joining program, RapidNJ [72] with 100 bootstrap replicates. A consensus
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tree is built from the replicates, collapsing branches with a bootstrap support of < 50% or a

branch length of < 0.5 expected substitutions into polytomies [52]. This consensus tree is then

visualized for each SARS-CoV-2 lineage using beadplots, which illustrate evolution over time

[52].

1.9 Simulating SARS-CoV-2

1.9.1 ODE models

To test the efficacy of UShER, BEAST, and other software for processing viral data, researchers

have relied on simulations of viral epidemics. One common method of running these sim-

ulations of viral spread is through ordinary differential equation (ODE) models [73]. These

models, which typically represent a change in dynamical systems, use a set of reaction rate

equations to illustrate how the number of items in a set of groups changes over time [73]. For

example, ODE models can be used to illustrate how many individuals have become infected

with a virus over time [74].

The most common, and one of the simplest ways, to represent this change in individuals

infected with a virus over time is through a susceptible-exposed-infectious-recovered (SEIR)

ODE model [74]. This model, represented by Equation 1.5 and illustrated in Figure 1.3A and

C, shows how the number of individuals infected with a certain virus changes, supposing there

is neither reinfection nor limitations on viral spread [74].

dS/dt = bS − βS I/N − dS

dE/dt = βS I/N − (ϵ + d)E

dI/dt = ϵE − (γ + D)I

dR/dt = γI − dR

(1.5)
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Figure 1.3: Ordinary differential equation models representing viral spread. A. Illustration of a
susceptible-exposed-infectious-recovered (SEIR) model of infection shown as the spread of in-
fection. B. Illustration of a susceptible-asymptomatic-presymptomatic-hospitalized-infectious-
recovered-exposed (SAPHIRE) model of infection shown as the spread of infections. C. Pos-
sible transitions and rates in the SEIR model of infection. D. possible transitions and rates in
the SAPHIRE model of infection.

The model is parameterized with seven parameters that depend on the structure of the host

population and the infectiousness of the virus [74]. The parameters based on the host popu-

lation are the host population birth rate (b), death rate (d), and population size (N) [74]. The

parameters based on the infectiousness of the virus are the death rate from the virus (D, note:

D ≥ d), the mean number of exposed individuals who become infectious per day (ϵ), the mean

number of infectious individuals who recover per day (β) and the mean number of individuals

infected per infectious individual (γ) [74]. For SARS-CoV-2 many of these parameters are now

widely known which makes implementation of this model fairly simple. For example, research

suggests that on average β = 1.74% of the infected population recovers from SARS-CoV-2 per

day [75].

Unfortunately, the simple SEIR model fails to incorporate some of the complexities of
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SARS-CoV-2 epidemiology, such as the delayed onset of symptoms and asymptomatic infec-

tions [76]. As a result, a second ODE model, the susceptible-asymptomatic-presymptomatic-

infectious-recovered-exposed (SAPHIRE) model, was developed [76]. This model, repre-

sented in Equation 1.6 and illustrated in Figure 1.3B and D, accounts for aspects of SARS-

CoV-2 viral spread, such as reinfection, presymptomatic infections, and unrecorded infections,

that the SEIR model does not account for [76].

dS/dt = bS − βS (I + αP + αA)/N − dS

dE/dt = βS I/N − (ϵ + d)E

dP/dt = ϵE − (δk + δ(1 − k) + d)P

dI/dt = δkP − (γ + η + D)I

dA/dt = δ(1 − k)P − (γ + d)I

dH/dt = ηI − (ρ + D)H

dR/dt = γ(I + A) + ρH − (d + ϕ)R

(1.6)

The SAPHIRE model is parameterized by the same seven parameters as the SEIR model

and six additional parameters [76]. Two of these additional parameters, α and k, are directly

related to SARS-CoV-2 ascertainment, the rate at which infections are recorded [76]. k is this

ascertainment rate and α is a ratio representing how many unascertained cases that can transmit

the virus. For example, α = 0 suggests that only individuals who test positive can transmit the

virus. The other four parameters in the SAPHIRE model are related to transmission dynamics.

Namely, δ is the rate at which presymptomatic individuals become symptomatic, η is the rate

at which symptomatic individuals become hospitalized, ρ is the rate at which hospitalized

individuals get discharged and ϕ is the rate of reinfection [76].

When compared to SEIR-like models, the SAPHIRE model was found to be the best fit for

SARS-CoV-2 transmission dynamics [77]. However, the model does have a bias for underesti-
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mating cases [77]. As a result, while simulation with the SAPHIRE model is more consistent

with SARS-CoV-2 transmission dynamics, the simpler SEIR model should not be discredited

as a viable option for simulating SARS-CoV-2 spread.

1.9.2 Sequence Simulation

Mathematical models such as the SEIR and the SAPHIRE models only simulate the spread

of infections, and other software tools are required to simulate both trees and infections. One

such tool is the Trajectories and Phylogenies Simulator (TiPS) package implemented in R

[78]. TiPS is a flexible software that allows users to specify ODE models to simulate changes

in a population over time [78]. Users may then specify a random subset of the populations

represented in the ODEs to be sampled by the program [78]. These samples are merged into

a time-scaled transmission tree by traversing the transmission trajectory back in time to find

when samples coalesce into a common ancestor [78]. These coalescent events are recorded at

branching points and the traversal of the transmission trajectory is repeated until all samples

have coalesced into a time-scaled transmission tree [78]. This transmission tree may then be

fed into other programs for further simulation.

One such program is INDELible [79], a software tool that simulates evolution forward in

time along a phylogeny or a transmission tree using Gillespie’s algorithm [80], an approximate

version of the exact method of simulation which allows for the sampling of many events at

once to increase speed when an event does not effect the next event. In this algorithm, a

waiting time, τ, is selected from an exponential distribution. Then, events, such as mutations,

are selected within the timestep from a Poisson distribution. Finally, the system is updated.

In this case, events are either an insertion, deletion, or substitution based on user-supplied

insertion and deletion rates and the system is the genome [79]. If a substitution is selected,

the new nucleotide is selected from a mutational rate matrix [79]. If an insertion or deletion

is selected, the size of the insertion or deletion is selected from a user-supplied distribution of

insertion and deletion sizes [79]. This process then repeats with a new waiting time until a
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branch length has been reached [79].

Coupled with the TiPS software, INDELible can therefore be used to simulate sequences

based on SARS-CoV-2 transmission dynamics. This simulation can help in the development

and testing of new phylogenetic and phylodynamic software, such as that which I aimed to

develop in this body of work.

1.10 Objectives

In this thesis, I aimed to use the new tools for reconstructing phylogenetic trees to perform

phylodynamic inference without the loss of important genomic data. In particular, I aimed

to estimate the number of circulating SARS-CoV-2 infections using summary statistics (i.e.

features) extracted from CoVizu phylogenetic trees. I further aimed to estimate the rates of

migration of SARS-CoV-2 lineages between countries using CoVizu phylogenies and accom-

panying location metadata. Together these two pieces of information could help inform public

health officials on how different SARS-CoV-2 lineages are spreading and whether this spread

is being undersampled in genomic data.

1.11 Hypothesis

I hypothesized that simulation pipelines formulated from software such as TiPS and INDELible

could be used to formulate a function to estimate the number of individuals infected with

the SARS-CoV-2 virus from summary statistics extracted from CoVizu phylogenetic trees. I

further postulated that a continuous-time Markov model could be formulated to predict the rate

at which SARS-CoV-2 is transmitted between regions based on CoVizu phylogenetic trees and

that this model could be tested through a similar sequence simulation pipeline.



Bibliography

[1] Fan Wu, Su Zhao, Bin Yu, Yan-Mei Chen, Wen Wang, Zhi-Gang Song, Yi Hu, Zhao-Wu

Tao, Jun-Hua Tian, Yuan-Yuan Pei, Ming-Li Yuan, Yu-Ling Zhang, Fa-Hui Dai, Yi Liu,

Qi-Min Wang, Jiao-Jiao Zheng, Lin Xu, Edward C Holmes, and Yong-Zhen Zhang. A

new coronavirus associated with human respiratory disease in china. Nature, 579(7798):

265–269, March 2020.

[2] Michael Worobey, Joshua I. Levy, Lorena Malpica Serrano, Alexander Crits-Christoph,

Jonathan E. Pekar, Stephen A. Goldstein, Angela L. Rasmussen, Moritz U. G. Kraemer,

Chris Newman, Marion P. G. Koopmans, Marc A. Suchard, Joel O. Wertheim, Philippe

Lemey, David L. Robertson, Robert F. Garry, Edward C. Holmes, Andrew Rambaut, and

Kristian G. Andersen. The huanan seafood wholesale market in wuhan was the early epi-

center of the covid-19 pandemic. Science, 377(6609):951–959, 2022. doi: 10.1126/

science.abp8715. URL https://www.science.org/doi/abs/10.1126/science.

abp8715.

[3] Jonathan E. Pekar, Andrew Magee, Edyth Parker, Niema Moshiri, Katherine Izhikevich,

Jennifer L. Havens, Karthik Gangavarapu, Lorena Mariana Malpica Serrano, Alexan-

der Crits-Christoph, Nathaniel L. Matteson, Mark Zeller, Joshua I. Levy, Jade C. Wang,

Scott Hughes, Jungmin Lee, Heedo Park, Man-Seong Park, Katherine Ching Zi Yan,

Raymond Tzer Pin Lin, Mohd Noor Mat Isa, Yusuf Muhammad Noor, Tetyana I. Va-

sylyeva, Robert F. Garry, Edward C. Holmes, Andrew Rambaut, Marc A. Suchard,

Kristian G. Andersen, Michael Worobey, and Joel O. Wertheim. The molecular epi-

23

https://www.science.org/doi/abs/10.1126/science.abp8715
https://www.science.org/doi/abs/10.1126/science.abp8715


24 BIBLIOGRAPHY

demiology of multiple zoonotic origins of sars-cov-2. Science, 377(6609):960–966,

2022. doi: 10.1126/science.abp8337. URL https://www.science.org/doi/abs/

10.1126/science.abp8337.

[4] Thiago Carvalho, Florian Krammer, and Akiko Iwasaki. The first 12 months of COVID-

19: a timeline of immunological insights. Nat. Rev. Immunol., 21(4):245–256, April

2021.

[5] Coronavirus cases:, Feb 2023. URL https://www.worldometers.info/

coronavirus/.

[6] Hannah E. Davis, Lisa McCorkell, Julia Moore Vogel, and Eric J. Topol. Long COVID:

major findings, mechanisms and recommendations. Nature Reviews Microbiology, Jan-

uary 2023. doi: 10.1038/s41579-022-00846-2. URL https://doi.org/10.1038/

s41579-022-00846-2.

[7] Fayolah Richards, Petya Kodjamanova, Xue Chen, Nicole Li, Petar Atanasov, Liga Ben-

netts, Brandon J Patterson, Behin Yektashenas, Marco Mesa-Frias, Krzysztof Tronczyn-

ski, Nasuh Buyukkaramikli, and Antoine C El Khoury. Economic burden of COVID-19:

A systematic review. Clinicoecon. Outcomes Res., 14:293–307, April 2022.

[8] Jeremy Wang, Shawn E. Hawken, Corbin D. Jones, Robert S. Hagan, Frederic Bushman,

John Everett, Melissa B. Miller, Kyle G. Rodino, and Romney M. Humphries. Collab-

oration between clinical and academic laboratories for sequencing sars-cov-2 genomes.

Journal of Clinical Microbiology, 60(3):e01288–21, 2022. doi: 10.1128/jcm.01288-21.

[9] Geng Li, Yaohua Fan, Yanni Lai, Tiantian Han, Zonghui Li, Peiwen Zhou, Pan Pan,

Wenbiao Wang, Dingwen Hu, Xiaohong Liu, Qiwei Zhang, and Jianguo Wu. Coronavirus

infections and immune responses. Journal of Medical Virology, 92(4):424–432, 2020.

doi: https://doi.org/10.1002/jmv.25685. URL https://onlinelibrary.wiley.com/

doi/abs/10.1002/jmv.25685.

https://www.science.org/doi/abs/10.1126/science.abp8337
https://www.science.org/doi/abs/10.1126/science.abp8337
https://www.worldometers.info/coronavirus/
https://www.worldometers.info/coronavirus/
https://doi.org/10.1038/s41579-022-00846-2
https://doi.org/10.1038/s41579-022-00846-2
https://onlinelibrary.wiley.com/doi/abs/10.1002/jmv.25685
https://onlinelibrary.wiley.com/doi/abs/10.1002/jmv.25685


BIBLIOGRAPHY 25

[10] Peng Zhou, Xing-Lou Yang, Xian-Guang Wang, Ben Hu, Lei Zhang, Wei Zhang, Hao-

Rui Si, Yan Zhu, Bei Li, Chao-Lin Huang, Hui-Dong Chen, Jing Chen, Yun Luo, Hua

Guo, Ren-Di Jiang, Mei-Qin Liu, Ying Chen, Xu-Rui Shen, Xi Wang, Xiao-Shuang

Zheng, Kai Zhao, Quan-Jiao Chen, Fei Deng, Lin-Lin Liu, Bing Yan, Fa-Xian Zhan,

Yan-Yi Wang, Geng-Fu Xiao, and Zheng-Li Shi. A pneumonia outbreak associated with

a new coronavirus of probable bat origin. Nature, 579(7798):270–273, March 2020.

[11] Jon Cohen. Wuhan coronavirus hunter shi zhengli speaks out. Science, 369(6503):

487–488, July 2020. doi: 10.1126/science.369.6503.487. URL https://doi.org/

10.1126/science.369.6503.487.

[12] Erin Brintnell, Mehul Gupta, and Dave W Anderson. Phylogenetic and ancestral sequence

reconstruction of SARS-CoV-2 reveals latent capacity to bind human ACE2 receptor. J.

Mol. Evol., 89(9-10):656–664, December 2021.

[13] Anthony J. Turner. ACE2 cell biology, regulation, and physiological functions. In

The Protective Arm of the Renin Angiotensin System (RAS), pages 185–189. Elsevier,

2015. doi: 10.1016/b978-0-12-801364-9.00025-0. URL https://doi.org/10.1016/

b978-0-12-801364-9.00025-0.

[14] Cody B Jackson, Michael Farzan, Bing Chen, and Hyeryun Choe. Mechanisms of SARS-

CoV-2 entry into cells. Nat. Rev. Mol. Cell Biol., 23(1):3–20, January 2022.

[15] Sandrine Belouzard, Victor C Chu, and Gary R Whittaker. Activation of the SARS coro-

navirus spike protein via sequential proteolytic cleavage at two distinct sites. Proc. Natl.

Acad. Sci. U. S. A., 106(14):5871–5876, April 2009.

[16] Y. Huang, C. Yang, X. F. Xu, W. Xu, and S. W. Liu. Structural and functional properties

of SARS-CoV-2 spike protein: potential antivirus drug development for COVID-19. Acta

Pharmacol Sin, 41(9):1141–1149, Sep 2020.

https://doi.org/10.1126/science.369.6503.487
https://doi.org/10.1126/science.369.6503.487
https://doi.org/10.1016/b978-0-12-801364-9.00025-0
https://doi.org/10.1016/b978-0-12-801364-9.00025-0


26 BIBLIOGRAPHY

[17] Y. L. Siu, K. T. Teoh, J. Lo, C. M. Chan, F. Kien, N. Escriou, S. W. Tsao, J. M. Nicholls,

R. Altmeyer, J. S. M. Peiris, R. Bruzzone, and B. Nal. The m, e, and n structural proteins

of the severe acute respiratory syndrome coronavirus are required for efficient assembly,

trafficking, and release of virus-like particles. Journal of Virology, 82(22):11318–11330,

November 2008. doi: 10.1128/jvi.01052-08. URL https://doi.org/10.1128/jvi.

01052-08.

[18] Zhikuan Zhang, Norimichi Nomura, Yukiko Muramoto, Toru Ekimoto, Tomoko Uemura,

Kehong Liu, Moeko Yui, Nozomu Kono, Junken Aoki, Mitsunori Ikeguchi, Takeshi

Noda, So Iwata, Umeharu Ohto, and Toshiyuki Shimizu. Structure of SARS-CoV-2

membrane protein essential for virus assembly. Nature Communications, 13(1), Au-

gust 2022. doi: 10.1038/s41467-022-32019-3. URL https://doi.org/10.1038/

s41467-022-32019-3.
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Chapter 2

HUNePi: An efficient method to estimate

SARS-CoV-2 infections using phylogenetic

summary statistics

2.1 Introduction

Throughout the SARS-CoV-2 pandemic, reports on the number of individuals infected with the

virus have been important in guiding public health officials on the best ways to mitigate viral

spread [1]. For example, reported infection rates helped guide mandated masking programs

and public lockdowns [1]. However, due to the costly nature of large-scale testing programs

and the advent of at-home testing, over the last year, reported SARS-CoV-2 tests have become

quite limited. This decrease in testing has exacerbated an existing problem of under-reporting

of SARS-CoV-2 case counts [2, 3]. As a result, the information that public health officials have

on circulating SARS-CoV-2 infections has become limited.

In response, a large amount of research emerged investigating whether wastewater may be

used to estimate how circulating infections are changing [4–6]. In Canada, for example, the

wastewater surveillance group within Canada’s lineage surveillance consortium, CoVaRR-Net,

37
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has been monitoring the relative frequency of SARS-CoV-2 virus in Canada’s wastewater for

the past two years [7]. The group has also been investigating ways to estimate relative fre-

quencies of specific SARS-CoV-2 lineages within the wastewater [7]. Unfortunately, there are

not yet standards for these assays and the same wastewater data may be interpreted differently

between labs [8].

As a result, researchers have also been investigating whether SARS-CoV-2 genomes may

be used to estimate common epidemiological quantities, such as the basic reproduction number

(R0 - the number of individuals an infectious individual will infect given there is no immunity),

effective reproduction number (Re - the number of individuals an infectious individual will

infect given immunity or public health restrictions) [9] and the numbers of susceptible, infec-

tious or recovered individuals in a population. Analyses investigating these quantities utilize

phylodynamics, a field of study which combines phylogenetic analyses with epidemiologi-

cal inference [10]. Most commonly, these analyses are performed using the Bayesian software,

Bayesian Evolutionary Analysis Using Sampling Trees (BEAST), which was described in Sec-

tion 1.8.1. [11, 12]. However, using this software on databases containing millions of SARS-

CoV-2 genomes, such as the Global Initiative on Sharing Influenza Data (GISAID) database

[13, 14] described in Section 1.5, is difficult since the posterior distribution of the trees be-

comes too large for most computers. As a result, many researchers have had to aggressively

downsample databases to perform phylogenetic tree reconstruction and subsequent phylody-

namic inference [15–18]. This down-sampling leads to a loss of both information and precision

because the downsampling techniques tend to remove duplicate genomes which show the cases

that have led to no evolution.

Therefore, there has been a recent push to develop new methods to perform phylogenetic

tree reconstruction on SARS-CoV-2 using most available data. This has often involved re-

purposing decades-old methods to deal with the challenges of having very large trees. For

example, Ultrafast Sample placement on Existing tRees (UShER) [19], described in Section

1.8.2, uses maximum parsimony to graft new sequences onto an existing phylogenetic tree.
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And, CoVizu [20], described in Section 1.8.3, uses a customized rapid neighbour joining [21]

algorithm to reconstruct and visualize phylogenies for millions of SARS-CoV-2 sequences.

Researchers have also recently looked to feature extraction directly from genomes as a

way to estimate epidemiological parameters without the time-consuming step of reconstructing

phylogenetic trees. For example, Park et al. [22] determined that the number of segregating

sites (sites which are diversifying with respect to an ancestral state) are significantly correlated

with R0 and the number of infections during the exponential growth period of epidemic spread.

Additionally, Plazzotta and Colijn [23] found that an estimation of the number of cherries (a

linkage two terminal nodes with a single common ancestor) in a tree, using sequences data

alone could also be used to estimate R0. Further, Smith et al. [24] adjusted a diversity measure

(Φest) [25], based on the number of unique haplotype (sequences carrying the same mutations)

and wild-type sequences, to the number of infections during epidemic spread. The application

of this statistic allowed the researchers to suggest that there was major under-reporting of

infection in the initial stages of the SARS-CoV-2 pandemic [24].

I aimed to supplement these methods of epidemiological inference by using simulation to

investigate whether very large phylogenetic trees reconstructed with pipelines such as CoV-

izu or UShER could give insight into circulating infections in near real-time. In particular, I

was interested in determining whether I could accurately predict the number of infections (I)

from summary statistics extracted from phylogenies. Further, I aimed to use these summary

statistics to develop a predictive model (termed HUNePi) to estimate the number SARS-CoV-2

infections.

2.2 Methods

All code used in data generation and analysis is available at https://github.com/PoonLab/

PIE/.

https://github.com/PoonLab/PIE/
https://github.com/PoonLab/PIE/
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2.2.1 Simulations of Epidemic Spread

To assess the correlation between different summary statistics and the number of infections (I)

of a SARS-CoV-2-like virus, I ran simulations using the pipeline outlined Figure 2.1. First,

using Trajectories and Phylogenies Simulator (TiPS) [26] described in Section 1.9.2, I ran

1000 replicate simulations with Gillespie’s τ-leaping algorithm [27] with τ = 0.001 days. I

formulated my model within the simulator using the standard susceptible-exposed-infectious-

recovered (SEIR) model [28] of epidemic spread described in Section 1.9.1.

I parameterized my simulations using values from the literature, namely R0 = 2.87 indi-

viduals [29], mean latent period = 3 days [30], mean infectious period = 13 days [31], case

fatality rate = 0.01 deaths per infection [32], b = 4.85 × 10−5 human births per year existing

human [33] and d = 2.11 × 10−5 human deaths per year existing human [34].

From the TiPS simulations, I extracted time-scaled transmission trees containing 100, 500

or 1000 tips, sampled from 20 points in time selected from a uniform distribution with a range

of 0 to the time when I was recorded (t). I selected t from a bimodal normal distribution with a

standard deviation of 30 and local maxima = 125 and 225 days respectively. I set the maximum

possible value of t to 300 days. I selected these parameters to ensure that I collected more

samples when infections were exponentially increasing or decreasing. For each time point,

I sampled a set of infections proportional to the total number of infections at the time point

and reconstructed a transmission tree from the sampled infections using TiPS. If the number

of infections was on average decreasing, I also recorded the maximum number of infections

(Imax).

I rescaled the branch lengths of the TiPS simulated transmission trees to the units of ex-

pected number of substitutions per site per year using the molecular clock of SARS-CoV-

2 (about 8 × 10−4 substitutions per site per year [31]). I then simulated sequences along

the rescaled phylogenies using INDELible version 1.03 [35]. I simulated sequences using a

genome length of 28500 nucleotides (the average length of the SARS-CoV-2 genome account-
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Figure 2.1: Outline of the pipeline used to get summary statistics to build models to predict
infections and to test the models. Panel 1 shows the ordinary differential equations transferring
a population from S (susceptible) to E (exposed) to I (infectious) to R (recovered). Panel 2
shows a time-scaled transmission history. Panel 3 shows simulated genomes from the time-
scaled transmission history. Rows in the panel are sequences and columns are the different
nucleotide positions of the alignment. Panel 4 shows a phylogenetic tree reconstructed using
CoVizu from the simulated genome. Tips are labeled with unique integer indices. Panel 5
shows the extracted summary statistics, the Shannon-Diversity (H), the Unsampled Lineage
Count (U), the effective population size (Ne) taken from the last 5 time points of a skyline plot
and the nucleotide diversity (π).
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ing for incomplete sequencing), with an insertion rate of 9×10−6 [36] insertions per generation

and a deletion rate of 1.71 × 10−4 [36] deletions per generation. I obtained the length of inser-

tions and deletions from a Zipfian distribution with means of 1.95 and 1.86 [37] for insertions

and deletions respectively. I truncated the Zipfian distributions such that the largest possible

deletion or insertion would be 500 nucleotides long. From the simulated sequence datasets, I

reconstructed phylogenetic trees using the CoVizu [20] pipeline described in Section 1.8.3. In

these tree reconstructions, I set the reference genome to the assigned reference genome in the

INDELible simulations.

2.2.2 Summary Statistic Extraction

From the phylogenetic trees reconstructed using CoVizu, I calculated four summary statistics,

mathematical summaries of the reconstructed phylogenetic tree and associated sequence data.

These summary statistics were the unsampled lineage count (a count of the number of internal

nodes within a tree with no sequences associated with them, U), the effective population size

(Ne) and the Shannon index (H). Sampled internal nodes are formed when branches with insuf-

ficient branch lengths or bootstrap support are collapsed into nodes connecting other branches

(see Figure 2.2). These internal nodes could connect to polytomies or bifurcation. U is calcu-

lated by counting the number of nodes connecting polytomies or bifurcations with no collapsed

nodes.

2.0

5.0

1.0

0.22.2

2.0

5.0

1.0

2.2

Figure 2.2: Illustration of how branches with insufficient branch lengths are collapsed into
sampled internal nodes in the CoVizu pipeline. The concept illustrated here also applies to
branches with insufficient bootstrap support.
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To estimate Ne, I generated a multifurcating skyline plot using the methods proposed by

Hoscheit and Pybus [38] for serially sampled multifurcating trees. This estimation of Ne is an

extension of Kingman’s coalescent [39], which suggests that the rate of coalescence is inversely

proportional to Ne when a tree is strictly bifurcating. The method generates a different value

of Ne for each change in the number of extant lineages. Therefore, I took Ne to be the mean Ne

for the five most recent changes in the number of extant lineages.

To compute H, I calculated the proportion of sequences that were associated with each tip

of the phylogeny. I then computed the Shannon diversity [40] from the proportions (see Figure

2.1 for example). Additionally, I extracted nucleotide diversity (π) directly from the simulated

DNA sequences [41], using the “diversity.stats” function in the R package PopGenome which

takes as input a series of genomes and summarizes the genomes into output summary statistics,

such as the nucleotide diversity [42].

To determine whether the selected summary statistics were significantly correlated to I, I

measured the coefficient of determination (R2) between each summary statistic and log(I). I

additionally calculated a p-value of Pearson’s correlation, corrected using a Holm-correction

factor to account for multiple hypothesis tests of correlation. I scaled U by the number of

sampled sequences and H by the log of the number of sampled sequences to normalize these

parameters. I log-scaled Ne to increase the correlation of these values. I did not scale π. When

I was decreasing, I also plotted Imax against the extracted summary statistics and assessed R2

as previously mentioned.

2.2.3 General Linear Models

To model the relationship between the selected scaled summary statistics (H, U, Ne and π)

and whether infections were increasing or decreasing, I formulated generalized linear models

(GLM) under the binomial distribution which predicted whether infections were increasing or

decreasing for each of H, U, Ne and π individually. I additionally formulated models from H,

U and Ne (HUNe) and H, U, Ne and π (HUNePi) to assess how the summary statistics worked
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together to predict infections. Finally, I also formulated models from just H and U (HU) and

just H, U and π (HUPi) because Ne could not be estimated for all statistics (in these cases the

Hessian did not converge in matrix differentiation underlying the multifurcating skyline plot

[38]).

To model the relationship between my summary statistics and I, I separated the simulations

into two groups based on whether infections were increasing or decreasing at t and formulated

additional GLMs with the outcome of I for each of increasing and decreasing infections. With

the exception of the model formulated from just π, these models followed an inverse linkage

function using a Gamma distribution. The model formulated from just π, followed an identity

linkage function using a Gamma distribution because the relationship between π and the log(I)

was more linear. Finally, I formulated an additional set of GLMs with the outcome of Imax

when infections were decreasing. These GLMs were built under a Gamma distribution with an

inverse linkage function. To compare the models I calculated the Akaike information criterion

(AIC) of each model and determined the relative probability of each model for each GLM set.

2.2.4 Validation

To assess, the accuracy and power of each GLM, I simulated another 1000 data replicates

for sample sizes of 100, 500 and 1000 tips using the same pipeline (Figure 2.1). From the

new simulated data, I extracted the previously described summary statistics and performed

validation, using my models to predict:

1. whether infections were increasing or decreasing (taking an estimated P(increasing)>

0.5 to represent a prediction of increasing infections and an estimated P(increasing) ≤

0.5 to represent a prediction of decreasing infection).

2. the predicted number of infections, I, regardless of whether infections were increasing

or decreasing in the simulation.

3. Imax, provided infections were decreasing in the simulation (actual knowledge of whether
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infections were increasing or decreasing)

For each assessment of the models’ abilities to predict whether infections were increasing

or decreasing, I calculated the accuracy, specificity and sensitivity using bootstrapping under

1000 replicates to obtain confidence intervals. For each model assessing I or Imax, I calculated

prediction accuracy using the geometric mean absolute error (GMAE) shown in Equation 2.1.

GMAE = exp
∑n

i=1 ln |xi − yi|

n
(2.1)

Where n is the number of predictions, x is the actual value and y is the predicted value.

Finally, I ran a permutation test, swapping predictions between the HUNePi models and

the HUNe models over 1000 replicates to determine whether model prediction improved with

the inclusion of π.

2.2.5 Varying Parameters

In my initial simulations, I was overestimating the accuracy of estimating I because the pa-

rameters governing the ODE models (i.e., α, β, δ, b and d - see Section 1.9.1) were fixed. To

ensure that I could be estimated when parameters were not fixed, I ran a series of 1000 replicate

simulations using the pipeline outlined before, varying the molecular clock, R0, the mean latent

period and the mean infectious period. Varying the mean infectious period also varied the death

rate of infections because the death rate from infections is based on the case fatality rate and

the length of the infection. I did not vary the parameters related to the infected population, as

the rate of change of this population (i.e., humans) is much longer than the rate of change of the

virus (i.e., SARS-CoV-2). I sampled the parameters from log-normal distributions with means

equal to 2.87 individuals [29], 3 days [30], 13 days [31] 8× 10−4 substitutions per site per year

for R0, mean infectious period, mean latent period and the molecular clock, respectively, and

variances of e0.2. For these simulations, I assessed the correlation as previously mentioned be-

tween the summary statistics and log(I), Imax (given infections were decreasing), R0, the mean
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latent period, the mean infectious period and the molecular clock. I then built a second set of

GLMs using the same summary statistics as before to predict each of whether infections were

increasing, I and Imax. Finally, I calculated the AIC and relative probability of the GLMs.

2.2.6 Additional validation

To ensure that my models were not overfitted to the training data and to assess the accuracy and

power of my models in their ability to predict (1) whether infections were increasing or decreas-

ing, (2) I, and (3) Imax, I simulated additional 1000 replicate data sets, selecting for 100, 500

and 1000 tips (Figure 2.1). I simulated the first data set according to the methods in Section

2.2.5. For the second data set, I again varied parameters, however, I selected the same number

of sampling times as tips and assigned only one tip to each time point (i.e., uniform sampling).

For the final data set, I simulated the data according to the susceptible-exposed-presymtomatic-

asymptomatic-infectious-hospitalized-recovered-hospitalized (SAPHIRE) model of infection

[43]. The SAPHIRE model was developed as a more realistic model of SARS-CoV-2 trans-

mission and, being different from the ODE I trained on, can be used to assess the impact of

model misspecification.

The SAPHIRE model contains additional parameters which I set according to literature

values. Namely, I set the percentage of infections which were asymptomatic to 55% [44], the

number of days until symptom onset to 2.3 days [45], the percentage of recorded asymptomatic

infections to 14.22% [46], the number of days until hospitalization to 12.5 days [47], the num-

ber of days to hospital discharge to 15.3 days [48] and the number of days until reinfection

to 480 days [49]. Additionally, for the SAPHIRE simulations, I set τ in Gillespie’s τ-leaping

algorithm [27] to 0.05 days to speed up these simulations.

For each validation dataset, I assessed the accuracy, specificity and sensitivity of the GLMs

formulated under varying parameters for predicting whether infections were increasing or de-

creasing using the previously described methods. Additionally, I calculated the GMAE of

model predictions of I and Imax for each validation dataset.
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2.2.7 Comparison to BEAST simulations

To determine if my GLMs were biased by my simulation model, I wanted to compare HUNePi

predictions to predictions made by BEAST [11, 12]. As a result, I ran an additional 15 simula-

tions with infections increasing using the SEIR model of infection with varied parameters under

a sample size of 100 tips. For each simulation, I saved tip sampling dates and the simulated

sequences. I ran BEAST on these simulated sequences under a coalescent Bayesian skyline

model, which evaluates Ne for each branching point in the tree from the inverse relationship

between the rate of coalescence and Ne [39]. I set a strict clock model with a log-normal prior

with a mean of 2.19 × 10−6 substitutions per site per day and a standard deviation of 2.72.

All other priors were left at default values. I ran the analysis to a chain length of 150 million

steps, sampling every 150000 steps. I assessed convergence in tracer [50] using the effective

sample size (ESS). I then reconstructed the Bayesian skyline analysis in Tracer [50] using the

“Bayesian Skyline Reconstruction” function and extracted the effective population size (NeB)

from the final time point of the skyline. I compared this value to the number of infections

predicted by HUNePi using a Pearson-Correlation test.

I also recorded the amount of time it took to run each BEAST run. I compared these

values to the amount of time it took to predict infections using our GLMs (including tree

reconstruction by CoVizu). I ran a paired Wilcoxon signed rank test to determine whether

HUNePi was significantly faster than BEAST.

2.2.8 Validation on SARS-CoV-2 Data

To validate my GLMs on SARS-CoV-2 data, I examined data backups from the CoVizu pipeline

containing all SARS-CoV-2 sequences in the GISAID database at the time of download, which

ranged from April 2022 to October 2022 (Supplemental Information A.1). I examined each

data backup to determine if the backup contained genetic sequences for the SARS-CoV-2 lin-

eages BA.1.1.17, BA.1.23, BA.2.2, BA.2.2.1, BA.2.37, BA.2.45, BA.2.53, BA.2.75.2, BA.2.80

and BA.9. I selected BA.2.37, BA.2.45, BA.2.53, BA.2.80 and BA.2.9 as representatives of lin-
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eages with a high expected sampling fraction, as many of the sequences from these lineages

were published from the United Kingdom (UK) and Denmark, which have well-resourced

sequencing programs throughout the SARS-CoV-2 pandemic [51, 52]. I selected BA.1.1.17,

BA.1.23, BA.2.2, and BA.2.2.1 as lineages for comparison, as I believe these lineages should be

undersampled since the lineages are primarily from the United States (USA) and China, which

have had relatively poor sampling fractions (the proportion of infections that are sequenced)

and are slower to release data [52]. Finally, I selected BA.2.75.2 for analysis because the lin-

eage is, at present, of interest due to the lineage’s potential to evade neutralizing antibodies

[53].

For each lineage, I ran the CoVizu pipeline, reconstructing phylogenies using rapid neigh-

bour joining on symmetric differences of feature vectors [20]. I then extracted U, Ne and H

from the phylogenies using the aforementioned methods. To reduce computation time aligning

sequences, I calculated π directly from the symmetric differences of feature vectors using Nei’s

[41] method. During these runs, I also recorded the number of sequences associated with a tree

after removing sequences with excess sequencing errors (the sample size).

Next, I predicted whether infections were increasing or decreasing using the HUNePi

model at each time point for each lineage. I also predicted I, given infections were predicted

by the HUNePi model to be increasing. I plotted the predicted values of I against the date of

the backup to obtain a time-series view of the number of infections. I noticed that uncertainty

was associated with star-like trees (i.e., trees with unresolved internal nodes). As a result, I

assessed the confidence of my predictions by running estimates on tree bootstraps individually,

obtaining a 95% confidence interval for I based on all bootstrap trees. For lineages with exces-

sive uncertainty in predictions, I ran a Pearson-correlation test to determine if the uncertainty

was changing with time. Finally, I ran a paired Wilcoxon signed rank test to determine if the

estimated values of I were significantly different from the sample size across time points where

increasing infections were predicted. I adjusted p-values from the Wilcoxon signed rank test

using a Holm correction factor scaled for the number of lineages that I was measuring.
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2.3 Results

2.3.1 Fixed Parameter Assessment

When all simulation model parameters were fixed and infections were increasing, H, U, Ne,

and π were all significantly correlated with I (R2 ≥ 0.63; pad j < 0.001) (Figure A.1 A-

D, Table 2.1). When infections were decreasing, R2 was substantially lower, suggesting

that any significance between the summary statistics and I was due to sample size alone

(R2 ≤ 0.04; pad j ≤ 0.020) (Figure A.1 E-H, Table 2.1). Additionally, when infections were

decreasing any significance between the summary statistics Imax was due to sample size alone

(R2 ≤ 0.36; pad j ≤ 5.8 × 10−8) (Figure A.2, Table 2.1).

When parameters were fixed, the best model for predicting whether infections were increas-

ing or decreasing was the HUNePi model (AIC = 849.85) (Table A.1). On validation data, this

model was again preferred, having the highest accuracy of 95.0%(94.2%, 95.7%) (Figures 2.3,

A.3). Further, on validation data, the HUNePi model performed significantly better than the

HUNe model (p < 0.001).

When infections were both increasing and decreasing, the best model for predicting I was

again the HUNePi model (Table A.2). For models formulated to predict Imax, the best model

was the HUNe model (AIC = 38981.3) (Table A.2). However, this model did not perform

significantly better than the next best model, the HUNePi model (AIC = 38983.3, relative

probability = 0.370) (Table A.2).

Validation results are mostly in accordance with these findings. Namely, when infections

were increasing, the HUPi model prediction of I had the lowest GMAE of 3.98 × 104(3.50 ×

104, 4.53 × 104), which was lower than the next best model, the HUNePi model (GMAE =

4.18 × 104(3.64 × 104, 4.80 × 104)) (Figure A.4, Table 2.2). Further, the HUNePi model

significantly outperformed the HUNe model (p < 0.001). The same trends were seen when

infections were decreasing, however, GMAE values were an order of magnitude larger on

average (Figure A.5, Table 2.2) and the HUNePi model did not perform significantly better
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Figure 2.3: External validation results of models formulated to predict whether infections were
increasing or decreasing from the unsampled lineage count (U), effective population size (Ne)
the Shannon index (H) and from nucleotide diversity (π). 95% confidence intervals, shown
with error bars, are given by 100 bootstrap replicates.

than the HUNe model (p = 0.311). Interestingly, on validation data, the best models for

predicting Imax were the models formulated from just U (Figure A.6, Table 2.2). For all

models, GMAE increased significantly with the true value of I (Figures A.7, A.8, Table A.3).

However, GMAE only increased significantly with true values of Imax for the model formulated

from just π (Figure A.9, Table A.3).

2.3.2 Varied Parameter Correlation

I saw similar trends in my data when R0, the mean latent period, the mean infectious period

and the molecular clock were varied. First, all summary statistics were significantly correlated

with infections when I was increasing (R2 ≥ 0.14; pad j < 0.001) (Figure 2.4, Table 2.1).

Also, like when parameters were fixed, when infections were decreasing this correlation was
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only significant because of sample size (R2 ≤ 0.16; pad j ≤ 0.0078) (Figure 2.4, Table 2.1).

However, in this case, the correlation between some summary statistics and Imax was slightly

stronger (R2 ≤ 0.24; pad j ≤ 2.3 × 10−9) (Figure A.10, Table 2.1).
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Figure 2.4: The relationship between the number of infections (log-scaled) and A., E. the num-
ber of unsampled lineages scaled by the number of tips sampled (U/n), B., F. log(the effective
population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips sampled)
(H/ log(n)) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infections
and plots E-H. illustrate decreasing infections. Parameters were varied in the simulations the
statistics were extracted from. R2 is the Pearson correlation coefficient between the summary
statistics and the number of infections.

For this data, I was also able to compare the correlation between my summary statistics and

parameters. Here, I saw some correlation between H, U, Ne and π and both the molecular clock

(Figure A.11) and the basic reproduction number (Figure A.12, Table 2.3). I did not observe

the same correlation with the mean infectious period (Figure A.13) and the mean latent period

(Figure A.14, Table 2.3).

Additionally, I examined the correlation between H, U, Ne and π and both I and Imax for the

SAPHIRE model of infection and for the uniform sampling scheme (tips sampled at random

times along a uniform distribution until t). For the SAPHIRE model, I saw a decrease in the

magnitude and significance of the correlation between my summary statistics and I when infec-

Scaled Shannon Index

Nucleotide Diversity
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Increasing Infections Decreasing Infections
R2 pad j R2 pad j

Molecular Clock
H 0.04 2.95 × 10−14 0.21 < 0.001
U 0.18 < 0.001 0.36 < 0.001
Ne 0.03 3.87 × 10−14 0.22 < 0.001
π 0.23 < 0.001 0.46 < 0.001

Basic Reproduction Number
H 0.01 3.92 × 10−6 0.29 < 0.001
U 0.07 < 0.001 0.04 < 0.001
Ne < 0.01 3.54 × 10−3 0.06 < 0.001
π 0.16 < 0.001 0.22 < 0.001

Mean Infectious Period
H < 0.01 0.753 0.05 < 0.001
U 0.03 1.27 × 10−12 0.08 < 0.001
Ne < 0.01 0.157 0.02 6.20 × 10−7

π 0.05 < 0.001 0.09 < 0.001

Mean Latent Period
H < 0.01 0.967 0.03 2.36 × 10−9

U < 0.01 0.0151 < 0.01 0.104
Ne < 0.01 0.751 < 0.01 4.45 × 10−3

π < 0.01 0.0273 0.02 1.04 × 10−6

Table 2.3: Correlation between the Shannon index (H), the number of unsampled lineages (U),
the effective population size (Ne) and the nucleotide diversity (π) and each of the molecular
clock, the basic reproduction number, the mean infectious period and the mean latent period.
The table shows the Pearson correlation and the significance of the correlation for both increas-
ing and decreasing infections.
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tions were increasing but the correlations remained about the same low level when infections

were decreasing (Figure A.15, Table 2.1). Additionally, the correlation between my summary

statistics and Imax remained approximately the same on the SAPHIRE data (Figure A.16, Table

2.1). The same trends continued in the case of the uniform sampling scheme (Figures A.17,

A.18, Table 2.1).

2.3.3 Varied parameter model assessment

Like under fixed parameters, the best model for predicting whether infections were increasing

or decreasing was the HUNePi model (AIC = 1732.07) (Table A.1). Likewise, the best model

for predicting I when infections were both increasing and decreasing was the HUNePi model

(AIC = 4862.67 and 6381.45 for increasing and decreasing) (Table A.2). However, when

infections were decreasing, both the HUNePi model and the HUNe were supported by the data

(relative probability = 0.754) (Table A.2). The two best models for predicting Imax were the

HUNePi and HUNe models (AIC = 39902.33, 39904.0 for HUNePi and HUNe respectively,

relative probability = 0.439) (Table A.2).

2.3.4 Varied parameter validation

On validation data built using the SEIR model with the mean latent period, the mean infec-

tious period, R0 and the molecular clock varied, the HUNePi and HUNe models were the most

accurate models at predicting whether infections were increasing or decreasing (Figures 2.3,

2.5A). These results were echoed on SAPHIRE data, where the most accurate models were

the HUNePi and HUNe models (Figures 2.3, A.19,). In both cases, the two models did not

have significantly different accuracies (p = 0.416, 0.12 for SEIR and SAPHIRE respectively).

Further, the HUNePi model performed the best at predicting I when parameters were varied

under both the SEIR and SAPHIRE models (Figures 2.5B, 2.6, A.20, Table 2.2). Interest-

ingly, on the data collected using uniform sampling, the model formulated from just Ne was

the best model for predicting whether infections were increasing or decreasing (accuracy =
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80.5%(79%, 81.9%)) (Figures 2.3, A.21) and the HUPi model was the best model for predict-

ing I (Figure A.22, Table 2.2).
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Figure 2.5: Prediction results of general linear models formulated from the Shannon Index
(H), the unsampled lineages (U), the effective population size (Ne) and the nucleotide diversity
(π), built from data with varied parameters. A. Receiver operating characteristic (ROC) curve
illustrating models ability to predict whether infections are increasing or decreasing. B. Bar
plot illustrating the geometric mean absolute error of predictions of the number of infections
(I) when infections are increasing or decreasing, and the maximum number of infections (Imax).

When infections were decreasing and parameters were varied, similar trends were observed

in the prediction of both I and Imax. Namely, on validation data generated using both the SEIR

and SAPHIRE models, the HUNePi and HUNe models performed the best with no significant

difference in predictive accuracy (p = 0.95, 0.467, 0.96, 0.637 for I and Imax predictions using

the SEIR and SAPHIRE models respectively) (Figures 2.5B, A.23 - A.26, Table 2.2). In

the prediction of Imax, the HUPi model also had the same predictive accuracy. On the data

generated using a uniform sampling scheme for tip dates, the HUNePi and HUNe models had

the lowest GMAEs in the prediction of both I and Imax(Figures A.27, A.28, Table 2.2).

With the exception of validation data generated using the SAPHIRE model, prediction of

I and Imax for decreasing infections when parameters were varied was an order of magnitude

worse than for increasing infections (Figure 2.5B, Table 2.2). On validation data generated

using the SAPHIRE model, prediction of I and Imax when infectious were decreasing was about

half as accuracte as prediction of I when infections were increasing (Table 2.2). Further, for
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both increasing and decreasing infections, there was significant correlation between the true

value of I and the GMAE (Figures A.29-A.34, Table A.3). However, GMAE did not increase

significantly with the true value of Imax (Figures A.35-A.37, Table A.3).

2.3.5 Comparison to BEAST prediction

All BEAST skyline reconstructions appeared to be fully converged at the end of their runs. This

result was affirmed by effective sample size (ESS) values which ranged between 296 and 8842

for all parameters across replicates (ESS > 200 is considered to be converged; ESS > 10000 is

excessive and wastes resources [11, 12]). NeB predictions by the final timepoints of the BEAST

skylines were significantly correlated to predictions of I by HUNePi (R2 = 0.5, p = 0.0017)

(Figure 2.7A). However, the relationship between the two predictions was not one-to-one. The

mean runtime of the skyline reconstructions was 3.93 hours which was significantly greater

than the mean runtime of HUNePi of just 9.00 seconds (p = 6.447 × 10−9) (Figure 2.7B).

2.3.6 Prediction on SARS-CoV-2 data

From the 10 sampled SARS-CoV-2 lineages, 84 CoVizu trees were observed over the 14-time

points, as some lineages did not exist at the time of sampling (Supplemental Information

A.1). From these trees, U and H were extracted for all samples. However, Ne could only be

calculated for 80 of the time points. As a result, when Ne could not be calculated, I predicted

whether infections were increasing or decreasing and I if infections were increasing using the

HUPi model.

HUNePi predicted that infections were decreasing for only 3 lineages: BA.1.1.17 on 2022-

04-10 and 2022-04-24, BA.2.2 on 2022-04-24 and 2022-05-06 and BA.2.9 across time points

(Figure A.38A). For both BA.1.1.17 and BA.2.2 HUNePi predicted that infections were in-

creasing after the prediction of decreasing infections. For the BA.1.1.17 lineage this change

occurred when the lineage was reclassified into sublineages. All other lineages were predicted

to be increasing across time points (Figure A.38A). Generally, the other GLMs supported
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Figure 2.6: Predicted number of infections infections plotted against true number infections.
Predicted infections were obntained from models formulated from the unsampled lineage count
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(π). The simulations the models were tested on had varied parameters and all infections were
increasing.
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Figure 2.7: Comparison of BEAST estimation of the effective population size (Ne) to HUNePi
estimation of the number of infections (I). A. Plot comparing HUNePi estimations of I to
BEAST estimations of Ne. The blue line is a linear regression comparing the two methods.
The dotted grey line illustrates what a one to one relationship between HUNePi and BEAST
would look like. B. Comparison of the runtime for BEAST and HUNePi on the same data.

HUNePi predictions of whether infections were increasing or decreasing (Figure A.38A).

Among the lineages predicted to be increasing, BA.1.1.17 was predicted to have the highest

value of I across almost all time points, followed by BA.2.45 and BA.2.2 (Figure 2.8A). Inter-

estingly, the lineage BA.2.2 were predicted to have less infections with time even when I was

predicted to be increasing (Figure 2.8A). However, the confidence of this lineage increased

over time (the confidence interval became smaller with time) (Pearson’s R= −0.694 - size of

confidence interval over time, p = 0.0122) (Figure 2.9). The HUNe, HU, and HUPi models

predicted similar values of I (Figure A.38B). All other prediction methods predicted lower

values of I, but followed the same general trends in changes in I as HUNePi (Figure A.38B).

All lineages that were predicted to be increasing had predicted values of I that were sig-

nificantly higher from the number of sequenced infections (Figure 2.8B, Table 2.3.6). Addi-

tionally, with the exception of the lineages BA.1.23, BA.2.2.1, BA.2.36 and some time points

in BA.2.2, all lineages predicted to be increasing had predicted values of I at least an order of
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Figure 2.8: Results of HUNePi predictions on SARS-CoV-2 data predicted to be increasing by
HUNePi classified by lineage and by whether infections were expected to be well sequenced or
poorly sequenced. Classification of well-sequenced infections is based on where the sequences
were primarily collected from. A. Infection predictions by HUNePi plotted against time. B.
HUNePi predicted infections compared to the number of sequenced infections (i.e., tree tips).
The black line shows the point where predicted infections equal sequenced infections. The
red line highlights when predicted infections are at least an order of magnitude higher than
sequenced infections.
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magnitude higher than the number of sequenced infections (Figure 2.8B). Finally, the largest

difference in the predicted number of infections and the sampled number of infections was

BA.2.2 on May 6, 2022 (Figure 2.8B). However, this estimate of the number of infections is

unreliable because the confidence interval for the bootstrap trees for this lineage at this time

point was very broad (Figure 2.8C).

Lineage Hoch adjusted p-value Countries of origin

BA.1.1.17 0.00391
USA (261), Germany (8), Canada (4),

UK (3), Puerto Rico (1)

BA.1.23 0.0469 USA (12)

BA.2.2.1 0.0469
China (41), Canada (2), Japan (1),

Hong Kong (1), USA (1)

BA.2.2 0.00220
Hong Kong (2547), UK (133), Australia (120),

China (98), Japan (30) + 22 others

BA.2.75.2 0.500
India (14), Japan (14), USA (14)

Denmark (9), Signapore (8) + 11 others

BA.2.37 0.0273
UK (3008), USA (699), India (120)

Germany (86), Canada (78) + 42 others

BA.2.45 0.0469
Sweden (319), Denmark (92), Germany (21)

USA(21), France (8) + 14 others

BA.2.53 0.0469
Denmark (147), Peru (104), UK (37),
France (16), Spain (14) + 15 others

BA.2.80 0.0469 Denmark (11)

Table 2.4: Hoch adjusted p-values taken from paired Wilcoxon-rank test comparing the number
of sequences to HUNePIE estimated infections. Countries of origin refer to where sequences
were obtained from. Numbers in brackets represent the number of sequences from each region.
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2.4 Discussion

Through simulations of the SEIR model, I showed that I is significantly correlated to the phy-

logenetic tree and sequence-based summary statistics H, U, Ne and π, when infections are

increasing (Figure 2.4). I additionally, showed that these summary statistics may be indicative

of whether infections are increasing or decreasing. I used this knowledge to create a series

of GLMs to predict both whether infections are increasing or decreasing and I when infec-

tions are increasing. I compared GLMs formulated for each summary statistic individually to

multivariable GLMs formulated from all summary statistics and smaller groups of summary

statistics on validation data originating from SEIR and SAPHIRE models. In the majority of

my simulations (58.3%), the models formulated from all summary statistics, which I termed

HUNePi, were superior to all other models at predicting I on the validation datasets (Figure

2.5). These results imply that each summary statistic presents slightly different information

about the genetic landscape underlying infections. For example, Ne is calculated from the rate

of coalescence of lineages within the tree [54], while π and H are calculated based on the num-

ber of sequences with the same genomes [41, 55]. As a result, when the summary statistics are

combined into a single GLM, a more precise prediction of I is possible.

I further looked to predict I and Imax for decreasing infections. Unfortunately, I had little

success, reporting error values an order of magnitude larger than errors resulting from the

prediction of I for increasing infections (Figure 2.5B). I believe the reason I and Imax were

difficult to predict for decreasing infections was that, when infections decrease, a random subset

of the population is removed. This removal of part of the population results in a tree artifact

where the population seems more genetically diverse with decreasing population size [56].

This artifact coupled with a decrease in diversity due to population size, results in a relatively

net zero change in the observed diversity as infections decrease. As a result, there is minimal

correlation between H, U, Ne and π, and I and Imax when infections are decreasing (Figure

2.4). This is one of the downfalls of the HUNePi method which may require additional data

sources, such as wastewater analyses [57], to resolve.
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As a result, I only attempted to predict whether infections were increasing or decreasing

and I when infections were increasing on SARS-CoV-2 sequence data. I selected nine lineages

from the GISAID database [13, 14] for my analysis and classified the lineages according to

their geographic origin (China and the USA being presumed to be undersampled and the UK

and Denmark being presumed to be well sampled [51, 52]). HUNePi predicted that all but the

lineages BA.1.1.17, BA.2.2 and BA.2.9 were increasing (Figure A.38A). BA.2.9 was predicted

to be decreasing across time points, so I could not perform further analyses on this lineage.

BA.1.1.17 and BA.2.2, on the other hand, were found to be increasing in the later time points

but not the earlier time points, likely due to lineage reclassification and tree uncertainty. As a

result, I was able to perform analyses on these lineages at later time points.

For lineages classified as increasing, I compared the predicted values of I to sequenced

infections. I hypothesized that among these lineages, those classified as well sequenced would

have predicted infections relatively close to sequenced infections. However, for two of these

lineages, BA.2.45 and BA.2.5, (Figure 2.8B) predicted infections were greater than ten times

the sequenced infections. I believe this is because these lineages were also circulating in other

regions. In particular, the lineage BA.2.45 was also predominantly sequenced in Sweden and

the lineage BA.2.53 was also sequenced in Peru (Table 2.3.6). Since these regions are not

sequencing as much as Denmark and the United Kingdom, many of the unsampled lineages

could have been from these additional regions. As a result, I do not believe that HUNePi

radically overestimated the number of infections for these lineages.

Among the remaining lineages, which I expected to be under-sampled coming primarily

from the United States [52] and China, most HUNePi predicted infections were more than a

magnitude larger than sequenced infections (Figure 2.8B). The main exception was the lineage

BA.1.23 where HUNePi predicted that infections were relatively close to sequenced infections

with a fairly tight confidence interval (Figures 2.8B, 2.9). As a result, this lineage may have

been well-sequenced. More likely, however, HUNePi was unable to accurately predict the

number of circulating infections since there were very few sequences available for tree re-
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construction (only 12). Therefore, when the number of sequences is low, Bayesian methods,

such as BEAST [11, 12], may be preferred for estimating metrics indicative of the number of

infections, such as Re or NeB.

Additionally, I was estimated to be within an order of magnitude of the sequenced infec-

tions for the BA.2.2 lineage at several time points. In my opinion, this outcome was the result

of HUNePi performing poorly on this lineage. This hypothesis is supported by the fact that

HUNePi predicted smaller values of I over time, in spite of the GLM predicting that infections

were increasing (Figure 2.8A). Likely, HUNePi was unable to accurately predict I because

the consensus tree of the BA.2.2 lineage could not be fully resolved (i.e., the phylogenetic tree

representing this lineage was star-like). This uncertainty in the phylogenetic tree can be seen in

the confidence intervals of HUNePi predictions on BA.2.2 bootstrap trees (Figure 2.8C). Not

only do these confidence intervals get smaller as predictions of I stabilize, but the confidence

intervals are initially quite large. As a result, future work should investigate the development

of a quantitative metric of HUNePi prediction accuracy from bootstrap trees. This metric could

provide a quantitative criterion for the level of uncertainty required for predictions of I to be

discarded.

Nonetheless, HUNePi was able to highlight the under-sampling of the lineage BA.1.1.17,

which had the largest difference between the sequenced infections and the predicted value of

I. As a result, the tool could be used to alert public health officials of lineages where se-

quencing efforts are not keeping up with the speed at which infections are spreading. This

information could be of particular importance when combined with existing information about

a lineage’s predicted ability to evade antibodies or bind to receptors, such as that in the Pokay

[58] database. For example, in our analysis, the lineage BA.2.75.2 was predicted to be circu-

lating at a higher rate than the rate of sequencing in October. This lineage contained mutations

that were able to evade neutralizing antibodies [53], suggesting that the lineage had the poten-

tial to spread widely across the globe. This rapid spread was observed in India by December

2022. Therefore, when coupled with information on immune escape, such as that curated by
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Pokay [58], HUNePi may be able to alert public health officials of lineages likely to become

widespread.

Nevertheless, as a model based on simulation, I was concerned that HUNePi may have been

overfit to the simplistic compartmental models on which the GLM was trained and tested. As

a result, I compared predictions of I made by HUNePi to estimates of the effective population

size made by the “gold standard” for phylodynamics, BEAST [11, 12]. Predictions made

using these two methods were highly correlated but not concordant (Figure 2.7). This result is

expected, as the effective population size is not a one-to-one measurement of I [59]. As a result,

I believe that HUNePi may be an effective alternative to BEAST phylodynamic inference for

very large datasets near real-time. For example, HUNePi could be used on SARS-CoV-2 data

to flag lineages, such as BA.1.1.17 and BA.2.75.2, where sequencing efforts are not keeping

up with lineage spread (Figure 2.8B).
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Laura Muñoz Baena, Connor Chato, Bonnie Lu, Abayomi S Olabode, and Art F Y

Poon. CoVizu: Rapid analysis and visualization of the global diversity of SARS-CoV-2

genomes. Virus Evolution, 7(2), 11 2021. ISSN 2057-1577. doi: 10.1093/ve/veab092.

URL https://doi.org/10.1093/ve/veab092. veab092.

[21] Martin Simonsen, Thomas Mailund, and Christian N. S. Pedersen. Inference of large

phylogenies using neighbour-joining. In Ana Fred, Joaquim Filipe, and Hugo Gamboa,

https://doi.org/10.1016/S1473-3099(20)30562-4
https://doi.org/10.1038/s41588-021-00862-7
https://doi.org/10.1093/ve/veab092


BIBLIOGRAPHY 71

editors, Biomedical Engineering Systems and Technologies, pages 334–344, Berlin, Hei-

delberg, 2011. Springer Berlin Heidelberg. ISBN 978-3-642-18472-7.

[22] Yeongseon Park, Michael Martin, and Katia Koelle. Epidemiological inference for emerg-

ing viruses using segregating sites. bioRxiv, 2022. doi: 10.1101/2021.07.07.451508. URL

https://www.biorxiv.org/content/early/2022/06/27/2021.07.07.451508.

[23] Giacomo Plazzotta and Caroline Colijn. Phylodynamics without trees: estimating r0

directly from pathogen sequences. bioRxiv, 2017. doi: 10.1101/102061. URL https:

//www.biorxiv.org/content/early/2017/01/24/102061.

[24] Maureen Rebecca Smith, Maria Trofimova, Ariane Weber, Yannick Duport, Denise
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Chapter 3

Estimating inter-country SARS-CoV-2

patterns of migration through phylogeny

traversal

3.1 Introduction

As a pandemic virus, SARS-CoV-2 is defined by imports and exports from geographic re-

gions. This means that each SARS-CoV-2 lineage, including the original A and B lineages [1],

emerged in one specific region and, through migration, spread around the globe. For exam-

ple, the alpha or B.1.1.7 variant of concern emerged in the United Kingdom and spread across

Europe to Denmark, Germany, Poland, Italy and France, before dispersing into the rest of

the world [2]. Consequently, many countries implemented border control measures to restrict

imports of lineages of concern and slow the spread of SARS-CoV-2 [3].

However, there is little evidence that these border closures had a significant impact on

slowing the spread of SARS-CoV-2 [4], likely due to border closures not following the path of

the virus spread. For example, many of the imports of the virus into Canada occurred through

migration from the United States [5], yet borders remained relatively open between the United
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States and Canada. As a result, knowledge of the rate and direction of SARS-CoV-2 migration

between geographic regions in near real-time, or even retrospectively, could be beneficial for

public health officials in determining which, if any, borders should be closed, should another

variant of concern emerge.

To determine the rate and direction of viral migration, researchers use a category of com-

parative methods known as phylogeography [6]. Phylogeography combines phylogenetic in-

ference with location data to estimate how a virus or other organism has migrated between

geographic regions [6]. Phylogeography can be performed using discrete regions, such as

countries or cities, or continuous location data such as global positioning coordinates. Anal-

yses are often performed using the Bayesian framework BEAST [7, 8], which allows users to

specify the location where viruses were sequenced, jointly reconstructing a phylogenetic tree

from the sequences and fits a posterior distribution of geographic regions to nodes on the tree

to determine how the virus is spread between geographic regions [6–8]. For example, Nadeau

et al. [9] used the BEAST framework to reconstruct how SARS-CoV-2 spread through Eu-

rope in the early phases of the pandemic. However, BEAST analyses are hard to perform on

larger genomic datasets and thus researchers have been forced to down-sample SARS-CoV-2

databases to perform their analyses [5].

In response, McBroome et al. [10] investigated other methods for performing phylogeogra-

phy on very large data sets. The group used a weighted summary of the composition of tips to

determine the route of transmission of clusters of infections from very large genetic databases

in a matter of minutes. Inspired by this work, I was interested in whether trees formulated

using CoVizu [11] could be traversed with similar high-speed phylogeographic techniques to

determine how specific lineages are spreading between geographic regions.
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3.2 Methods

All code used in data generation and analysis is available at https://github.com/PoonLab/

migration/.

3.2.1 Modelling SARS-CoV-2 migration

To model patterns of viral migration, I adapted the pipeline outlined in Section 2.2.1 and Fig-

ure 2.1 to design TiPS [12] simulations with migration between multiple populations (Figure

3.1. I treated each population as a distinct SEIR model with subgroups of susceptible, exposed,

infectious and recovered individuals. To keep model parameters minimal, I designed the simu-

lations to have linked rates of viral spread across populations. Namely, I set up the pipeline to

have the same mean latent period, mean infectious period, effective reproduction number (R0),

population birth rate (q) and population death rate (d) across groups.

Further, I designed the pipeline to be highly flexible, allowing for options to add as many

populations as desired. I also allowed for each population to have a unique population size and

sampling size, defined by the user. I designed the simulations to have unique rates of migra-

tion between the populations for infectious individuals and susceptible, exposed or recovered

individuals. These rates, as well as all other parameters, are set out by the user in Yet Another

Markdown Language (YAML) file format using the template shown in Supplement B. Finally,

since estimating migration rates is highly contingent on sampling dates to calibrate time, I set

simulations to report sampling times as the ODE sampling time plus an error value given by a

normal distribution with a mean of 0 days and a standard deviation of 5 days.

3.2.2 Validation of migration simulations

To ensure that the simulations of migration shown in Figure 3.1 accurately model how viral

migration occurs in a pandemic scenario, I ran fifteen simulations, each containing three dis-

tinct populations of 100,000 individuals. For each simulation, I allowed for migration between

https://github.com/PoonLab/migration/
https://github.com/PoonLab/migration/
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Figure 3.1: Outline of the pipeline used to build the models to test predictions on the rate of
migration between populations. Panel 1 shows an ordinary differential equation model with a
population with 3 groups that migrate between each other. In Panel 2 a time-scaled transmis-
sion history is representative of the ODE model. Panels 3 and 4 show genomes and subsequent
phylogenetic tree reconstruction simulated from the time-scaled transmission history.
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all three populations, with rates of migration selected from a log-normal distribution with a

mean of 10−5 migrants per individual in a group per day and a standard deviation of 1.5. I ran

each simulation for a time interval of 200 days, parameterized with a mean latent period of 3

days [13], a mean infectious period of 9.5 days [14], a basic reproduction number (R0) of 2.87

days−1 [15], a population birth rate of 4.85 × 10−5 human births per year per alive human [16]

and a population death rate of 2.11 × 10−5 human deaths per year per alive human [17]. From

each simulation, I sampled 33 infections and reconstructed a transmission history tree from the

sampled infections using TiPS [12]. I re-scaled the transmission history into substitutions per

site per year using the molecular clock of SARS-CoV-2 (8×10−4 substitutions per site per year

[14]) and ran INDELible version 1.03 [18] on the re-scaled trees. The resulting output of each

replicate was a set of 99 simulated genomes obtained from different simulated regions.

I ran BEAST [7, 8] on these simulated genomes to determine if the simulated rates of mi-

gration matched the rates of migration predicted by BEAST (similar rates of migration would

suggest that the simulation pipeline was working properly). I ran the BEAST analyses under a

Bayesian coalescent skyline model with genomes sorted into their simulated groups. I set the

clock rate prior to a log-normal distribution with a mean of 2.19 × 10−6 [14] substitutions per

site per day and a standard deviation of 2.72. All other priors were left at default values. I ran

the analysis to a chain length of 150 million steps, sampling every 150,000 steps.

Since migration models in BEAST compute relative rates of migration and assume that

migration rates are symmetric, I compared the rates of migration output by BEAST to the

simulated forward migration rates scaled by the sum of the forward migration rates. I assessed

this relationship using a Pearson correlation test.

3.2.3 Predictions of migration

To predict migration from SARS-CoV-2 genomes, I developed a tool that recursively traverses

the branches of phylogenetic trees with branch lengths scaled to the expected number of total

substitutions, such as CoVizu phylogenetic trees [11]. The tool converts these trees to time-
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scaled phylogenetic trees using the molecular clock of SARS-CoV-2, 8×10−4 substitutions per

site per year [14], and a genome length of 28,500 mutations (the length of the SARS-CoV-2

genome accounting for sequencing errors). To account for multiple substitutions at the same

site in the genome, the tool corrects the per-site mutation rate using a Poisson correction factor

[19].

During the tree traversal process, the migration estimation tool records each branch of the

phylogeny as a transmission from the location of the earliest recorded infection at the branch

origin to the location of the earliest recorded infection at the branch terminus. The tool also

records the re-scaled branch length as the amount of time the transmission takes. If the branch

terminus is an unsampled node, then the location of the branch origin and the length of the

branch (re-scaled to time) are stored. These transmissions are then recorded as transmissions

from the stored location of the original branch origin to the earliest location at all branch termini

connected to the unsampled node. In this process, branch lengths are summed to give a total

transmission time across the unsampled node (Figure 3.2).

20 days

35 days

10 days

22 days

USA

Canada

Canada

France

UK

22+20 = 42 daysUSA

France22+10 = 32 daysUSA

UK35 daysUSA

Figure 3.2: Example of traversing branch lengths through an unsampled lineage. Shown is a
time-scaled phylogenetic tree with one unsampled lineage and the amount of time that would
be recorded for each transmission.

To convert from the duration and locations of transmissions to rates of migration, I imple-
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mented a Markov State Model (MSM) using the MSM package in R [20]. Briefly, an MSM is

a continuous time, discrete state Markov process (see Section 1.6) that designates the amount

of time and direction of transitions between states through a transition rate matrix [21]. As a

Markov process, an MSM is ”memoryless” meaning that the amount of time between transi-

tions is independent of previous transitions [21]. In the MSM package, a transition matrix is fit

to the data using a Nelder-Mead optimization function [22] which explores a parameter space

through contraction and expansion of a simplex (a geometric shape with one more dimension

than the search space) until a favourable limit or a maximum number of searches is reached.

3.2.4 Validation of migration prediction

To assess the predictive ability of my MSM approach to predicting rates of migration, I ran

1000 replicate simulations using the pipeline in Figure 3.1. I ran each simulation for a time

interval of 200 days, parameterized with a mean latent period of 3 days [13], mean infectious

period of 9.5 days [14], a basic reproduction number (R0) of 2.87 individuals [15], a molecular

clock of 8 × 10−4 substitutions per site per year [14]), a population birth rate of 4.85 × 10−5

births per person per year [16] and a population death rate of 2.11× 10−5 deaths per person per

year [17]. For each simulation, I included 3 distinct populations initially containing 100,000

individuals and sampled 100 infections from each population. I then selected rates of migra-

tion between populations from a log-normal distribution with a mean of 10−5 migrants per

individual in a group per day and a standard deviation of 1.5.

I then predicted the rates of migration for the CoVizu reconstructed trees of each using my

MSM method. I compared these rates of migration to simulated rates of migration using a

Pearson correlation test. In this comparison, I removed uninformative rates of migration (i.e.,

rates of migration predicted to be 0) and rates of migration where the MSM did not converge

(i.e., rates of migration predicted to be > 1).
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3.3 Results

3.3.1 Assessment of simulation pipeline

Following 150 million steps, most parameters in the BEAST runs appeared to be converged. In

particular, migration rates appeared to be fully converged at the end of their runs with effective

sample size (ESS) values which ranged between 5765 and 9001 across fifteen replicates (ESS

> 200 is considered to be converged; ESS > 10000 is unnecessary and a waste of resources

[7, 8]). Additionally, tree posteriors appeared to be fully converged with ESS values between

287 and 4221. However, at the end of the BEAST runs, some of the parameters unrelated to

migration rates, such as the growth rate, had not converged, showing ESS values as low as 78.

0.03

0.10

0.30

1.00

0.001 0.010 0.100 1.000
Simulation relative migration rate

B
E

A
S

T
 e

st
im

at
ed

 r
el

at
iv

e 
m

ig
ra

tio
n 

ra
te

Pattern of Migration i1_i2 i1_i3 i2_i3

Figure 3.3: Relationship between estimations of the rate of forward migration using BEAST
and simulated rates of forward migration. The black line shows the linear model relating
estimates to simulated rates. Dotted line shows the one-to-one relationship between predicted
rates of migration and true rates of migration.

BEAST predicted rates of migration and true simulated rates of migration (scaled by all

migration rates) were significantly correlated (Figure 3.3, Table 3.1). The correlation was

mostly driven by migration from i1 to i2 and from i2 to i3 (Table 3.1). In fact, the relationship
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between the predicted infections and simulated infections was not significant for migration

from i2 to i3 (R2 = 0.144, p = 0.163) (Table 3.1). Additionally, BEAST tended to overestimate

rates of migration.
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Figure 3.4: Relationship between Markov State Model predicted rates of migration and simu-
lated rates of migration. The black line shows the linear model relating estimates to simulated
rates. Dotted line shows the one-to-one relationship between predicted rates of migration and
true rates of migration.

3.3.2 Assessment of Markov State Model estimation of migration rates

From the 1000 simulation replicates, the MSM model predicted 6000 rates of migration. Of

these rates of migration, 3602 rates were uninformative (i.e., the predicted rate of migration was

0) and 1220 rates did not converge during optimization (i.e., the predicted rate of migration was

> 1). As a result, 2382 estimated rates of migration could be compared to the simulated rates

of migration.

From these remaining rates of migration, there was a significant correlation between MSM

predicted rates of migration and simulated rates of migration (p < 2.2 × 10−16). However,
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BEAST MSM
R2 p R2 p

all 0.227 9.40 × 10−4 0.0762 < 0.001
i1 i2 0.624 4.61 × 10−4 0.129 < 0.001
i2 i1 0.00482 0.409
i1 i3 0.428 4.08 × 10−4 0.188 < 0.001
i3 i1 0.0381 1.71 × 10−3

i2 i3 0.144 0.163 0.0461 9.75 × 10−4

i3 i2 0.0452 1.47 × 10−3

Table 3.1: Correlation between predicted rates of migration and true rates of migration using
BEAST and the MSM migration model I developed. Rows show different migration patterns.

this correlation was weak, having an R2 value of only 0.0762 (Figure 3.4). This result was

independent of individual groups of migration, with all migrations except those from i2 to i1

being significantly correlated because of sample size alone (Figure 3.4, Table 3.1). Migration

from i2 to i1 had an R2 value of 0.00482 (p = 0.409) (Table 3.1).

3.4 Discussion

Using the simulation software TiPS [12], I created a pipeline which could successfully simu-

late genomes and phylogenetic trees of SARS-CoV-2 migration between geographic regions.

I assessed this model using the Bayesian framework BEAST [7, 8] and saw a significant posi-

tive correlation between BEAST-predicted rates of migration and simulated rates of migration.

However, the correlation between BEAST-predicted rates of migration and simulated rates of

migration from i2 to i3 was insignificant. This inconsistency is expected as the origin of the

epidemic was set to i1. Consequently, all migration of infected individuals from i2 to i3 must

first move from i1 to i2, meaning that migrations from i2 to i3 will inherently be decreased. As

a result, I believe that the pipeline I developed to simulate migration using TiPS may be used

to assess software developed to predict rates of migration.

Further, the BEAST model has no deterministic endpoint, meaning time complexity is not

well defined. However, this method of assessing migration is not scalable because the time to

convergence increases exponentially with the number of sequences. As a result, and as was the
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case with my simulations no all parameters are likely to converge in a reasonable amount of

time. As a result, this method of predicting migration is not scalable to larger SARS-CoV-2

datasets. I, therefore, used the simulation pipeline to assess a rapid MSM model for predicting

rates of migration. The model first traverses a phylogenetic tree recording where infections are

transmitted to and from and how long these transmissions take, based on time-scaled branch

lengths. The model then fits an MSM to the transmissions and transmission times.

Ideally, the model would have been a rapid method to find migration rates from phyloge-

netic trees, such as those given by CoVizu [11], to quickly illustrate how a virus, or in the case

of CoVizu, a lineage, is spreading around the world. However, the model was not very suc-

cessful and suggested that there was no migration for the majority of simulations. Further, of

the simulations where migration was predicted to have occurred, there was only minimal cor-

relation between predicted rates of migration and simulated rates of migration. As a result, the

MSM model will require further refinement before it may practically be used in the prediction

of migration rates between geographic regions.

One area where I believe the model may be improved is in the treatment of polytomies.

Currently the MSM based migration model uses only the first recorded infection and excluding

all other locations within a polytomy. This selection process of the location of transmissions

leads to the loss of valuable information and may completely remove any signal for areas where

transmission events are rare. Since most polytomies, at least in the case of CoVizu [11], are

formed from the collapsing of nodes with minimal bootstrap support, I believe that perform-

ing estimations of migration on each bootstrap tree individually could improve the migration

model. These estimates could then be combined giving not only a model with potentially more

power but also confidence intervals on the rates of migration. Another alternative would be

to include transmissions within polytomies based on their sampling date. However, this time

series method is subject to sampling bias as more heavily sampled regions, such as the United

Kingdom or Denmark [23, 24], would have artificially inflated rates of migration. Future in-

vestigations should therefore look into applying the MSM model to individual bootstrap trees
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using the pipeline for simulating migration.

If the bootstrap MSM models are successful in predicting migrations on simulated data, the

models could be applied to veritable SARS-CoV-2 trees such as those within the CoVizu frame-

work [11]. These predictions of migration could inform public health officials on how emerging

lineages are spreading around the globe. This information would allow public health officials

to make more informed decisions on whether borders with high cases of migration should be

closed or highly regulated, given another variant of concern emerge. For example, if there was

a high predicted rate of migration of a new variant of concern into Canada from the United

States, as was the case with most spread of SARS-CoV-2 into Canada [5], Canada may choose

to increase testing for individuals entering from the United States. These migration models

could also provide insight into which geographic regions are most affected by a certain lineage.

A similar idea is implemented in ClusterTracker [10] which highlights geographic regions with

high rates of SARS-CoV-2 imports and exports. This information could be displayed in a map,

such as the one for ClusterTracker [10] (see https://clustertracker.gi.ucsc.edu/), or

could be integrated into an interactive network map through the NetworkD3 package in R (see

Figure 3.5 for an example). This package creates interactive networks which are exported as

JavaScript network graphs, meaning the predicted rates of migration could be easily visualized

directly on the CoVizu interactive website [11], making the site more accessible for individuals

without a phylogenetic background.

Figure 3.5: Example network illustrating rates of migration for a group with 3 populations of
equal size.

https://clustertracker.gi.ucsc.edu/
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Chapter 4

Concluding Remarks

4.1 Overview

Throughout the SARS-CoV-2 pandemic, widespread sequencing efforts have played an impor-

tant role in helping public health professionals and researchers track infections [1], discover

new lineages [2], and even develop vaccines [3]. These sequencing efforts have also led to the

development of large databases of genomic information [4, 5] which have been used to infer

large-scale SARS-CoV-2 phylogenetic trees [6, 7]. In this body of work, I have shown how

these large-scale phylogenetic trees may be summarized into statistics to make rapid discover-

ies on how SARS-CoV-2 has and continues to spread. In particular, I developed a general linear

model, termed HUNePi, which could predict whether SARS-CoV-2 infections were increasing

or decreasing and the number of infections (I) if infections were increasing from CoVizu phy-

logenetic trees [6]. I also attempted to predict the rate of migration of SARS-CoV-2 lineages

between geographic regions using Markov State Models (MSM) and CoVizu phylogenetic

trees. However, I was not very successful at obtaining informative results. Nonetheless, I do

believe that with further refinement, the tree traversal methods that I developed in this thesis

may be used to predict viral migration from phylogenetic trees.

Additionally, in developing HUNePi and in testing the migration models, I demonstrated

95
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how simulation using ordinary differential equations (ODEs) can be used in the development

and testing of new phylodynamic and phylogeographic tools. In particular, I used a susceptible-

exposed-infectious-recovered (SEIR) [8] ODE to train the HUNePi method of inferring infec-

tions. I then used an extension of this same ODE in the testing of both the migration models

and HUNePi. I also tested HUNePi on susceptible-exposed-presymptomatic-asymptomatic-

infectious-hospitalized-recovered (SAPHIRE) [9] ODE model of infection to demonstrate how

HUNePi is robust to various ODEs representative of SARS-CoV-2 transmission.

All of the ODEs that I created were run through the simulation software, Trajectory and

Phylogenies Simulator (TiPS) [10], which could convert the ODEs into realistic transmission

trees. I then demonstrated how these transmission trees could be fed into programs, such

as INDELible [11], to simulate viral sequences with realistic transmission dynamics. I also

showed how these sequences could then be reconstructed into realistic phylogenetic trees using

software such as CoVizu [6]. This work, therefore, supplements other work from my lab using

similar simulations based on ODEs to assess HIV-1 dynamics [12].

4.2 Remarks

Returning to my original hypothesis, I indeed showed that simulation pipelines could be used

to formulate models to estimate I from summary statistics extracted from phylogenetic trees.

However, counter to my original hypothesis, I was only able to develop these models for in-

creasing infections, likely because as infections decrease evolution proceeds at the same time

as infections are removed invoking a simultaneous increase and decrease in diversity. There-

fore, other methods, not reliant on genetic diversity, may be required to predict infections when

infections are decreasing.

In my original hypothesis, I further postulated that a model could be formulated to predict

the rate of SARS-CoV-2 migration using phylogenetic trees, and such a model could be tested

using simulations. I was able to develop a simulation that could test the accuracy of migration
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models. Unfortunately, I was not able to formulate a model which could predict migration from

phylogenetic trees. Nonetheless, I still believe that with refinement such a model is possible.

4.3 Significance

This work represents a significant development in the areas of phylodynamics and phylo-

geographics. Until recently, these two domains have been primarily driven by the Bayesian

software Bayesian Evolutionary Analysis with Sampling Trees (BEAST) [13–15]. However,

BEAST is computationally intensive and, as a result, cannot be run on all of the SARS-CoV-2

genetic data in the GISAID repositories [4, 5]. As a result, and, as I have mentioned in this

thesis, new methods have been developed to perform phylodynamic and phylogeographic infer-

ence on SARS-CoV-2 data [16–19]. This body of work adds upon the new tools, allowing for

the inference of I and if infections are increasing or decreasing lineage-specific phylogenetic

trees which use almost all of the data in the GISAID [4, 5] repositories and are updated every

three days. As a result, this phylodynamic inference could help to alert public health officials

of lineages that are evading sequencing efforts. This may lead to a more concerted surveil-

lance program for certain SARS-CoV-2 lineages predicted to be highly under-sequenced. This

surveillance program could be through concentrated wastewater assessment for specific lin-

eages [20].

4.4 Limitations

Nonetheless, this work is based on ODE models and, therefore, relies on simplifying assump-

tions of viral transmission dynamics. In particular, ODE models assume that all individuals

within a given compartment are the same, and equally likely to contact every other individual

in the compartment. By extension, ODE models assume that virus freely transmits between all

individuals equally regardless of socio-economic status (SES) and contacts. Unfortunately, this

model does not represent veritable transmission dynamics. For example, in Santiago, Chilli,



98 Chapter 4. Concluding Remarks

communities reporting higher SES had lower cases of SARS-CoV-2 incidence and mortality

compared to communities reporting lower SES [21]. As a result, SARS-CoV-2, like most

viruses, breaks assumptions of equal contacts built into HUNePi. Therefore, I do not suggest

that HUNePi be used as strict measures of the “true” value of I or rate of migration. Instead, I

believe that the HUNePi model should be used as a guide to flag lineages with relatively high

magnitudes of estimates of I.

Additionally, HUNePi was been trained to make predictions based on phylogenetic trees.

By extension, HUNePi requires that phylogenetic trees be accurately reconstructed without

large polytomies. However, as I showed in Chapter 2, phylogenetic trees reconstructed from

SARS-CoV-2 data are not always easy to resolve, which in the case of CoVizu [6] may lead to

large polytomies. As a result, HUNePi should only be taken as accurate when bootstrap trees

are not significantly different from each other. I, therefore, propose that before HUNePi is

widely used, a metric be developed to assess the robustness of CoVizu [6] phylogenetic trees.

4.5 Future directions

Such a metric could be combined with HUNePi predictions of whether infections are increas-

ing or decreasing, HUNePi predictions of I, Markov State Model predicted rates of migration

(once refined further), and Pokay [22] mutational annotations (i.e., antibody and vaccine eva-

sion, binding affinity, etc.) to flag rapidly spreading, under-sequenced lineages with a high

mutational burden. This information could be integrated into a single statistic that could be

reported to officials. Alternatively, the information could be displayed directly on the CoVizu

[6] webpage, allowing researchers to make their own inferences on the data (see Figure 4.1

for an example dashboard). The Pokay [22] annotations are already displayed on CoVizu [6],

which suggests that integration would not be too difficult.

In addition to combining data sources onto the CoVizu [6] webpage, future work refining

the models of migration is also required. As I mentioned in Chapter 3, the MSMs that I imple-
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mented to predict rates of migration were not very accurate and predicted that most migration

rates were 0. I believe by reducing collapsed nodes through analyses on individual bootstrap

trees rather than consensus of bootstraps trees, statistical accuracy may be improved. Such

analyses on bootstrap trees could also be used to train a new predictor of I using the same

summary statistics in HUNePi to allow for predictions of confidence intervals instead of strict

values of I. Perhaps, there will even be more correlation between summary statistics and I

when infections are decreasing.

Overall, this thesis shows how summary statistics of phylogenetic trees can be used to make

inferences on the transmission dynamics, specifically I and rates of migration, of SARS-CoV-2.

Region
No. Samples
Collection Date
Divergence
Sampling Depth
Risk Score

MigrationMutations

Figure 4.1: Proposed CoVizu dashboard with new estimated rates. Additional elements are
highlighted in red boxes. The top left box shows a proposed ability for users to colour the
phylogenetic tree of lineages by both sequenced depth and a risk score based on sequencing
depth, mutation annotations, and rates of migration. The bottom right box shows a proposed
panel with a network showing migration. The network shown is entirely made up but illustrates
how migration might be displayed. This panel showing the migration network graph could be
toggled like the existing mutations, samples, and countries panels.
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Appendix A

Chapter 2 Supplement

A.1 SARS-CoV-2 Data Backups

Dates of GISAID data backups used in testing the general linear models on SARS-CoV-2.

• 2022-04-10

• 2022-04-24

• 2022-05-06

• 2022-05-20

• 2022-06-03

• 2022-06-17

• 2022-07-03

• 2022-07-19

• 2022-08-02

• 2022-08-16

• 2022-08-29

• 2022-09-13

• 2022-09-27

• 2022-10-11
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A.2 Supplemental Figures
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Figure A.1: The relationship between the number of infections (log-scaled) and A., E. the num-
ber of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the effective
population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips sampled)
( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infections and
plots E-H. illustrate decreasing infections. Parameters were fixed in the simulations the statis-
tics were extracted from.

Scaled Shannon Index

Nucleotide Diversity
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Figure A.2: The relationship between the maximum infections in a simulation and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the ef-
fective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were fixed in the simulations
the statistics were extracted from.
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Figure A.3: Reporter operator curves comparing models predicting whether infections were
increasing or decreasing from the unsampled lineage count (U), effective population size (Ne)
and the Shannon Index (H) and from nucleotide diversity (π). Parameters were fixed in the
simulations the models were tested on.
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Figure A.4: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on had fixed parameters and all infections reported were increasing.
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Figure A.5: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on had fixed parameters and all infections reported were decreasing.
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Figure A.6: Predicted maximum infections plotted against true maximum infections. Predicted
infections were made by models formulated from the unsampled lineage count (U), effective
population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simu-
lations the models were tested on had fixed parameters.
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Figure A.7: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).The
simulations the models were tested on had fixed parameters and all infections reported were
increasing.
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Figure A.8: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had fixed parameters and all infections reported
were decreasing.
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Figure A.9: Geometric mean absolute error of predicted maximum infections grouped by true
maximum infections. Predicted infections were made by models formulated from the unsam-
pled lineage count (U), effective population size (Ne) and the Shannon Index (H) and from
nucleotide diversity (π). The simulations the models were tested on had fixed parameters.
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Figure A.10: The relationship between the maximum infections in a simulation and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the ef-
fective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied in the simulations
the statistics were extracted from.
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Figure A.11: The relationship between the molecular clock used in a simulation and A., E.
the number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the
effective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied in the simulations
the statistics were extracted from.
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Figure A.12: The relationship between the effective reproduction number (R0) of a simulation
and A., E. the number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F.
log(the effective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number
of tips sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing
infections and plots E-H. illustrate decreasing infections. Parameters were varied in the simu-
lations the statistics were extracted from.
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Figure A.13: The relationship between the mean infectious period of a simulation and A., E.
the number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the
effective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied in the simulations
the statistics were extracted from.
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Figure A.14: The relationship between the mean latent period of a simulation and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the ef-
fective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied in the simulations
the statistics were extracted from.
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Figure A.15: The relationship between the number of infections (log-scaled) and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the effective
population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips sampled)
( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infections and
plots E-H. illustrate decreasing infections. Parameters were varied and simulations were run
using a SAPHIRE model of infection.
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Figure A.16: The relationship between the maximum infections in a simulation and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the effective
population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips sampled)
( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infections and
plots E-H. illustrate decreasing infections. Parameters were varied and simulations were run
using a SAPHIRE model of infection.
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Figure A.17: The relationship between the number of infections (log-scaled) and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the ef-
fective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied and tip selection
was uniform in the simulations the statistics were extracted from.
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Figure A.18: The relationship between the maximum infections in a simulation and A., E. the
number of unsampled lineages scaled by the number of tips sampled (U

n ), B., F. log(the ef-
fective population size) (log(Ne), C., G. the Shannon Index scaled by log(the number of tips
sampled) ( H

log(n) ) and, D., H. the nucleotide diversity (π). Plots A-D. illustrate increasing infec-
tions and plots E-H. illustrate decreasing infections. Parameters were varied and tip selection
was uniform in the simulations the statistics were extracted from.
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Figure A.19: Reporter operator curves comparing models predicting whether infections were
increasing or decreasing from the unsampled lineage count (U), effective population size (Ne)
and the Shannon Index (H) and from nucleotide diversity (π). Parameters were varied and
simulations were run using a SAPHIRE model of infection.
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Figure A.20: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on were based in a SAPHIRE model of infection and all infections reported were
increasing.



124 Chapter A. Chapter 2 Supplement

Specificity

S
en

si
tiv

ity

1.0 0.8 0.6 0.4 0.2 0.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

H = 0.813
U = 0.604
Ne = 0.907

π = 0.700
HUNe = 0.948

HU = 0.916
HUNeπ = 0.944

HUπ = 0.922

Figure A.21: Reporter operator curves comparing models predicting whether infections were
increasing or decreasing from the unsampled lineage count (U), effective population size (Ne)
and the Shannon Index (H) and from nucleotide diversity (π). Parameters were varied and tip
selection was uniform in the simulations the models were tested on.
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Figure A.22: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on had varied parameters with uniform tip selection and all infections reported
were increasing.
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Figure A.23: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on had varied parameters and all infections reported were decreasing.
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Figure A.24: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on were based in a SAPHIRE model of infection and all infections reported were
decreasing.
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Figure A.25: Predicted maximum infections plotted against true maximum infections. Pre-
dicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had fixed parameters.
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Figure A.26: Predicted maximum infections plotted against true maximum infections. Pre-
dicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on were based in a SAPHIRE model of infection.



130 Chapter A. Chapter 2 Supplement

Number of Tips Sampled 100 500 1000

1e+02

1e+03

1e+04

1e+05

1e+06

130000 140000 150000 160000 170000
H Predicted Infections

A

1e+02

1e+03

1e+04

1e+05

1e+06

1e+05 3e+05 5e+05
U Predicted Infections

B

1e+02

1e+03

1e+04

1e+05

1e+06

8e+04 1e+05 2e+05
Ne Predicted Infections

C

1e+02

1e+03

1e+04

1e+05

1e+06

3e+04 1e+05 3e+05 1e+06
π Predicted Infections

D

1e+02

1e+03

1e+04

1e+05

1e+06

1e+04 1e+05 1e+06 1e+07 1e+08
HUNe Predicted Infections

E

1e+02

1e+03

1e+04

1e+05

1e+06

1e+05 1e+06 1e+07
HU Predicted Infections

F

1e+02

1e+03

1e+04

1e+05

1e+06

1e+04 1e+05 1e+06 1e+07 1e+08
HUNeπ Predicted Infections

G

1e+02

1e+03

1e+04

1e+05

1e+06

1e+05 1e+06 1e+07
HUπ Predicted Infections

H

T
ru

e 
In

fe
ct

io
ns

Figure A.27: Predicted infections plotted against true infections. Predicted infections were
made by models formulated from the unsampled lineage count (U), effective population size
(Ne) and the Shannon Index (H) and from nucleotide diversity (π). The simulations the models
were tested on had varied parameters with uniform tip selection and all infections reported
were decreasing.
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Figure A.28: Predicted maximum infections plotted against true maximum infections. Pre-
dicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had varied parameters with uniform tip selection.
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Figure A.29: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had varied parameters and all infections reported
were increasing.
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Figure A.30: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had varied parameters and all infections reported
were decreasing.
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Figure A.31: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on were based in a SAPHIRE model of infection and
all infections reported were increasing.
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Figure A.32: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on were based in a SAPHIRE model of infection and
all infections reported were decreasing.
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Figure A.33: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had varied parameters with uniform tip selection
and all infections reported were increasing.
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Figure A.34: Geometric mean absolute error of predicted infections grouped by true infections.
Predicted infections were made by models formulated from the unsampled lineage count (U),
effective population size (Ne) and the Shannon Index (H) and from nucleotide diversity (π).
The simulations the models were tested on had varied parameters with uniform tip selection
and all infections reported were decreasing.
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Figure A.35: Geometric mean absolute error of predicted maximum infections grouped by
true maximum infections. Predicted infections were made by models formulated from the
unsampled lineage count (U), effective population size (Ne) and the Shannon Index (H) and
from nucleotide diversity (π). The simulations the models were tested on had varied parameters
and all infections reported were decreasing.
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Figure A.36: Geometric mean absolute error of predicted maximum infections grouped by
true maximum infections. Predicted infections were made by models formulated from the
unsampled lineage count (U), effective population size (Ne) and the Shannon Index (H) and
from nucleotide diversity (π). The simulations the models were tested on were based in a
SAPHIRE model of infection.
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Figure A.37: Geometric mean absolute error of predicted maximum infections grouped by
true maximum infections. Predicted infections were made by models formulated from the
unsampled lineage count (U), effective population size (Ne) and the Shannon Index (H) and
from nucleotide diversity (π). The simulations the models were tested on had varied parameters
with uniform tip selection.
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Figure A.38: Results of predictions on SARS-CoV-2 data by all GLMs classified by variant. A.
Predictions of whether infections are increasing or decreasing. The red line illustrates the 50%
cut off where infections are said to be increasing or decreasing. C. Predictions of the number
of infections when infections were predicted to be increasing by HUNePi.
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A.3 Supplemental Tables

AIC Relative Probability
Fixed Parameters

H 3274.60 < 0.001
U 3789.56 < 0.001
Ne 1911.65 < 0.001
π 1327.31 < 0.001

HUNe 1420.61 < 0.001
HU 1782.47 < 0.001

HUNeπ 849.85 1.0
HUπ 958.50 < 0.001

Varied Parameters
H 3358.81 < 0.001
U 4066.24 < 0.001
Ne 2578.44 < 0.001
π 3923.93 < 0.001

HUNe 1773.58 9.7 × 10−10

HU 2292.47 < 0.001
HUNeπ 1732.07 1.0

HUπ 2012.68 < 0.001

Table A.1: Comparison of models formulated to predict whether infections were increasing
or decreasing from the unsampled lineage count (U), effective population size (Ne), Shannon
index (H) and from nucleotide diversity (π).
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Fixed parameters Varied parameters

AIC Relative Probability AIC Relative Probability
Infections (I) increasing

H 5510.37 < 0.001 6484.25 < 0.001
U 6656.64 < 0.001 7781.33 < 0.001
Ne 5804.52 < 0.001 6589.39 < 0.001
π 5211.50 < 0.001 7873.07 < 0.001

HUNe 3960.07 < 0.001 4877.39 6.36 × 10−4

HU 4372.03 < 0.001 5413.01 < 0.001
HUNeπ 3238.37 1.0 4862.67 1.0

HUπ 3513.50 < 0.001 5358.29 < 0.001

Infections (I) decreasing
H 5058.01 < 0.001 6578.10 < 0.001
U 5058.25 < 0.001 6531.77 < 0.001
Ne 4999.80 < 0.001 6565.47 < 0.001
π 5030.06 < 0.001 6457.87 < 0.001

HUNe 4973.76 < 0.001 6382.02 0.754
HU 5041.70 < 0.001 6397.65 3.04 × 10−4

HUNeπ 4892.19 1.0 6381.45 1.0
HUπ 4954.39 3.11 × 10−14 6399.62 1.13 × 10−4

Maximum infections (Imax)
H 39088.0 < 0.001 40261.5 < 0.001
U 39090.2 < 0.001 40168.1 < 0.001
Ne 39057.2 < 0.001 40202.7 < 0.001
π 39085.4 < 0.001 40040.7 < 0.001

HUNe 38981.3 1.0 39904.0 0.439
HU 39008.7 1.12 × 10−6 639936. 3.65 × 10−8

HUNeπ 38983.3 0.370 39902.3 1.0
HUπ 39010.7 4.12 × 10−7 39937.8 2.01 × 10−8

Table A.2: Comparison of models formulated to predict the number of infections (I) or the
maximum infections (Imax) from unsampled lineage count (U), effective population size (Ne),
the Shannon Index (H) and from nucleotide diversity (π) for increasing and decreasing infec-
tions.
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Chapter 3 Supplement

B.1 Example YAML FILE

#Set up basic simulation parameters

mean_latent_period: 3

mean_infectious_period: 9.5

R0: 2.87

q: 0.00002739726

d: 0.00002109589

time: 90

#Set up population parameters and how populations are sampled

n_countries: 3

population_sizes:

- 100000

- 100000

- 100000

root_pop: 1

145



146 Chapter B. Chapter 3 Supplement

country_sample_sizes:

- 100

- 100

- 100

uninfectious_Q_matrix: #Matrix of migration rates - uninfected

-

- 0

- 0.001

- 0.01

-

- 0.001

- 0

- 0

-

- 0.01

- 0

- 0

infectious_Q_matrix: #Matrix of migration rates - infected

-

- 0

- 0.001

- 0.01

-

- 0.001

- 0

- 0
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-

- 0.01

- 0

- 0
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