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Abstract

Quantifying SARS-CoV-2 and mpox transmission patterns through phylodynamic inference

Miguel Ignacio Paredes

Chair of the Supervisory Committee:
Trevor Bedford
Department of Epidemiology

Emerging infectious diseases represent an urgent public health challenge. Unequal coverage
of public health surveillance as well as asymptomatic spread, however, limit our ability to
respond to outbreaks in a precise and timely manner. In this dissertation, I describe how
genomic epidemiology can aid traditional public health investigations of emerging infectious
disease dynamics. I begin by describing how matching epidemiological and genomic data
from a genomic surveillance system allows for the quantification of variant-specific effects
of SARS-CoV-2 infection on the risk of hospitalization, and how vaccination modifies that
risk. The subsequent chapters represent phylodynamic studies of mpox and SARS-CoV-2,
which show how incorporating epidemiological and mobility information into phylodynamic
analyses allows for more precise examination of within- and between-region transmission dy-
namics, both on a global and local scale. T use these phylodynamic models to investigate the
impact of infection control measures, such as stay-at-home orders or vaccination campaigns,
on curbing disease spread. Collectively, this dissertation highlights the utility of robustly
joining epidemiological and genomic data to augment outbreak response, especially in sup-

port of marginalized communities that are especially vulnerable to emerging pathogens.
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Chapter 1

INTRODUCTION
1.1 Emerging Infectious Diseases

In late 2019, an outbreak of severe pneumonia of unknown etiology arose in Wuhan, China.
The causative virus, which was quickly discovered to be a novel coronavirus and named severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), disseminated rapidly around the
world, disrupting daily life and devastating communities globally [26]. In 2022, individuals
in the United Kingdom without a history of travel to endemic regions were diagnosed with
mpox (formally monkeypox), a disease characterized by fever and rash that was historically
restricted to Western and Central Africa and caused limited human-to-human transmission.
In just a few months, mpox had spread throughout Europe and the Americas, establish-
ing itself within queer sexual networks and causing severe pain and stigmatizing lesions to
thousands [146].

As highlighted by SARS-CoV-2 and mpox, emerging infectious diseases represent one of
the most urgent public health challenges of the twenty-first century. Emerging infectious
diseases are those that have appeared and affected a population for the first time, or have
existed previously but are now spreading rapidly, either in terms of new cases within the
same population or spread to new areas and communities[60]. There is no dearth of recent
examples — SARS-CoV-2, MERS, Ebola, Zika — all of which have had a substantial impact
on human health despite ongoing pandemic and epidemic preparedness [18, 42 [4T], 48].

Most emerging infectious diseases are zoonotic in origin, meaning that they arose from



human interaction with animal reservoir hosts. Human population growth, rapid urbaniza-
tion and deforestation, increased global connectivity and travel, wars, conflict, displacement,
microbial evolution, and climate change, among others, all increase the risk of spillover of an
infectious pathogen into humans from infected animals [71]. Given that emerging infectious
diseases often represent a novel introduction into a human population, the lack of preexist-
ing immunity to the pathogen results in significant morbidity and mortality. In addition to
the lack of preexisting immunity, emerging infectious diseases exploit structural systems of
social inequity, whereby the most marginalized communities are often those that bear a dis-
proportionate burden of disease [49]. The multi-factorial system that gives rise to emerging
pathogens makes predicting the emergence and impact of new infectious diseases a complex
and difficult task, but the significant human cost of epidemics demands that our efforts to
detect and control these diseases be rapid, robust, scaleable, and evidence-based [60, [71].
Detection of an emerging pathogen requires robust public health surveillance, or the ongoing
and systematic collection of samples or data, analysis, and subsequent dissemination regard-
ing a health event [116]. Detection, however, is often the beginning. Upon emergence and
detection of a pathogen, it is imperative to characterize the identity of the pathogen, where it
arose from, where it is spreading to, who it is affecting, and how it might affect others in the
future, among other questions. Historically, these questions were addressed solely through
the use of case data, but unequal coverage of public health surveillance around the world
limits the ability of case counts to inform outbreak response in a precise and timely manner
[60,71]. The need for new methods to tackle emerging infectious has led public health to focus
on molecular diagnostics and surveillance, notably pathogen genome sequencing. Pathogen
genomic data, when paired with traditional epidemiological information, has the ability to
augment public health surveillance, allowing for earlier detection of emerging pathogens and

greater precision in outbreak investigations.



1.2 Genomic Epidemiology

The science of using pathogen genomics to understand infectious disease emergence and
transmission is termed ”genomic epidemiology” [71]. Pathogen genomes can be used on
a small scale to identify person-to-person transmission events, or on a population scale to
understand the overall transmission dynamics of an epidemic (Fig [1.1). While genomic
epidemiology has been leveraged for a wide range of pathogens, it has historically been most
informative for viral outbreaks [154], which will be the focus of this dissertation.

As viruses replicate within a host, they accumulate mutations on their genomes due to
errors arising from their respective polymerases (for example, RNA viruses use RNA- depen-
dent RNA polymerases which lack proofreading abilities, allowing for the rapid accumulation
of mutations) [87]. When an infection event occurs, the within-host viral diversity of the
infector is sampled and transmitted to the infectee, resulting in both infected individuals
sharing mutations that arose in the infector [103] [39)].

While the probability of mutation on a pathogen genome is generally dependent on spe-
cific pathogen factors, many mutations are detrimental to the survival of the pathogen and
thus are never or very rarely observed, resulting in the majority of genetic diversity observed
being a consequence of neutral or nearly neutral evolution. When looking at a large pop-
ulation of viruses over time, the rate of mutational accumulation on the pathogen genome
is often relatively constant [I54]. Estimation of the evolutionary rate at which a pathogen
accumulates mutations on its genome is not just affected by pathogen factors but also by host
immune selective pressure and even the rate at which pathogens are sampled in a population
[154], 17, [50].

The signal of evolution of a pathogen population throughout time is termed the ”molec-
ular clock” [71]. The molecular clock translates the number of observed mutations into
calendar time, allowing us to estimate the amount of time that has needed to elapse in

order to explain the observed genetic diversity. Through the estimate of elapsed time, we
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can estimate important information for outbreak investigation such as when our sample of
sequenced viruses last shared a common genetic ancestor, which is informative of when the
outbreak first occurred [71].

Given the relatively constant evolutionary rate, we can group sampled viruses based on
genomic similarity and reconstruct their ancestral genetic relationships via a viral phylogeny.
The fast mutation rate of viruses results in the rate of evolution and the transmission dy-
namics of a pathogen falling on comparable timescales, such that the viral phylogeny also

contains information about transmission throughout the course of an outbreak [155].

1.3 Phylodynamics

The study of using phylogenies to understand the epidemiological, immunological and evolu-
tionary processes influencing patterns of genetic variation in pathogen populations is termed
”phylodynamics” [6§]. Phylodynamic analyses have allowed for the estimation of pathogen
population size, quantification of viral importations into and between regions, identification
of consequential mutations, and investigations into within host evolution, among others [11].
Phylodynamic estimation of transmission dynamics within and between different populations

is often modelled via the coalescent.

1.3.1 The Coalescent

We can derive pathogen population size as a function of genetic diversity in a population
modeled by the coalescent. Consider an idealized Wright-Fisher model of haploid organisms
that assumes a neutral population of constant size N and exhibits complete mixing and
discrete generations. When we look forward in time, given that reproductive success is
random in this idealized population, we can expect genetic drift — the random loss of genetic
lineages. Looking backwards in time, however, we can see lineages coalesce whenever two

or more individuals were produced by the same parent, creating the basis for the coalescent



182 [156].

In a Wright-Fisher model with a constant population size of size N, there are N possible
parents, or ancestors, from which to choose from, each with a probability of 1/N to be chosen.

To have a coalescent event, however, it is required for two lineages to coalesce, or choose the

n(n—1)
2

same parent. If we have a sample of size n, then we have possible pairs of random
lineages that could pick the same ancestry with a probability of 1/N. Thus, the probability
of any coalescent event happening in a generation, also known as the coalescent rate, would

be the product:

From this equation, we can see that the coalescent rate is inversely proportional to the size of
the population N, meaning that a larger population size would result in a smaller coalescent
rate. This principle can be extended to pathogen genomics. If the genetic diversity of a viral
population is large, we then expect that it takes longer for two randomly selected lineages
to coalesce, thus by knowing the coalescent rate, under the aforementioned assumptions, we
can derive the pathogen population size. Changes of population size, via the coalescent rate,
result in changes in the inferred genealogy. This forms the basis of subsequently developed
demographic models in phylogenetics that derive the changes in population size over time

via the changes in coalescent rates observed in a viral genealogy over time (See Figure [1.2)).

In reality, the Wright-Fisher assumptions are rarely met, resulting in a smaller estimated
population size deemed the effective population size, N.. Formally, N, is defined to be
the size of a Wright Fisher population that would produce the same coalescent rate as the
population of interest. By extending the Wright Fisher model to account for unequal offspring
distributions, we can express N, as N divided by the variance of the offspring distribution
0. If a population size changes over time, then the coalescent rate will also be a function of

time. We can modify the above equation for the coalescent to account for both an unequal
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from Figure 1 of Volz et al. [154]

offspring distribution and the time of each Wright Fisher generation [155], as

n 1
A= (2) * N1

Based on this formation, we can see that both N, and 7 drive the coalescent rate and

subsequently, only the product N.7 can be derived directly from the inferred genealogy
of pathogen genomes. To derive N, we then have to divide N.7 by 7. 7 represents the
generation time, often derived in terms of years per generation, which in pathogen genomics
is represented by the transmission interval, or the time between successive infections. This
is different from the serial interval, which represents the time between symptom onset of an
infector-infectee pair, which is easier to observe in practice but is often dependent on host
factors [90].

The above formulation assumes a population with equal mixing, which is often unrealis-
tic. The structured coalescent was subsequently developed in order to account for different

population dynamics both within and between different subpopulations.



1.3.2 The Structured Coalescent

Briefly, the structured coalescent is a statistical model that describes the genealogy of indi-
viduals samples from a structured population that evolves according to a migration matrix
[153]. A structured population refers to the existence of subpopulations, or demes, that are
stable in size over time. Some of the key assumptions are that migration occurs at a constant
rate over time, there is no substructure within demes, and that within each deme, individuals
are sampled at random. A key strength of the structured coalescent is that it models both
demographic processes within and between subpopulations, allowing for the estimation of

both effective population sizes and migration rates between demes [101].

The study and reconstruction of evolutionary history and spatial diffusion between demes
from sequence information is called phylogeography, whereby inferring the location of an an-
cestral node can provide insights into its dispersal over time. The most common method
for phylogeography is called discrete trait analysis (DTA), which models the evolution of a
discrete state on a phylogeny in the same way that sequence evolution is modeled [92]. DTA
relies on key assumptions: each state evolves independent of each other and the evolution
along different branches of the phylogeny are independent as well [92, [165]. For these as-
sumptions to hold, the tips of the phylogeny must be sampled at random and in proportion
to the relative size of each state. It also implies that the migration process is independent of
the demographic tree building process, ignoring their interdependence. There’s a strong con-
sequence to this as it causes DTA to treat the relative sampling intensities of each different
state as informative of the migration parameters [101].

In reality, it is extremely rare to have perfectly random sampling such that the number of
samples for each state are proportional to the relative size of each state. Sampling intensity
can be affected by health system priorities, surveillance networks, preferential sampling via
contact tracing and public health investigations, and convenience, among others. Nonrandom

sampling violates the above assumption and can impact inference of migration history among



states.

Unlike DTA, the structured coalescent does not assume that the migration process and
the tree generating process are independent and thus are instead modeled jointly [I01]. This
interdependence results in structured coalescent approaches being more robust to sampling
bias, which can commonly arise though differential sampling [101].

The structured coalescent, however, requires that the state of any ancestral lineage in
the phylogeny at any time be inferred, which is computationally expensive due to MCMC
(Markov chain Monte Carlo) sampling. As the number of states or demes increases, MCMC
convergence becomes more difficult, greatly limiting the number of sequences or demes that

can be analyzed [113].

1.3.8  Approximations of the Structured Coalescent

In an attempt to overcome these computational limitations, various approximations of the
structured coalescent have been developed. Most approaches marginalize over all possible
migration histories by calculating the probability of each lineage being in each state rather
than explicitly assigning lineages to particular states. One of these approximations is called
BASTA (BAyesian STructured coalescent Approximation) [I0I]. An assumption of many of
these approximations is that the state of a lineage evolves independently of the coalescent
process between time events, meaning that changes in the probabilities of lineages being
in a certain state are only dependent on the migration rates and are not dependent on
other lineages in the phylogeny. The independence assumption has been shown to lead to
bias in both parameter estimation, as well as inference of ancestral states primarily when
migration is slow compared with the coalescent rate [I13]. When migration rates are low
compared to the coalescent rates, the influence of the coalescent on lineage states increases.
The independence assumption however, prevents coalescent information from being used in

the estimation of lineage state probabilities, biasing the results.
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An approximation of the structured coalescent that was developed to address the limi-
tation of the independence assumption is called MASCOT (Marginal Approximation of the
Structured COalsescenT) [112]. MASCOT explicitly includes information about the location
of other lineages and their probability of coalescing when modeling the movement of a lin-
eage. This is done using a backwards/forward approach that incorporates information from
the entire tree to calculate the probability of internal nodes being in any state. MASCOT
has been found to be more robust to sampling bias than BASTA and other approximations
of the structured coalescent, allowing both more robust estimations of migration dynamics

and ancestral states.

1.8.4  Integration of empirical predictors into phylodynamics

A recent extension of MASCOT now allows for the joint integration of genomic and epidemi-
ological metadata. This is accomplished through data integration via a GLM (generalized
linear model) approach. The addition of a GLM approach had previously been implemented
for DTA in order to inform the inference of migration parameters [91]. This approach was
then extended to MASCOT as DTA does not estimate the transmission dynamics in dif-
ferent subpopulations [I11]. MASCOT-GLM allows for the estimation of time-varying Ne
and migration rates from both predictor and sequence data via log-linear combinations of

coefficients, indicators and time-varying predictors. Formally this can be expressed as:
N.(t) = Bu, e(Ziz1 By, o P, (1)

where [} denotes the coefficients and the extent to which each predictor contributes to
predictor effective population sizes, ajvg is an indicator which can be 0/1 denoting if a pre-
dictor contributes at all, and ¢ denotes the linear combination of p predictors of N,. The
same formulation is done for migration rates. The estimation of indicators is done via
Bayesian Stochastic Search Variable Selection (BSSVS), which allows for both the identi-

fication of predictors and effect sizes that best explains the phylogeny while also reducing
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overfitting. MASCOT-GLM has been found to be robust at estimating spatiotemporal pa-
rameters, even at high levels of sampling bias [88]. The integration of empirical predictors

also allows for more robust estimation of within deme transmission dynamic.

1.4 About this dissertation

This dissertation focuses on the use of genomic sequencing to augment epidemiological in-
vestigation into tracking the spread of SARS-CoV-2 and monkeypox virus (MPXV) and
estimating the impact of various public health interventions to control their dissemination at
various scales. In Chapter 2, I present work done in collaboration with the Washington State
Department of Health (WADOH) to estimate the risk of hospitalization following infection
with one of seven variant SARS-CoV-2 viruses using a retrospective cohort study of cases
with sequenced virus from Washington State. Specifically, we demonstrate how integrating
pathogen genomes sequenced as part of a statewide sentinel surveillance system with tra-
ditional epidemiological data and methods allows us to analyze variant-specific effects on

clinical disease severity and how vaccination modifies that risk.

In Chapters 3 and 4, I present two genomic epidemiological studies on two different
pathogens — SARS-CoV-2 and mpox — and on two different scales — local and global. Chap-
ter 3 discusses how to leverage genomic epidemiology and phylodynamics to understand
heterogeneous transmission at a local, actionable level. Actionable public health, in which
we attempt to interrupt transmission, happens at the local scale. National level data often do
not effectively inform these local level interventions because their lack of granularity masks
significant transmission heterogeneity. This mismatch has led to a dearth of information on
SARS-CoV-2 transmission dynamics within counties and metropolitan areas, leading to a sit-
uation where the public health departments with the greatest capacity to stop transmission
have the least detailed information about how to target their efforts. I employ phylodynamic

methods to investigate local-scale spatiotemporal SARS-CoV-2 transmission dynamics in
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King County, Washington, a diverse US county containing the metropolitan area of Seattle.
Specifically, I leverage MASCOT-GLM to inform our estimates of transmission dynamics and
the impact of population-wide non-pharmaceutical interventions via the joint integration of
epidemiologic, demographic, mobility, and genomic data.

While Chapter 3 zoomed in to investigate local-scale epidemic dynamics, Chapter 4 zooms
out to track mpox spread around Europe and the Americas during the 2022 mpox epidemic.
In 2022, mpox evaded early detection and sparked a public health emergency of international
concern, resulting in over more than 90,000 recorded cases worldwide in already marginalized
and vulnerable communities [29]. Due to social stigmas around case reporting as well as
sub-clinical disease manifestation, surveillance data alone can only provide limited insights
into mpox transmission dynamics. I employ phylogeographic and phylodynamic methods to
estimate changes in case detection rate, the impact of underdetection on transmission, and
the role of introductions in promoting local community spread in various global regions. I
also examine the impact of vaccination campaigns on epidemic growth and decay in North
America as well as estimate the degree of transmission heterogeneity in the declining phase
of the epidemic.

Ultimately, this dissertation demonstrates how the joint integration of genomic and epi-
demiological information can provide novel and more precise insights into viral epidemic
spread and the evaluation of infection control measures than possible through the use of a

single data source alone.
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Chapter 2

ASSOCIATIONS BETWEEN SARS-COV-2 VARIANTS AND
RISK OF COVID-19 HOSPITALIZATION AMONG
CONFIRMED CASES IN WASHINGTON STATE: A

RETROSPECTIVE COHORT STUDY

This work, which was co-led by Stephanie Lunn, was originally published in Clinical
Infectious Diseases [123]

2.1 Abstract

Background: The COVID-19 pandemic is dominated by variant viruses; the resulting impact
on disease severity remains unclear. Using a retrospective cohort study, we assessed the
hospitalization risk following infection with seven SARS-CoV-2 variants.

Methods: Our study includes individuals with positive SARS-CoV-2 RT-PCR in the
Washington Disease Reporting System with available viral genome data, from December 1,
2020 to January 14, 2022. The analysis was restricted to cases with specimens collected
through sentinel surveillance. Using a Cox proportional hazards model with mixed effects,
we estimated hazard ratios (HR) for hospitalization risk following infection with a variant,
adjusting for age, sex, calendar week, and vaccination.

Findings: 58,848 cases were sequenced through sentinel surveillance, of which 1705 (2.9%)
were hospitalized due to COVID-19. Higher hospitalization risk was found for infections
with Gamma (HR 3.20, 95%CI 2.40-4.26), Beta (HR 2.85, 95%CI 1.56-5.23), Delta (HR
2.28 95%CI 1.56-3.34) or Alpha (HR 1.64, 95%CI 1.29-2.07) compared to infections with
ancestral lineages; Omicron (HR 0.92, 95%CI 0.56-1.52) showed no significant difference
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in risk. Following Alpha, Gamma, or Delta infection, unvaccinated patients show higher
hospitalization risk, while vaccinated patients show no significant difference in risk, both
compared to unvaccinated, ancestral lineage cases. Hospitalization risk following Omicron
infection is lower with vaccination.

Conclusion: Infection with Alpha, Gamma, or Delta results in a higher hospitalization
risk, with vaccination attenuating that risk. Our findings support hospital preparedness,

vaccination, and genomic surveillance.

2.2 Introduction

Following initial detection, SARS-CoV-2 disseminated rapidly worldwide, with the first
reported COVID-19 case in the United States detected in Washington State (WA) on January
19, 2020 [18]. During the third quarter of 2020, distinct phenotypic changes on the SARS-
CoV-2 spike protein were identified, raising concerns about increased transmission or greater
disease severity [27]. The first detections of these variant viruses in WA occurred on January
23, 2021, when the first two cases of Alpha were found in Snohomish County [159] .

Since the initial detection of the first cases of the Alpha variant, multiple SARS-CoV-2
variants have been reported in WA. In March 2021, the Washington State Department of
Health (WADOH) partnered with multiple laboratories to establish a sentinel surveillance
program to monitor the genomic epidemiology of SARS-CoV-2 [160]. Given the replace-
ment of ancestral lineages due to increasingly greater effective reproductive numbers, variant
viruses now represent the majority of sequenced cases in WA [160].

The rapid emergence of variant viruses has resulted in numerous studies reporting in-
creased transmissibility [34] 3], 127, 67]. Previous studies have identified an increased risk of
hospitalization for both Alpha and Delta in various regions around the world [I17, [55, [14]

142]. However, these studies compared a single variant lineage to an ancestral lineage or to
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a small aggregated subset of variant viruses, leaving a dearth of knowledge into how risk of
severe disease differs among the various lineages.

To address this gap in knowledge regarding healthcare outcomes following infection with
a variant lineage, we designed a retrospective cohort study analyzing epidemiologic and
genomic data from WA in order to compare the risk of hospitalization among seven SARS-

CoV-2 variants.

2.3 Results

The COVID-19 epidemic in WA shows a distinct trend in the lineage distribution over time
(Fig [2.1). Early on, the epidemic was predominantly characterized by ancestral lineages,

while by March 2021, SARS-CoV-2 variants gained predominance over ancestral lineages.

1.00

Variant

B Alpha (B.1.1.7)
Beta (B.1.351)

Delta (B.1.617.2)
Epsilon (B.1.427/B.1.429)
Eta (B.1.525)
Gamma (P.1)
Kappa (B.1.617.1)
Mu (B.1.621)

lota (B.1.526)
Lambda (C.37)
Omicron (B.1.1.529)
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Figure 2.1: Changing proportion of infections due to variant lineages in Washington over study
period. Variant fraction is calculated from a 21-day rolling average from our full sequenced dataset
spanning from December 1, 2020 to January 14, 2022 and normalized to 100% to better observe
changes in proportion of infections from variant lineages compared to total infections.

In this study, we included 63,639 cases with viral genome data available on WDRS, with
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specimens collected from December 1, 2020 to January 14, 2022 (Fig. . Of these, the
final study population for the main analysis was restricted to 58,848 (92.3%) cases that were
part of sentinel surveillance. The proportion of total cases in WA that were sequenced as
part of sentinel surveillance over time is shown in Fig. S2.

Table represents the general characteristics of the study population. The number of
cases infected with a variant includes 8723 (14.8%) infected with Alpha, 231 (0.4%) with
Beta, 2101 (3.6%) with Gamma, 33,107 (56.3%) with Delta, and 5362 (9.1%) with Omicron.
5178 (8.8%) individuals were infected with an ancestral lineage other than a variant of
concern or interest as defined herein. Of the cases in the main analytic sample, 1705 (2.9%)

cases were hospitalized.

Characteristics All Ancestral Alpha Beta Gamma Delta Epsilon Iota Omicron
Total N* 53,813 | 5178 | (8.8) | 8720 | (14.8) | 231 | (0.4) | 2103 | (3.6) | 33,115 | (56.2) | 3526 | (6.0) | 638 | (L.1)|5362] (9.1)
Hospitalized (%)** 1705 | 117 (23)] 233| (27)| 11| (48)] 112 (5.3)| 1109| (33)] 74| (21)] 13| (20)]| 36 (0.7)
i\gelf;:;itt;ﬁl:at(;gndag%{) 6| (5 6| (5)] 7.5 (329 6| (4.75) 6 | (4.75) 51 @35 @ 7| (©)
Age (%)**
09 5661 | 418 | (5.1) | 888 | (10.2) | 22| (9.5)] 198 | (0.4)| 3412 | (10.3)| 307 | (87)| 51| (85)| 362| (6.9)
11019 051 | 814 | (15.7) | 1561 | (17.9) | 52 | (22.5) | 272 | (12.9) | 4548 | (13.7) | 590 | (16.7) | 113 | (17.7) | 1004 | (18.7)
20- 29 12340 | 1053 | (20.3) | 1948 | (22.3) | 51 | (22.1) | 527 | (25.1) | 6485 | (19.6) | 760 | (21.6) | 154 | (24.1) | 1362 | (25.4)
30- 39 11156 | 934 | (19.0) | 1640 | (13.8) | 39 | (16.9) | 432 | (20.5) | 6285 | (19.0) | 657 | (18.6) | 128 | (20.1) | 991 | (18.5)
10 - 49 8345 | 741 | (14.3) | 1273 | (14.6) | 34 | (14.7) | 317 | (15.1) | 4583 | (13.8) | 524 | (14.9) | 93 | (14.6) | 780 | (14.5)
50 - 59 6012 | 569 | (1L0) | 797 | (91)| 22| (95)| 186| (5.8)| 3520 | (10.7) | 383 | (10.9)| 56| (8.8) | 470| (5.8)
60 - 69 3807 | 378 | (7.3) | 3%0| (45)| 9| (39)| 108| (5.1)| 2420| (7.3)| 209| (5.9)| 25| (3.9)| 260 | (4.8)
70-79 1704 139 | (27)] 150 (L7)| 2| (09)] 33| (16)| 1223| (37| 62| (18) ] 11| (17)| 84| (1.6)
50-89 61| 60| (12)] 68] (0.8)] 0] (0.0)] 22| (10)] 462 (L4)| 31| (0.9)] 3] (05| 35| (0.7)
90+ 22| 22| (04)] 15| (02)] 0] (00)] 8| (04)| 19| (05)] 3] (0] 1| (02| 14| (0.3)
Sex (%)**
Female 28518 | 2410 | (46.5) | 4234 | (48.5) | 104 | (45.0) | 1026 | (48.8) | 16053 | (48.5) | 1666 | (47.2) | 292 | (45.8) | 2733 | (51.0)
" Male 20219 | 2505 | (50.1) | 4328 | (40.6) | 123 | (53.2) | 1040 | (49.5) | 16513 | (40.9) | 1730 | (49.3) | 330 | (51.7) | 2551 | (47.6)
" Other 51 5] 00)] 9] 0] 0] 00 1] (0.0) 3% (0] 2] O] 0] 00| 5] (01
Unknown 1087 | 168 | (3.2)| 158| (1.8)] 4| (L7)| 36| (L7)| 5I3] (15)| 119 (34)| 16| (25)| 73] (1.4)
Vaccination (%)**
No Vaccination to <21 post dose one 44845 | 5100 | (98.5) | 8412 | (96.4) | 221 | (95.7) | 1946 | (92.5) | 23108 | (69.8) | 3438 | (97.5) | 620 | (97.2) | 2000 | (37.3)
>21 days post dose one to <21 days post booster | 12895 75 (14) | 309| (35)| 10| (43)| 154 | (7.3)| 9434 | (28.5) 86| (24)] 18] (2.8) 2809 | (52.4)
>21 days post dose one 142 0] 00)] 2 | (0] 0] (00| 1] (01| 565| (L7)| 2] (0.1)] 0] (0.0)] 53] (10.3)

Table 2.1: Study Cohort Characteristics by Variant of Concern/Variant of Interest. *denotes row
percentages **denotes column percentage

In the adjusted model, we find a significant global effect of variant lineages on the hospi-
talization risk when compared to those cases infected with an ancestral virus (likelihood ratio
test, p j0.001). The highest risks (Fig. were found in cases infected with Gamma (HR
3.20, 95% CI 2.40-4.26) or Beta (HR 2.85, 95% CI 1.56-5.23). Cases with infection by Delta
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(HR 2.28, 95% CI 1.56-3.34) or Alpha (HR 1.64, 95% CI 1.29-2.07) also showed a higher risk
of hospitalization when compared to the reference. All other variants, including Omicron

(HR 0.92, 95% CI 0.56-1.52) failed to show a significant difference in risk of hospitalization
(Table 2.2).

Alpha (B.1.1.7) -

Beta (B.1.351)

Gamma (P.1) 1

Delta (B.1.617.2)

Epsilon (B.1.427/B.1.429)

|

lota (B.1.526)

Omicron (B.1.1.529)

T T
[aV] <+

PRI T

0.5 A

hazard ratio for hospitalization

Figure 2.2: Relative Risk of Hospitalization by Variant Lineage. Risk of hospitalization is compared
to individuals infected with an ancestral lineage. Error bars represent 95% CI. Estimates are
adjusted for age, sex assigned at birth, calendar week, and vaccination status.

The association between variant lineage and hospitalization risk stratified by vaccination
is shown in Figure with unvaccinated individuals (unvaccinated or < 21 days post dose
one) infected with ancestral lineages as the reference category. When compared to the ref-
erence, our model shows a higher risk of hospitalization for those unvaccinated individuals
infected with Gamma, Delta, or Alpha, while those infected with Omicron showed no sig-

nificant difference (Table 2.3). In the strata of individuals with an active vaccination but
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Characteristics Hospitalization
HR | 95% CI

WHO Lineage

Ancestral REF

Alpha 1.64 | (1.29-2.07)

Beta 2.85 | (1.56-5.23)

Gamma 3.20 | (2.40-4.26)

Delta 2.28 | (1.56-3.34)

Epsilon 1.13 | (0.67-1.90)

Tota 1.34 | (0.80-2.30)

Omicron 0.92 | (0.56-1.52)

Vaccination

Unvaccinated to <21 days post dose one REF

>21 days post dose one to <21 days post booster | 0.40 | (0.35-0.45)

>21 days post booster 0.31 | (0.19-0.51)

Table 2.2: Adjusted Cox Proportional Hazard Estimates for Risk of Hospitalization. *Additional
model covariates include: sex, age (in 10 year bins), calendar week

no active booster, no significant difference was observed in the risk of hospital admittance
following infection with Gamma, Delta, or Alpha, but a lower risk of hospitalization was
found following infection with Omicron (HR 0.49 95% CI 0.29-0.83), all when compared to
unvaccinated, ancestral lineage cases. For those variant categories who had at least 4 hos-
pitalizations following active booster vaccination (Table , we find a significantly lower
risk of hospitalization for cases infected with Omicron (HR 0.44 95% CI 0.21-0.93) but no
significant difference for those infected with Delta, both compared to the unvaccinated, an-
cestral reference. Without stratification by variant lineage, we find that when compared to
the unvaccinated group, cases with a record of an active vaccination but no booster and

those with an active booster vaccination both have a lower risk of hospitalization ( > 21
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days post dose one but < 21 days post booster: HR 0.34, 95% CI 0.23-0.50; > 21 days post
booster: HR 0.31 95% CI 0.19-0.51).
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Figure 2.3: HR for risk of hospitalization following infection with a VOC (excluding Beta due
to small sample size) stratified by vaccination status. Unvaccinated individuals infected with
ancestral lineages serve as the reference category for each VOC HR. Error bars represent 95% CI.
Estimates are adjusted for calendar week, age and sex assigned at birth. Categories with less than
4 hospitalizations are censored.

In a secondary analysis comparing hospitalization risk following infection with Omicron



Hospitalization
Characteristics HR | 95% CI
Vaccine*Variant
Alpha
Unvaccinated to <21 days post dose one 1.67 | (0.91- 3.07)
>21 days post dose one to <21 days post booster | 0.78 | (0.42-1.42)
>21 days post booster - -
Gamma
Unvaccinated to <21 days post dose one 3.24 | (2.15 -4.89)
>21 days post dose one to <21 days post booster | 1.46 | (0.77-2.78)
>21 days post booster — —
Delta
Unvaccinated to <21 days post dose one 2.39 | (1.32-4.32)
>21 days post dose one to <21 days post booster | 0.93 | (0.71-1.22)
>21 days post booster 0.75 | (0.41-1.34)
Omicron
Unvaccinated to <21 days post dose one 0.79 | (0.37-1.67)
>21 days post dose one to <21 days post booster | 0.49 | (0.29-0.83)
>21 days post booster 0.44 | (0.21-0.93)
Ancestral
Unvaccinated to <21 days post dose one REF

Table 2.3:

20

Adjusted Cox Proportional Hazards Estimates for Risk of Hospitalization for Variant-
Vaccine Interaction *Additional model covariates include: sex, age (in 10 year bins), calendar.
Fach variant lineage category risk estimate uses the “Unvaccinated to j21 days post dose one”
vaccination group in cases infected with an ancestral lineage as the reference group. Categories
with less than 4 hospitalizations are censored

to infection with Delta as the reference (Fig [2.4] Table [A.2), we find a lower risk of hospi-
talization associated with Omicron infection (HR 0.34, 95% CI 0.23-0.50). When stratified

by vaccination status, we find progressively lower risks of hospitalization for cases infected

with Omicron for those unvaccinated (HR 0.37, 95% CI 0.21-0.66), vaccinated without a
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booster (HR 0.23, 95% CI 0.14-0.39), and those > 21 days post booster (HR 0.19, 95% CI

0.09-0.41), all when compared to unvaccinated cases with Delta infections.
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Figure 2.4: Risk of Hospitalization following Infection with Omicron vs Delta. A. Risk of hospital-
ization is compared to individuals infected with Delta. B.Unvaccinated individuals infected with
Delta serve as the reference category for each VOC HR. Error bars represent 95% CI. Estimates
are adjusted for calendar week, age and sex assigned at birth.



22

Estimates of the HR of the risk of hospitalization for cases infected with variants are

robust to both model selection and inclusion of all sequences in our original database (Supp.

Fis. )

2.4 Discussion

In this study, we use SARS-CoV-2 cases in WA that were sequenced as part of sentinel
surveillance to evaluate the differential risk of hospitalization following infection with a vari-
ant. We find that in our study period, cases infected with Alpha, Beta, Gamma, or Delta
have a higher hospitalization risk compared to cases infected with an ancestral lineage, after
adjusting for relevant covariates. We find similar estimates of higher hospitalization risk in
the subset of unvaccinated individuals and no significant difference in hospitalization risk
in individuals with an active vaccination, following infection with Gamma, Delta, or Alpha,
while individuals infected with Omicron show a lower hospitalization risk in all vaccination

categories, all compared to unvaccinated individuals infected with ancestral lineages.

Our findings are consistent with studies from around the world that have examined
hospitalization risk following infection with SARS-CoV-2 variants [I4]. Our estimates of
hospitalization risk following infection with Delta (HR 2.28 95% CI 1.56-3.34) are similar
to those from Scotland (HR 1.85 95% CI 1.39-2.47) [142] and Public Health England (HR
2.61, 95% CI 1.56-4.36) [133]. To our knowledge, few studies outside of ours have examined
the hospitalization risk of Omicron compared to infection with ancestral lineages, but our
estimates of hospitalization risk of Omicron vs Delta are highly similar to those calculated
using S-gene target failure (SGTF) data [05, 13, 129]. Unlike studies using only SGTF
data to identify probable Omicron cases, our study uses genomic sequencing to confirm the
variant identity of each case, reducing the risk of misclassification. Verification with genomic
sequencing is crucial for estimating the severity of Omicron, especially given the global rise

of the BA.2 sublineage which does not cause S-gene dropout in TaqPath assay.
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We also evaluated hospitalization risk following infection by Alpha, Gamma, Delta, or
Omicron stratified by vaccination status. Following infection with Alpha, Gamma, or Delta,
we saw a higher hospitalization risk for unvaccinated individuals and no significant difference
in risk for vaccinated individuals without a booster when compared to those unvaccinated
individuals infected with an ancestral lineage. Vaccinated individuals without a booster in-
fected with any of these three variants all showed similar estimates of hospitalization risk
with overlapping confidence intervals. The similar, overlapping estimates of risk in vaccinated
individuals following infection with a VOC is supported by studies in the United Kingdom
and Denmark showing no significant difference in hospitalization risk for vaccinated individ-
uals infected with Delta when compared to those infected with Alpha, together suggesting
that vaccination exerts a similar effect across these three variants [14], [149]. Unvaccinated
individuals infected with Omicron showed no significant difference in risk of hospitalization,
but individuals with any vaccination were found to have a lower hospitalization risk, all
when compared to the unvaccinated, ancestral reference. When comparing hospitalization
risk of Omicron vs Delta stratified by vaccination status, we find that any active vaccination
is associated with a lower risk of hospitalization regardless of lineage when compared to un-
vaccinated cases with Delta infections, with estimates of risk similarly observed in Denmark

3.

Our sample sizes in some stratum are small (Table S1) limiting our ability to make
conclusions. Additionally, cases were selected into our study based on test positivity; if
vaccinated individuals are less likely to seek testing and severe illness leads to increased
testing, conditioning study enrollment on testing can lead to collider stratification bias,
or a distorted association between vaccination and disease severity[70]. Prior to July 27,
2021, CDC guidance stated that fully vaccinated individuals without symptoms did not
need to get laboratory tested for SARS-CoV-2 following an exposure, meaning that cases

in our sample with a vaccination record, which are conditional on being tested, are almost
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certainly biased towards a subset of the population with a more severe clinical presentation
than the population at-large, potentially underestimating estimates of vaccine protection on
hospitalization risk. However, Delta and Omicron estimates largely derive from cases and

hospitalizations after July 27, 2021.

Although our findings are consistent with previous studies, they are not without limita-
tions. Variant classification is conditional on whole genome sequencing and a Ct threshold
i30, meaning that our sequenced cohort may have been different from the general popu-
lation of cases in WA. Sample sizes were determined by variant-specific circulation in WA
and thus some variant categories have as few as 11 hospitalizations (Table 1: Beta); these
respective estimates should be interpreted accordingly. Vaccination data in IIS is not com-
prehensive of federal vaccination efforts; vaccination status may therefore be misclassified
for some cases. Sentinel specimens included in this study were randomly selected for se-
quencing within laboratories, but laboratories were not randomly sampled for inclusion in
the sentinel surveillance program. The implementation of this program set proportions for
sampling from specific laboratories to gather a geographically representative sample. It is
possible that laboratory-level association with patient populations with differential risk of
hospitalization over time may bias the study findings. The study is observational in nature,
meaning that despite adjusting for potential confounders, there might be other confounders
such as use of monoclonal therapy, social deprivation, etc., that might affect the association
between SARS-CoV-2 variant and hospitalization risk. While previous studies have included
comorbid conditions, race/ethnicity, or region of residence, their association with the risk of
infection with a variant vs an ancestral strain in WA is unclear and thus were not included
in our a prior: set of confounders. Including these variables in an exploratory model did
not affect estimates (Delta adjusting for race and county: HR 2.21 95% CI 1.50-3.30; Delta
without race and county: HR 2.28 95% CI 1.56-3.34).

In conclusion, our retrospective cohort study found a higher hospitalization risk in cases
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infected with Alpha, Beta, Gamma, and Delta, but not Omicron. Our study supports hos-
pital preparedness in areas with uncontrolled viral spread as well as promoting vaccination.
This study also highlights the importance of ongoing genomic surveillance at the state and
federal level to monitor variant outcomes. Building a robust public health workforce as well
as collaborations between public health and academia is critical to using genomic epidemi-

ology to answer crucial questions about emerging SARS-CoV-2 variants.

2.5 DMethods

2.5.1 Study Design

For this retrospective cohort study, we included cases with SARS-CoV-2 positive RT-PCR
results in the Washington Disease Reporting System (WDRS) that contained linking infor-
mation to corresponding sequences in the GISAID EpiCoV database [143], [45] with specimen
collection dates between December 1, 2020 and January 14, 2022. Sequence quality was deter-
mined using Nextclade version 1.0.1 (https://clades.nextstrain.org/). Lineage was assigned
using the Pangolin COVID-19 Lineage Assigner version 3.1.20 (https://pangolin.cog-uk.io/);
only cases with an assigned PANGO lineage were included. The primary exposure of interest
was SARS-CoV-2 variant, corresponding to all variant viruses that were given a Greek letter
variant label by the WHO. These were all assigned a Nextstrain clade making the distinction
clear [84]. Variants with less than ten hospitalization events were excluded, leaving Alpha,
Beta, Gamma, Delta, lota, Epsilon, and Omicron for analysis as well as ancestral viruses for
reference. Vaccination data was collected from the WA IIS repository that is maintained by
the Office of Immunizations at WADOH.

Cases without a known age, variant or vaccine manufacturer, cases with multiple lin-
eages identified for the same infection, and cases where the linked viral sequence had ;10%
sequencing ambiguity, were excluded from the study. For cases with multiple specimens

sequenced of the same virus, only the first sequenced specimen was used for analysis. The
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main analysis was limited to cases with specimens sequenced as part of sentinel surveillance.

2.5.2 Sentinel Surveillance

As part of an initiative to monitor the genomic epidemiology of SARS-CoV-2, WADOH
established a sentinel surveillance program with partner laboratories around the state. Lab-
oratories and the percentage of randomly selected positive specimens they submit for se-
quencing were designated to optimize representation across WA [126]. Only PCR positive
samples with a cycle threshold (Ct) of 30 or less are selected for sequencing. In addition to
these designated sentinel laboratories, specimens were classified as sentinel surveillance if the
sequencing laboratory indicated that they were conducting sequencing on randomly selected
specimens. Specimens selected for sequencing as part of outbreak investigations, targeted
due to travel history, targeted due to known vaccine breakthrough status, or targeted as part

of investigations of S-gene target failures were not considered sentinel surveillance.

2.5.83 Hospitalizations

The primary outcome of interest was COVID-19 hospitalization. COVID-19 hospitalization
is defined as a WA resident with confirmed COVID-19-positive lab who is identified as being
hospitalized through hospital records, self-report of hospitalization, or linkage with syndromic
surveillance hospitalization records (RHINO). If RHINO hospitalization records differ from
the hospital record or self-report, the data is manually reviewed to adjudicate. Cases known
to be hospitalized for a condition other than COVID-19 (e.g. labor and delivery) are not
counted. In addition to the above data curation by WADOH, we additionally exclude cases
where a positive viral collection date is more than 14 days after hospitalization in order to
prevent misclassification of hospitalizations not attributable to COVID-19. Cases with a

record of hospitalization but without an admission date were excluded from the study.
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2.5.4 Covariates

We identified a priori confounders that were suspected to be associated with both risk of
hospitalization following a COVID-19 infection and the epidemiological risk of acquiring a
variant. These included age at sampling (categorized into 10-year increments), calendar week
of collection, sex assigned at birth, and vaccination. Vaccination status was made into a three
tier variable of 1) “Unvaccinated to < 21 days post dose one”, 2) “ > 21 days post dose one
to < 21 days post booster”’, 3) “> 21 days post booster” due to a low number of hospitalized
cases having a record of vaccination. We consider active vaccination only after 21 days due
to CDC guidance regarding active protection from symptomatic infection only after 14 days
[7] and then allowing for an additional 7 days to allow for the development of protection from
hospitalization, given that the mean time from symptom onset to hospitalization was found
to be about 7 days [47]. Our vaccination covariate includes cases with a history of vaccination
with BNT162b2 ; mRNA-1273, and Ad26.COV2. Additionally, cases with a repeat positive
test (defined as a case where the specimen collection date was more than 21 days after
the first positive test date) were also excluded from the study to reduce confounding from

previous immunity.

2.5.5 Statistical Analysis

We used descriptive statistics to explore characteristics of our sample stratified by SARS-
CoV-2 lineage. For all descriptive analyses, we summarized categorical variables as frequen-
cies and percentages.

We estimated the associations between SARS-CoV-2 variants and the risk of COVID-19
hospitalization by calculating hazard ratios (HRs) for the time to hospital admission through
a Cox proportional hazard model with mixed effects using ancestral lineages as the reference
group. We adjusted the HRs for the covariates of age, sex assigned at birth, calendar week

(continuous), and vaccination status. Sex and vaccination status were added as random
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effects to regularize adjustments for under-represented categories. A likelihood ratio test
was used to examine the global effect of variant lineages on hospitalization risk.

In a secondary analysis to analyze how vaccination affected the risk of hospitalization
by variant lineage, an interaction term of vaccination*lineage was introduced into the model
and reran for those variants found to have the largest sample size and effect magnitude:
Alpha, Gamma, Delta, and Omicron. Stratified risk of hospitalization by vaccination status
was conditioned on the “Unvaccinated to <21 days post dose one” group for cases infected
with an ancestral lineage.

The above analysis was repeated with a subset of the data only including cases infected
with Delta (as the reference) or Omicron with a collection date after September 1st, 2021.

In order to account for differences in both model selection and case inclusion, sensitivity
analyses were performed using a Cox proportional hazard model with fixed effects and a
Poisson regression model for both the subsetted sentinel surveillance-only dataset as well as
for the entire case dataset found in WDRS for the same study period. Statistical analyses
were performed using R version 3.6.2 (R Project for Statistical Computing).

Analytic code can be found at https://github.com/blab/ncov-wa-variant-severity
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Chapter 3

LOCAL-SCALE PHYLODYNAMICS REVEAL DIFFERENTIAL
COMMUNITY IMPACT OF SARS-COV-2 IN A
METROPOLITAN US COUNTY

This work was originally published in PLOS Pathogens [124]

3.1 Abstract

SARS-CoV-2 transmission is largely driven by heterogeneous dynamics at a local scale, leav-
ing local health departments to design interventions with limited information. We analyzed
SARS-CoV-2 genomes sampled between February 2020 and March 2022 jointly with epidemi-
ological and cell phone mobility data to investigate fine scale spatiotemporal SARS-CoV-2
transmission dynamics in King County, Washington, a diverse, metropolitan US county. We
applied an approximate structured coalescent approach to model transmission within and
between North King County and South King County alongside the rate of outside introduc-
tions into the county. Our phylodynamic analyses reveal that following stay-at-home orders,
the epidemic trajectories of North and South King County began to diverge. We find that
South King County consistently had more reported and estimated cases, COVID-19 hospi-
talizations, and longer persistence of local viral transmission when compared to North King
County, where viral importations from outside drove a larger proportion of new cases. Using
mobility and demographic data, we also find that South King County experienced a more
modest and less sustained reduction in mobility following stay-at-home orders than North
King County, while also bearing more socioeconomic inequities that might contribute to a

disproportionate burden of SARS-CoV-2 transmission. Overall, our findings suggest a role
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for local-scale phylodynamics in understanding the heterogeneous transmission landscape.

3.2 Author Summary

State- or county-level data collected as part of routine surveillance often mask significant
local differences in SARS-CoV-2 transmission due to their lack of granularity. This leaves
local public health departments with incomplete information for resource allocation. Using
King County, Washington as an example of a diverse, metropolitan US county, we lever-
aged genomic epidemiology to understand differences in transmission between North and
South King County, two adjacent regions within the same county with stark socioeconomic
differences. By combining epidemiological, mobility, and demographic data, we found that
these two regions had divergent SARS-CoV-2 epidemic trajectories following the start of
statewide stay-at-home orders in March 2020. Our approach also revealed important differ-
ences in the role of viral importations and persistence of local viral transmission on changing
SARS-CoV-2 incidence in the background of large-scale non-pharmaceutical interventions.
Our work shows that we can use genomic epidemiology to reveal differences in transmission
at a local scale, which can inform equitable resource allocation at a local level to reduce the

burden of infectious diseases.

3.3 Introduction

The first confirmed SARS-CoV-2 infection in the United States was detected in Washington
State (WA) on January 19, 2020. Since initial detection of the virus, genomic epidemiology
has played a crucial role in identifying and estimating new introductions and community
transmission in WA [18, 114, [147] and throughout the US [38, [04] and has motivated rapid
public health interventions. While international introductions continue to seed new viral
lineages into the US, the majority of transmission is driven by infections and movement at a

local scale, wherein neighboring states, regions, counties, or even zip codes can have vastly
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different epidemic dynamics [147), 108, [37].

In WA, genomic epidemiology has aided in understanding the spatiotemporal variation of
the SARS-CoV-2 epidemic. At a statewide level, previous studies have examined changes in
the relative frequency of variant viruses and the impact of non-pharmaceutical interventions
on the estimated effective population size of the virus [I14]. Phylodynamic analyses have
estimated the role of introductions in promoting community spread in the state at large and
revealed an asymmetrical interplay between the eastern and western regions of the state,
wherein intra-state transmission accounts for more than half of the introductions into the

eastern region of WA but only for less than 30% of the introductions into western WA [147].

Even a regional view fails to capture the nuance of epidemic dynamics needed to effec-
tively curb transmission in the state because neighboring counties and even intra-county
areas are affected by epidemic and demographic heterogeneity. King County, WA is a demo-
graphically diverse, metropolitan US county that has been proactive in promoting testing
and vaccination throughout the SARS-CoV-2 epidemic. Despite these efforts, studies have
revealed a large degree of variation in SARS-CoV-2 infection probability and hospitalization,

with communities of color disproportionately impacted [79).

Previous studies have attributed differences in local case counts to unequal reductions
in mobility [145 83]. When compared to a baseline average from 2019, King County, WA
as a whole shows a large decrease in mobility following the implementation of stay-at-home
orders in March 2020 but differences between within-county regions are salient: North King
County experienced a 60% reduction in mobility compared to the 40% reduction in South
King County (Fig A) . While South King County eventually returned to baseline levels
of mobility by the end of 2020, North King County was able to maintain reduced levels
through March 2022. The ability to significantly reduce and maintain mobility changes has
been previously attributed to socioeconomic inequities, including geographical differences in

income [I61] and percentage of the community that contributes as an essential worker [145].
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We see a similar pattern in King County: South King County has a lower median household
income, a larger percentage of essential workers in the active workforce, and a higher average

household size than North King County (Fig[3.2B-D), despite a smaller population size (Fig.
3.2E).
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Figure 3.1: Socioeconomic Characteristics of King County A. Percent change in mobility from
Feb 2020 to March 2022 over time using average mobility in 2019 as baseline for North (blue
line) and South (orange line) King County. Dashed line denotes no change compared to baseline.
B,C. Median household income in 2020. (B) Percentage of the active workforce whose occupa-
tion is defined as “essential” from 2015-2020 (C) average household size from 2015-2020 (D) and
population size (E) in King County by Public Use Microdata Area (PUMA). Gray shaded re-
gions above each figure show the time periods during which ancestral virus, Alpha, Delta, and
Omicron respectively represented greater than 30% of sequenced case. Geojsons for King County
PUMASs were made using shapefiles from the US Census Bureau [150] and can be found here:
https://github.com/seattleflu/seattle-geojson/tree/master /seattle_geojsons
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While some studies have used genomic epidemiology to examine transmission between
US counties or boroughs [94] [T08] [37], here we employ phylodynamic tools to understand the

fine scale spatial and temporal dynamics of SARS-CoV-2 viral transmission both within and
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between regions of King County, WA, as a case study of a demographically and socioeconomi-
cally diverse US metropolitan county. Using 11,737 viral sequences sampled from individuals
in King County between January 2020 and March 2022, we examined the role of introduc-
tions in promoting community spread and the impact of non-pharmaceutical interventions

on viral transmission dynamics.

3.4 Results

The COVID-19 epidemic in King County, WA shows distinct spatial and temporal patterns
that persisted throughout our study from February 2020 to March 2022. At the PUMA
level, confirmed COVID-19 cases and hospitalizations in King County are disproportionately
higher in more southern PUMASs than in northern PUMAs (Fig , B) during almost every
time period analyzed. During the last time period encompassing the BA.1 Omicron wave,
from December 2021 to March 2022, we observed a more equal geographic distribution of
confirmed COVID-19 cases, but COVID-19 hospitalizations continue to disproportionately

affect southern regions.

Due to the salient differences between northern and southern PUMASs, we then divided
King County into two regions, North and South, and analyzed COVID-19 cases and hospital-
izations continuously over time (Fig ,D). From January 2020 to the end of March 2020,
during the beginning of the epidemic, we see that cases and hospitalizations are slightly
higher in North King County. However, starting in April 2020 soon after a stay-at-home
order on March 23, South King County consistently had higher confirmed cases and hospi-
talizations per capita than North King County, a trend that mostly persisted throughout
the time period studied, except during the Omicron wave when cases were similar in both
regions. Time series of cases and hospitalizations replicated the geographical trends seen in
Fig[3.1JA and B: while the difference in the number of confirmed cases seemed to contract
in during the BA.1 Omicron wave (Dec 2021-March 2022), the magnitude of the difference
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in hospitalizations remains roughly constant, with South King County disproportionately

burdened.

To investigate transmission dynamics between and within these two King County regions,
we analyzed 11,602 sequenced King County viruses alongside contextual sequences from
around the world. Following the creation of time-resolved phylogenies using Nextstrain
[74], we split the sequences into local outbreak clusters using parsimony-based clustering to
identify groups of sequences whose ancestral states were inferred to be in King County (see
Methods, Supp Fig. |B.1). We identify 5964 clusters and find that the number of clusters
increases over the time in both regions (Fig. |3.3/A), most likely due to an increase in the
number of cases being sequenced in WA. Additionally, we find that the majority of clusters
are single introductions (n = 5,095), with larger clusters increasingly rare (Fig|3.3[B, clusters
with more than 10 sequences were excluded for clarity). South King County has a greater
mean cluster size (South: 1.87; North: 1.61; two-sample t-test p-value: 0.048) as well as
a larger maximum cluster size (max South cluster size of 280 vs max North cluster size of
150). Figure shows the phylogenetic tree of all clusters with 5 or more sequences with

inferred geographic location as coloring.

We also analyzed the inferred ancestral location for all clusters over time divided out by
the dominant variant waves (Supp. Fig . We found that Alpha and Delta arrived first
into King County mainly from other US states before spreading into the larger WA region,
with Alpha also arriving from the UK where it originated. As time progressed, the source of
introductions switched from mainly North America (excluding WA) to predominantly from
within Washington (excluding Omicron which was introduced into King County primarily
from WA). Additionally, we saw that North King County has a larger proportion of viral
introductions coming from outside WA, while the majority of introductions into South King

County come from within the state.

We then employed phylodynamic inference methods on the identified outbreak clusters
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Figure 3.2: Descriptive Epidemiology of SARS-CoV-2 Epidemic in King County, WA (A, B) Con-
firmed positive cases (A) and hospitalizations (B) per 100,000 individuals of SARS-CoV-2 in King
County by Public Use Microdata Area (PUMA) averaged for each of the six waves of the epidemic
up until March 2022. Dark borders denote geographical boundaries between North and South King
County (C, D) Daily positive cases and hospitalizations of SARS-CoV-2 from February 2020 to
March 2022 by region of King County smoothed with a 14 day rolling average. Blue denotes North
King County; Orange denotes South King County. Gray shaded regions above each figure show
the time periods during which ancestral virus, Alpha, Delta, and Omicron respectively represented
greater than 30% of sequenced case. Geojsons for King County PUMASs were made using shapefiles
from the US Census Bureau [I50] and can be found here: https://github.com/seattleflu/seattle-

geojson/tree/master/seattle_geojsons
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Figure 3.3: Representative SARS-CoV-2 Clusters by Region in King County. We combined more
than 11,500 SARS-CoV-2 genomes from King County with more than 45,000 contextual sequences
from around the world and built a time-resolved phylogeny. King County outbreak clusters were
then extracted using a parsimony based clustering approach. We inferred geographic transmission
history between each region using MASCOT-GLM. Here, we display the number of clusters over
time by King County Region (A), the frequency of cluster size by region on a linear (B left) and log
(B right) scale (up to a cluster size of 10. Larger clusters exist but were excluded from the graph
for clarity), and the maximum clade credibility tree of all clusters with five or more sequences (C)
where color represents posterior probability of being in South King County. The x-axis represents
the collection date (for tips) or the inferred time to the most recent common ancestor (for internal
nodes). Blue denotes North King County, Orange denotes South King County.
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to analyze SARS-CoV-2 spread in the county. Following subsampling, we used a MASCOT-
GLM approach with relevant predictors on a random subsample of 3000 sequences from our
dataset of local outbreak clusters to reconstruct SARS-CoV-2 transmission dynamics (Supp.
Fig. |B.3). Phylodynamic estimates of the effective population size (N.) of the virus in both
King County regions over time mirror patterns seen in both confirmed COVID-19 hospital-
izations and cases: while the Ne in North King County is initially greater until the end of
March 2020, following WA stay-at-home orders, we find a consistently greater Ne in South
King County throughout the study period (Fig. [3.41A). We also find that hospitalizations
one week in the future was the most informative predictor for effective population size in
our model (Fig|[3.4B), while the migration rate predictors were not significantly informative

(Fig[3.4[C).

We next analyzed the posterior set of phylogenies produced by the MASCOT-GLM anal-
ysis to understand viral circulation within and between the two regions. Given the higher
estimated Ne in South King County, we quantified the average persistence time of viral
transmission chains in each region (Fig , see Methods). While the average monthly per-
sistence time remained relatively equal between the two regions during the early stages of the
epidemic, following May 2020 up until 2022, we see that transmission chains in South King
County consistently have significantly higher persistence times than in North King County,
with the mean local transmission length averaged over the entire time period of 21.5 days
in South King County and 13.5 days in North King County. We see an increase in average
persistence times in both regions during large waves of COVID-19 cases attributable to the
introduction of a new variant with a transmissibility advantage (such as in late 2020- early
2021 with the introduction of Alpha) and the relaxation of stay-at-home order, with South

King County consistently having longer persistence times.

To understand if these longer transmission chains in South King County could be due to a

higher number of viral introductions from outside the county, we reconstructed the ancestral
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Figure 3.4: Phylodynamic Analysis via MASCOT-GLM (A)Estimates of effective population sizes
from Feb 2020 to March 2022 in North (blue) and South (orange) King County using 3000 randomly
subsampled sequences. The inner band denotes the 50% highest posterior density (HPD) interva,l
and the outer band denotes the 95% HPD interval. Vertical gray lines denote dates of non-
pharmaceutical interventions in Washington State. (B) Estimates of model predictor coefficients
for Ne estimation and (C) for migration rate estimation. All of the predictors displayed on the
x-axis were included in the analytic model. Dark line represents median estimates, light bands
represent 95% HPD. Gray shaded regions above each figure show the time periods during which
ancestral virus, Alpha, Delta, and Omicron, respectively represented greater than 30% of sequenced
case

states of each a priori defined King County transmission cluster to quantify the relative

number of introductions into each region (Fig|3.5B). While greater than 50% of introductions
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prior to May 2020 were into South King County, the majority of the time period studied was
characterized by a greater relative proportion of introductions from outside into North King

County.

These fine scale phylodynamic analyses also allow us to investigate the interplay between
local regions. Introductions from outside regions have been shown to play a driving force
in maintaining local outbreaks [115] but often these introductions are focused on interstate
or international travel. Here we quantify the interplay between two inner-county regions,
examining the number of transmission events that occur between North and South King
County (Fig[3.5C). By quantifying the number of migration jumps between the two regions,
we see a clear pattern emerge in which prior to June 2020 when WA lifted emergency stay
at home orders, there was little difference in the number of transmission events between
regions. Following the elimination of the stay-at-home orders however, transmission events
become asymmetrical, where we consistently see disproportionally more transmission from
South King County to North King County than in the opposite direction, with the largest

differences occurring in the beginning months of 2021.

Given the higher number of introductions into North King County but the larger Ne and
longer transmission chain length in South King County, we sought to estimate the relative
contribution of introductions versus local community spread in driving the epidemic in both
King County regions. To do so, we calculated the percentage of new cases from introductions
in each region using the estimated changes in Ne over time as well as the estimated rates of
introduction both from outside King County and from the neighboring inner-county region.
We estimated a relatively higher percentage of cases due to introductions in South vs North
King County prior to emergency stay-at-home order in WA on March 23, 2020 (Fig[3.6]A).
Following the stay-at-home order, the pattern switched and was largely constant throughout
the epidemic, with North King County averaging about 35% of new cases from introductions

versus local spread while only about an average of 25% of new cases were estimated to be
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Figure 3.5: Within and Inter-Regional Dynamics in King County inferred from pathogen genomes
and relevant covariates A. Persistence time (in days) of local transmission chains over time in both
regions of King County. Accompanying graph showing persistence times averaged over the entire
time period for both regions with error bars denoting 95% CIs. B. Inferred reconstruction of
ancestral state for each transmission cluster over time. Blue denotes initial introduction in North
King County and orange denotes initial introduction in South King County. Average values are
normalized to 100% over time. The Accompanying graph showing inferred introductions averaged
over the entire time period for both regions with error bars denoting 95% CIs. C. Number of
migration events from North to South King County (purple) and from South to North King County
(green) over time. Bands denote 95% CI. The accompanying figure shows the number of migration
events between the two regions averaged over the entire time period with error bars denoting 95%
ClIs. Gray shaded regions above each figure show the time periods during which ancestral virus,
Alpha, Delta, and Omicron respectively represented greater than 30% of sequenced cases.
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from introductions in South King County. To further support this estimate, we calculated
the percentage of visits to POIs in North and South King County for devices having an
outside home location using SafeGraph mobility data. We find similar estimates ranging

from about 25%-40% throughout time (Fig. [3.6A, black lines).
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Figure 3.6: Phylodynamic estimates of the differential impact of introductions and local spread on
transmission dynamics of SARS-CoV-2 by region in King County. (A) Percentages of new cases due
to introductions were estimated as the relative contribution of introductions to the overall number
of infections in the region. The inner area denotes the 50% HPD interval and the outer area denotes
the 95% HPD interval. Blue = North King County; Orange = South King County. Black lines
represent the same calculation using SafeGraph mobility data as parameter approximations. Solid
black line is for North King County; Dashed black line is for South King County. (B) Estimates of
local Rt highlighting the contribution of introductions from outside King County (red) and from the
neighboring King County region (gold) on local transmission in each King County region. Dashed
line denotes an Rt of 1. Estimates were smoothed using a 7 day rolling average. Estimates higher
than 1 suggest an exponentially growing epidemic. Gray shaded regions above each figure show
the time periods during which ancestral virus, Alpha, Delta, and Omicron respectively represented
greater than 30% of sequenced cases.
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To better compare transmission dynamics between the two regions, we next used the
effective population size dynamics to compute R;, the time-varying effective reproductive
number (Fig. B.6B, Supp. Fig. [B.4). Additionally, we also employed our estimates of the
percentage of new cases that are due to introductions to separate out the effects of local
transmission and introductions on R;. We find that the Rt for both regions closely follows
variant waves, with an Rt above 1, which implies increasing transmission, matching with
dates of increased case counts. Additionally, by separating out contributions into being from
local transmission, introductions from the neighboring King County region, or introductions
from outside King County, we find that local transmission is the main contributor to Rt in
both regions but that introductions have a differential impact. We see that introductions as
a whole play a much larger role in promoting and maintaining transmission in North King
County, with outside regions being the main contributor of introductions. In South King
County, Rt is more driven by local within-region spread, with introductions from North King

County being more influential than introductions from outside the county.

Phylodynamic estimates of epidemic dynamics were similar regardless of subsampling

strategy used (Supp. Figs [B.6).

3.5 Discussion

The surge of whole genome sequencing has enabled large-scale investigation into key COVID-
19 epidemiological dynamics. Yet, genomic epidemiology can also be employed to analyze
transmission patterns at a local scale to aid in policy making and intervention evaluation.
Here, we examined fine-scale SARS-CoV-2 transmission dynamics at a sub-county level for
King County, WA, a large metropolitan area with a demographically diverse population.
We used novel phylodynamic methods to reconstruct the epidemic in King County from
January 2020 to March 2022 and examine within-region dynamics and their interplay from

pre-identified local outbreak clusters. We divide King County into North and South, informed
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by the clear differences in outcomes (cases and hospitalizations) at the PUMA level, in which
South King County has been disproportionately affected despite having a smaller population
size (673,548 in South versus 1,400,211 in North King County in 2020 [I]). We estimated that
for the majority of the time period studied, introductions accounted for a larger percentage
of new cases in North than in South King County (Fig . While a higher proportion of
introductions among new cases can be attributed to either a higher rate of introduction or
a lower local transmission rate, we find evidence of a greater number of viral introductions
into North King County over time, from both outside and within the county, but longer
chains of local transmission in South King County (Fig|3.5). Together, our data suggest a
larger impact of introductions in North King County and a larger role of local community
spread in South King County in driving the respective regional epidemics. This conclusion is
supported via our Rt estimates, or the time-varying estimate of secondary infections, which
show that outside introductions play a significant role in transmission in North King County
while local spread is more contributory in South King County (Fig . Importantly, cases
being driven by a higher percentage of introductions can be due to either an increase in

introductions from outside, a decrease in local spread, or a combination of both.

Given the smaller population size in South King County, one potential explanation for
higher local spread in that region is reduced access to social and economic capital and health
care resources needed to curb community transmission. Previous studies looking at SARS-
CoV-2 test positivity in King County at a census tract level have found that a higher test
positivity was associated with various socioeconomic indicators including lower educational
attainment, higher rates of poverty, and high transportation costs [141] [75]. Additionally,
they found that communities with a higher proportion of people of color, which are more
likely to be located in South King County, were also associated with higher test positivity
in 2020. Hansen et al. [75], specifically found that having a place of residence in South
King County was associated with SARS-CoV-2 test positivity. The stark contrast in health
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outcomes between North and South King County has been previously attributed to historical
redlining and systemic racism, whereby decades of racial segregation prevented communities
of color from residing in northern areas of Seattle and were forced into the south into present

day South King County [24, [4].

The associations between test positivity and socioeconomic status are not a unique King
County phenomenon; they have been found in various metropolitan areas around the US
[145, [83]. Similarly, a previous study that used phylodynamics to analyze differences in
SARS-CoV-2 spread in two Wisconsin counties found that the county with the highest basic
reproductive number, an approximate measure of local spread in a naive population, was
also the county with the higher proportion of people in poverty and lower access to health
as well as with the highest proportion of communities of color, which mimics the transmis-
sion dynamics and demographic differences seen at a within-county level in King County
[108]. While we are unable to ascribe causality, our work adds to the growing body of lit-
erature showing a correlation between geographic differences in SARS-CoV-2 transmission
and socioeconomic inequities potentially related to the ability to reduce mobility following

non-pharmaceutical interventions.

Our results are not without limitations. Whole genome sequencing in WA is conditional
on laboratory-confirmed testing in which sample quality must meet minimum requirements
in terms of PCR cycle threshold, potentially biasing our dataset towards more symptomatic
cases, although previous studies have found no significant difference in viral load between
symptomatic and asymptomatic individuals [85] [89, [134]. Additionally, the changing avail-
ability of genomic sequencing, as well as of at-home testing, is impacting the chance a case
shows up in our data through the period studied (see Figure [3.4p). In order to limit the
impact of the increased use of at-home antigen testing, we limited our analysis to only in-
clude sequences from before April 2022. Multiple subsampling strategies were considered

and implemented in an effort to account for this variation (Supp. Figs 5, 6).
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Our phylodynamic analyses are conditioned on inferred King County sequence clusters
that are found through the incorporation of contextual sequences from around the world
into a temporally-resolved phylogeny. As such, it is possible that differential sampling from
other locations could impact our identified clusters. Limited SARS-CoV-2 sequence diversity,
especially during periods of rapid transmission, could impact our ability to break up larger
clusters [107], which might lead to collapsing multiple introductions into King County into
shared clusters. Prior studies have used GLM approaches to ameliorate this bias [93], similar
to our use of MASCOT-GLM. Optimally, we would like to avoid having to a priori define local
outbreak clusters entirely by, for example, explicitly accounting for locations outside of King
County in the model. This is currently not possible due to the additional computational cost
of explicitly considering an outside deme. Additionally, Bayesian coalescent models assume
random sampling of infected individuals, meaning that targeted sampling, such as super
spreader events or contact tracing, could bias our phylodynamic estimations. Such sampling
from outbreak analyses may also not be constant through time, complicating Ne inferences.
Lastly, our Rt calculations assume that the change in Ne over time is proportional to the

change in the number of infected individuals over time.

The transmission dynamics of the SARS-CoV-2 pandemic have been highly heterogeneous
across countries. Here we show that even different areas of the same metropolitan region
can have different trajectories. Changes in incidence throughout the course of an epidemic
can be driven by changes in local transmission, importations, or both. Common methods
to estimate incidence and changes in incidence via Rt often ignore or are unable to quantify
these differences [31], [32], leading to situations where local health departments have limited
information with which to tackle growing case counts. Our local scale genomic epidemiology
approach can reveal these differences by quantifying the contribution of importations and
local transmission on Rt (Fig 6B) through the joint integration of genomic and epidemio-

logical information. Quantifying changes and differences in contribution to incidence can
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directly lead to tailored interventions. For example, in an area where incidence is driven
mostly by outside viral introductions, interventions could focus on limiting their impact by
implementing testing at the airport or quarantine for recent travelers. Meanwhile, ramping
up testing, vaccination, and masking as well as providing medical and economic aid to pro-
mote quarantine and isolation without furthering income inequities could be more impactful

for areas where local community transmission is the main driver of epidemic growth.

3.6 DMethods

3.6.1 Fxperimental Design and Data Sources

For this retrospective phylodynamic study, we aimed to understand local SARS-CoV-2 trans-
mission dynamics in a diverse, metropolitan county. We analyzed 11,602 whole genome
SARS-CoV-2 sequences from King County, WA and 69,588 genome sequences from around
the world downloaded from GISAID [143] with sample collection dates between February 1
2020 and March 6 2022. In order to analyze local scale phylodynamics, ZIP code information
for our primary dataset from King County was obtained from the Washington State Depart-
ment of Health (WADOH) on March 22, 2022. 7289 (62%) of genomes from King County
were sequenced by UW Virology and 2631 (22%) of genomes from King County were se-
quenced by Seattle Flu Study / Brotman Baty Institute for Precision Medicine. Three other
laboratories (Altius, CDC and WA PHL) sequenced the remaining 1,917 (16%) of genomes
collectively.

Time series of zip code-aggregated cases and hospitalizations were found on WADOH
and Public Health Seattle King County’s (PHSKC) Covid Data Dashboard [2]. Publicly
available demographic information by ZIP code was obtained through the U.S. Census Bu-
reau’s American Community Survey (ACS). This study utilized both ACS 2015-2019 (5-Year
Estimates) and ACS 2020 [1].

Additionally, we obtained mobile device location data from SafeGraph (https://safegraph.com/),
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a data company that aggregates anonymized location data from 40 million devices, or ap-
proximately 10% of the United States population, to measure foot traffic to over 6 million
physical places (points of interest) in the US [81]. We estimated population mobility within
and between North and South King County and the in-flow of visitors residing outside of King
County from January 2019 to March 2022, using SafeGraph’s “Weekly Patterns” dataset,
which provides weekly counts for the total number of unique devices visiting a point of in-
terest (POI) from a particular home location. Points of interest (POls) are fixed locations,
such as businesses or attractions. A “visit” indicates that a device entered a building or
the spatial perimeter designated as a POIL. A “home location” of a device is defined as its

common nighttime (18:00-7:00) census block group (CBG) for the past 6 consecutive weeks.

3.6.2  Geographic Scales

To understand local-scale dynamics, most of this study was focused on geographic scales
finer than the county level. We divided King County into both Public Use Microdata Ar-
eas (PUMASs), which are non-overlapping, statistical geographic areas containing no fewer
than 100,000 people each, and general regions, North and South. Information as to how
we aggregate ZIP codes into PUMAs and PUMAs into North and South can be found in
Supplementary Table 1.

3.6.3  Maximum likelihood tree generation

A temporally-resolve phylogeny was created using the Nextstrain (13) SARS-CoV-2 work-
flow (https://github.com/nextstrain/ncov), which aligns sequences against the Wuhan Hu-
1 reference using nextalign (https://github.com/nextstrain/nextclade), infers a maximum-
likelihood phylogeny using IQ-TREE [105] with a GTR nucleotide substitution model, and
estimates molecular clock branch lengths using TreeTime [139]. All sequences were down-

loaded from the GISAID EpiCoV database on May 26 2022 [143].


https://www.zotero.org/google-docs/?4OjV6c
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In order to capture the SARS-CoV-2 epidemic in King County with high resolution
and computational efficiency, we created four separate temporally resolved phylogenies that
span from February 2020 to March 2022. To do so, we created specific phylogenies for
Omicron (Nextstrain clades 21K, 21L, 21M comprising 2856 King County Sequences and
18,817 contextual sequences from around the world), Delta (Nextstrain clades 21A, 211, 21J
comprising 2955 King County Sequences and 19,197 contextual sequences from around the
world), Alpha (Nextstrain clade 20I comprising 2941 King County Sequences and 15,406
contextual sequences from around the world), and all other SARS-CoV-2 lineages (2850
King County Sequences, 16,168 contextual sequences from around the world). These builds
provided higher resolution during epidemic waves while also being mutually exclusive to

sequences found in the alternative builds.

Contextual sequences are needed in order to investigate how King County samples re-
late to regional and global viral diversity, and to identify local outbreak clusters specific to
King County. Given that cluster identification is conditional on the number of background
sequences that interdigitate large clades on the phylogeny, we attempted to maximize the
number of contextual sequences within the bounds of reasonable computational efficiency.
We prioritized sequences from WA and North America in order to optimize regional context.
For each variant, we specified contextual data sampling to include up to 10,000 genomes per
time-period from WA, sampled from all counties and months, up to 7000 genomes per month
from other US states, and up to 5000 genomes per month from the rest of the world. In
each variant-specific phylogeny, contextual sequences comprise 83-86% of the total number
of sequences. While we expect the number of the clusters to increase with an increasing
number of contextual sequences, prior work has shown that changes in the proportion of
background sequences that make up the analytical dataset above a proportion of 50% have a
limited impact on the number of clusters identified and mean cluster size (Fig. S13 in [114]),

and downstream phylodynamic analyses.
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Phylogeographic reconstruction of spread around King County was conducted using the
same Nextstrain workflow via ancestral trait reconstruction of PUMAs and North and South
region geographic attributes. Metadata on ZIP code, PUMA, and region was manually
added to the GISAID metadata using the ZIP code information obtained from WADOH as

described above.

3.6.4 Clustering

To identify local outbreak groups in King County, we clustered all King County sequences
based on inferred internal node location. Following Miiller et al [114], we used a parsimony-
based approach to reconstruct the locations of internal nodes. Briefly, using the Fitch par-
simony algorithm, we inferred internal node locations by considering only two sequence
locations: King County and then anywhere else. We then identified local outbreak clusters
by selecting groups of sequences in which all their ancestral nodes were inferred to be from

King County, up until there was a change in location.

After identifying relevant King County clusters from each of the four variant Nextstrain

builds, we then annotated the clusters in a combined dataset.

3.6.5 Subsampling

To reduce computation times in subsequent MCMC analyses, we utilized three different sub-
sampling schemes. Three thousand sequences from King County, WA from identified clusters
were chosen either at random, through equal temporal subsampling for every year-week in the
studied time period, or via weighted subsampling informed by daily hospitalization counts
smoothed using a 14-day rolling average. The random subsampling scheme with 3000 se-
quences was chosen for the main result as it allowed for better resolution during variant

waves.
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3.6.6 MASCOT GLM on multiple local outbreak clusters

To analyze the transmission dynamics within and between South and North King County,
we used an adapted version of MASCOT [I12] on the 3000 subsampled King County clusters
and sequences. MASCOT is an approximate structured coalescent approach [I13] that mod-
els how lineages coalesce (share a common ancestor) within the same locations or migrate
between them. In order to distinguish between local transmission and transmission occur-
ring outside of King County, we extended MASCOT to jointly infer coalescent and migration
rates from local outbreak clusters [114]. In short, we model the transmission dynamics in
King County as a structured coalescent model. We then model the introduction of lineages
into King County (independent of whether it is North or South King County) as a backwards
in time process of lineages having originated from outside King County. This backwards in
time process is assumed to be independent of the transmission dynamics in King County
and occurs at a rate given by the introduction rate [I14]. The rate of introduction that is

estimated as part of the MCMC is allowed to vary over time.

We used generalized log-linear models [ITI] to estimate whether COVID-19 hospital-
izations, cases, seroprevalence, NPIs, and mobility are predictive of SARS-CoV-2 effective
population sizes and migration rates over time. The model included error terms to account
for observation noise and omitted predictor variables. We implemented a MASCOT-GLM
[T11] analysis on King County transmission clusters with BEAST2 [23] software, allowing
the effective population sizes and the rates of introduction to change every day and every
14 days, respectively. We performed effective population size and migration rate inference
using an adaptive multivariate Gaussian operator [12] and ran the analyses using an adaptive

Metropolis-coupled MCMC [110].
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3.6.7 Empirical Predictors

We chose several predictors to inform estimates of the migration and effective population
size of SARS-CoV-2 in King County regions. To inform the effective population size, we
used daily COVID hospitalizations (lagged 1-3 weeks), daily confirmed SARS-CoV-2 cases,
and percent immunity against SARS-CoV-2 in Western Washington.

Percent immunity for Western Washington was found via the Nationwide COVID-19
Infection- and Vaccination-Induced Antibody Seroprevalence from the Centers for Disease
Control (CDC) (39). To include daily values, the monthly seroprevalence surveys estimates
were plotted, fit to a spline and daily percent immunity values based on the fitted spline

were extrapolated for the time period studied to include as a predictor.

We also used dates of non-pharmaceutical interventions (NPIs) in WA and between-region
mobility to inform migration rates between North and South King County. Dates of NPIs
were found as part of the COVID-19 US State Policy Database [135]. NPIs included are
start and end of emergency stay at home orders as well as closing and reopening of bars
and restaurants. We chose not to include the opening and closing of public schools due to a
high degree of overlap with the NPIs already included. Washington State closed down public
schools on March 16th, 2020, which was only a week before the statewide shelter in place
was issued on March 23rd, 2020. Similarly, public schools returned to in-person instruction
on April 5th, 2021, which is near to the date of restaurant reopening at the end of February
2021.

To measure movement between North and South King County, we extracted the home
CBG of devices visiting either North or South points of interest (POIs) and limited our
dataset to devices with home locations in South King County visiting North King County
POlIs, or vice versa, and to POIs that had been recorded in SafeGraph’s dataset since January
2019. For each POI in each week, we excluded home census block groups with fewer than

five visitors to that POI. To adjust for variation in SafeGraph’s panel size over time, we


https://www.zotero.org/google-docs/?MUWY3N
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divided Washington’s census population size by the number of devices in SafeGraph’s panel
with home locations in Washington state each month and multiplied the number of weekly
visitors by that value. To estimate the total number of wvisits from each home CBG each
week, we multiplied the number of weekly visitors by the total number of visits divided by
the total number of unique visitors in Washington state each week. For each direction of
movement, we summed these adjusted weekly visits across POIs and measured the percent
change in movement from North to South or South to North over time relative to the average

movement observed in all of 2019.

3.6.8 Posterior processing

Parameter traces were visually evaluated for convergence using Tracer (v1.7.1) [136], and
10% burn-in was applied for all phylodynamic analyses. All tree plotting was performed with
baltic (https://github.com/evogytis/baltic) and data visualizations were done using Altair
[151]. We summarized trees as maximum clade credibility trees using TreeAnnotator and

visually inspected posterior tree distributions using IcyTree [152].

Transmission between regions was calculated by measuring the number of migration
jumps from North to South King County and vice versa walking from tips to root in the
posterior set of trees. In order to account for unequal sampling between the two regions, the
rate of migration was estimated as the total number of migration jumps per month in each

region divided by the average branch lengths for that region for the same month.

Persistence time was measured by calculating the average number of days for a tip to
leave its sampled location (North vs South), walking backwards up the phylogeny from the

tip up until node location was different from tip location (following Bedford et al. [16].
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3.6.9 Estimating percentage of new cases due to introductions

We estimated the percentage of new cases due to introductions for both North and South
King County by adapting the methods previously described in Miiller et al [IT4]. The
percentage of cases due to introductions at time ¢ can be calculated by dividing the number
of introductions at time ¢ by the total number of new cases at time ¢t. We first represented
the total number of new cases in a region as the sum of the number of introductions and the

number of new local infections due to local transmission, resulting in the following equation:

B # of introductions(t)
4 of new local cases(t) + # of introductions

m(t)

We estimated the number of new local cases at time ¢ by assuming the local epidemic in
each King County region follows a simple transmission model, in which we estimate the
number of new cases at time t as the product of the transmission rate (new infections per
day per individual) multiplied by the number of people already infected in that region I.
For the number of introductions, we similarly assumed that the number of introductions
equals the product of the rate of introduction (introductions per day, which we refer to
as migration rate m) and the number of people already infected in that region I. We use
the number of infected individuals in the destination region rather than the origin region for
calculating the number of introductions since the approximate structured coalescent approach
models epidemic processes as backwards-in-time, resulting in the equation containing only
information about the number of infected individuals in the destination region. We then
rewrote the above equation as
m(t)I(t)
BOIE) +m(t)I()

where I(t) denotes the number of infected people in that region at time . Given the presence

m(t) =

of I(t) in every element, we factored out I(t) to arrive at

m(t)

™0 = 56+ m()
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For each region in King County, we considered introductions at time ¢ to be the sum of
the introductions coming into the region from outside of King County and introductions
coming from the neighboring King County region. Splitting up the introductions by source
of contribution, we ultimately defined the percentage of new cases due to introductions at

time ¢t for region y as
mlz’y(t) + Mot (t)

B(t) +mb,(t) + Mout(t)

(t) denotes the backwards migration rate per day from the neighboring King

m(t) =

b

where m;,

County region z into region y, and my, refers to the migration rate per day into region y
from outside of King County.
In a transmission modeling framework, the transmission rate is equal to the sum of the

growth rate r and the per-day uninfectious rate where
B=r+0d

To compute the growth rate in region y, we assume that differences in effective population size

d(log(Ney))

dt ~T

between adjacent time intervals can approximate the growth rate r and thus

(log(Ne))

. In addition, we assumed that d o is independent from the rate of introduction. We

calculated the growth rate of the effective population size as

d(log(Ney)) _ log(Ne(t + At)) — log(Ne(t))
dt At

where Ne(t) denotes the effective population size of a region at time t. We ran our MASCOT-
GLM analysis using daily time intervals but calculated Ne using a rolling weekly average in
order to smooth our estimates.

By also assuming an expected time until becoming uninfectious for each individual of 7
days [51], we calculated the transmission rate at time ¢ in region y as

d(log(Ne))

Bi(t) = ==L 45
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The rate of introduction per day from outside of King County m,,(t) into a King County
region y is a parameter that was directly inferred by MASCOT-GLM for each daily time
interval by modeling everything outside of King County as a separate third deme.

To compute the backwards migration rate, we first calculate the forward-in-time varying
migration rate mgz(t) for region y into region z over a linear combination of ¢ different

predictors:

mgz(t) —= /86(25:1 wio—ipi(t))

where the forward migration rate m/(t) is computed via MASCOT-GLM coefficients w?,
indicators i, log-standardized predictor values p* for predictor i and the respective error
parameter e. The variable S outside the summation refers to the overall migration rate
scaler while, w’ refers to the migration rate scalar for each of the individual ¢ predictors.

From the forward-in-time migration rate m{jz(t), we can then calculate the backwards-

in-time migration rate from state z to state y, mgy (t), as the product of the ratio of effective

Ney(t)
Ne(t)

population sizes and the calculated forward migration rates:

() = et hm )

Where Ne,(t) refers to the effective population size in region y at time ¢ and Ne,(t) refers
to the effective population size in the neighboring King County region z at time t.

In addition to the calculation of percentage of new cases due to introductions, we repeated
the above calculation using only SafeGraph mobility data. We used the in-flow of visitors
from outside of King County and movement between each region of King County as approxi-
mations for the number of introductions and within-region mobility as an approximation for
the transmission rate, following the same equation presented above. When estimating in-
flows from outside King County and within-region movement, we applied the same filtering

and normalization methods used when estimating between-region movement.
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3.6.10 FEstimating the effective reproductive number Rt

We calculated the effective reproductive number Rt , the time-varying average of secondary
infections, in both regions, using both the daily time-varying transmission rate and the
becoming uninfectious rate where Rt = % . Additionally, we sought to separate out the
contributions of introductions versus local transmission to the Rt; of each region. To do so,

we modified the Rt equation to include the percent of new cases from introductions as an

estimate of local community spread only:

Al —m)
5

where refers to the percentage of new cases due to introductions as described above.

Rt =

To estimate the contribution of introductions from outside of King County separately from
that of the neighboring King County region, we calculated Rt using the above equation and
the percent of cases from introductions as previously described but omitting introductions
from outside King County. Briefly:

My (t)

B(t) +my.(t)

where 7,,(t) refers to the percentage of cases in region z due to introductions from region y

Ty (t) =

into region z at time ¢, and m,, refers to the per-day migration rate from region y to z as

derived above.

3.6.11 Data Availability

Nextstrain builds, BEAST XMLS, scripts, sequence information, and de-identified data can
be found at https://github.com/blab/ncov-king-county.
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Chapter 4

UNDERDETECTED DISPERSAL AND EXTENSIVE LOCAL
TRANSMISSION DROVE THE 2022 MPOX EPIDEMIC

This work was originally published in Cell [122]
4.1 Abstract:

The World Health Organization declared mpox a public health emergency of international
concern in July 2022. To investigate global mpox transmission and population-level changes
associated with controlling spread, we built phylogeographic and phylodynamic models to
analyze MPXV genomes from five global regions together with air traffic and epidemiolog-
ical data. Our models reveal community transmission prior to detection, changes in case-
reporting throughout the epidemic, and a large degree of transmission heterogeneity. We
find that viral introductions played a limited role in prolonging spread after initial dissemi-
nation, suggesting that travel bans would have had only a minor impact. We find that mpox
transmission in North America began declining before more than 10% of high-risk individ-
uals in the USA had vaccine-induced immunity. Our findings highlight the importance of
broader routine specimen screening surveillance for emerging infectious diseases and of joint

integration of genomic and epidemiological information for early outbreak control.
4.2 Introduction

Mpox is a viral zoonotic disease caused by the mpox virus (MPXV), previously referred to
as monkeypox virus, that is endemic to West and Central Africa [77, 08]. Prior to 2022,

most cases of mpox outside of endemic regions occurred in individuals with either a recent
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travel history to Nigeria or with an exposure to live animals from endemic areas. On May 7,
2022, an individual with a travel history to Nigeria was diagnosed with mpox in the United
Kingdom (UK) [146]. Following this initial detection, the number of mpox cases without
a travel history to endemic countries began to increase rapidly in various regions around
the globe consistent with epidemic human-to-human spread [146]. As of July 19, 2023, the
Centers for Disease Control and Prevention (CDC) reported 88,549 cases of mpox worldwide

since Jan 2022 [29].

The 2022 mpox epidemic was characterized by human-to-human spread outside of en-
demic areas, mostly in men who have sex with men (MSM) [98], 146], 130]. The long incuba-
tion period of 5-21 days [146, [73], as well as the atypical and less severe illness presentation
suggests that mpox may have spread undetected prior to initial case discovery. Presymp-
tomatic transmission of mpox has also been documented, suggesting that the epidemic was

at least partially fueled by transmission occurring prior to symptom onset [35, 56|, [72].

The WHO declared mpox to be a public health emergency of international concern on
July 23, 2022, promoting investigations into disease spread, the use of vaccines to control
transmission, and potential guidelines for international travel [5]. Individual countries began
vaccination efforts in an attempt to curb mpox spread but have been criticized for long delays
in starting effective vaccination campaigns in high-risk areas [64]. To date, it is still unclear
to what extent continued international travel contributed to the explosive spread of mpox
in various global regions and whether or not national vaccination campaigns were wholly

responsible for controlling the epidemic.

Genomic epidemiology is uniquely poised to explore global and regional transmission
dynamics through the joint integration of viral genomic information and epidemiological
metadata. This approach augments traditional public health surveillance, especially when
case-based surveillance is limited [I55]. While a few studies have looked into the regional

spread of mpox at various stages of the 2022 epidemic [125], 59, [61) 80], most relied on very
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few pathogen genomes. Overall, the extent of undetected mpox spread and the effectiveness
of proposed interventions have yet to be examined. Here we employ recent advances in
phylogeographic and phylodynamic methods to estimate changes in case detection rate, the
impact of underdetection on transmission, and the role of introductions in promoting local
community spread in various global regions. We also examine the impact of vaccination
campaigns on epidemic growth and decay in North America as well as estimate the degree

of transmission heterogeneity in the declining phase of the epidemic.

4.3 Results

4.3.1 FEarly mpox spread in Western Europe sparks prolonged outbreaks in Southern Europe,

North America and South America

Following initial detection in the UK on May 7, 2022, the number of mpox cases reported
worldwide grew rapidly (Figure . In early May, reported cases were found mainly in
Western and Southern, and then Central, Europe where the epidemic peaked around mid-
July (Figures [4.1]A, B). Beginning in mid-May, however, cases began to be reported in
North America, which ultimately led to the largest number of reported cases of any global
region studied, peaking at the beginning of August. Around the same time as the North
American peak, cases were detected and started rising in South America, which substantially
contributed to the later tail of the 2022 mpox epidemic. Similarly, the number of sequences
collected increased as more cases were detected, with heterogeneity between regions and
North America (primarily the US) submitting the largest number of sequences to GenBank.
(Figures [4.1C, D).

To investigate the spread of mpox throughout the course of the epidemic across global
regions, we employed a phylogeographic approach with an asymmetrical discrete trait model
on 1004 publicly available MPXV sequences subsampled based on confirmed case counts

(Figure , Figure ) in order to infer the global region of origin for all internal ancestral
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Figure 4.1: Case counts and publicly available sequences by geographic region(A, B) Confirmed
positive weekly mpox cases by country (A) and global region (B) smoothed using a 7 day rolling
average on daily data and then aggregating into weekly counts. Only countries with greater than 5
sequences on GenBank were included. (C, D) Monthly count of publicly-available MPXV genomes
found on GenBank by country (C) and global region (D).

nodes. We chose a case count weighted subsampling scheme since discrete trait analysis
assumes that sample sizes across subpopulations are proportional to their relative population
prevalence [101]. Due to the low number of recorded cases in Central Europe, no sequences
from that region were included in the final subset (Figure[C.1[B). We infer that the most recent
common ancestor (MRCA) of the epidemic existed between March 9th and March 27th, 2022
(95% HPD) and phylogeographic estimation assigns this ancestor to Western Europe. We
infer the evolutionary clock rate to be 8.41 x 10-5 (95% HPD 7.71 x 10-5 to 9.10 x 10-5)

substitutions per site per year or approximately 16.8 substitutions per genome per year.
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Figure 4.2: Phylogeographical estimates of MPXV spread in 4 global regions. (A) The maximum
clade credibility tree summary of the Bayesian inference conducted using asymmetric discrete trait
analysis and Skygrid prior on 1004 sequences. Colors correspond to the regions in the legend. An-
cestral nodes with greater than 50% posterior support are highlighted with a white circle overlaid.
Inset histogram on bottom left corner shows 95% interval for the time to most recent common
ancestor (TMRCA)(B-D) Estimated number of introductions (B), exports (C), and average time
of local persistence in days (D) for each global region. Horizontal black line denotes median esti-
mates.
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Alternative phylodynamic models place the MRCA in November or December 2021, but
show similar estimates of clock rate (Table [C.2).

We observe strong population structure where single introductions often result in large
local clades. These large local clades suggest that local spread played a considerable role
in their respective regional outbreaks. We find rapid early spread in Western Europe lead
to a high number of introductions to other global regions (46 introduction events, IQR: 41-
53), seeding regional outbreaks (Figure [1.2C). Our findings also show evidence of repeated
dissemination into North America and subsequent sustained community transmission as
North America had the highest median number of viral importations and longest median
viral persistence time (111 days, IQR: 108-114) (Figure 2B,D).

To test the appropriateness and accuracy of the phylogeographic inference, we repeated
the analysis in which 10% (100 tips in total) of the sequence locations were masked. We then
inferred these locations via the same phylogeographic approach and found that the model
correctly inferred 93% of the masked tip locations, suggesting a strong genomic signal (Figure
. Additionally, we also repeated our analysis using an equal spatiotemporal subsampling
scheme for every year-week in the studied time period as well as by subsampling directly
from each region rather than from individual countries and found highly similar estimates of

the MRCA and of patterns of introductions, exportations, and persistence regardless of the

subsampling scheme used (Figure |C.3))

4.3.2  Rapid early spread characterized by significant underdetection of cases

In order to analyze within-region transmission dynamics, improve robustness to sampling
bias, and enhance inference via the joint integration of genomic and epidemiological meta-
data, we then employed an approximate structured coalescent (MASCOT) with a generalized
linear model (GLM) approach with estimated prevalence and air passenger data as empirical

predictors on 587 sequences in order to infer the effective population size and migration rates
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within and between each region, respectively (Figure ) We also included a predictor for
each month within the time period studied to account for potential changes in case detection
over time. The included sequences were subsampled with equal temporal weighting to in-
crease representation of undersampled regions such as Central Europe (Figure , C, see
Methods for more information). Despite the improved computational efficiency of MASCOT
over standard structured coalescent approaches [I12], parameter inference under MASCOT-
GLM is still computationally demanding compared to discrete trait analysis. For reference,
the runtime for our main DTA analysis with 1004 sequences was about 12.26 hours/million
states while for MASCOT-GLM with only 587 sequences it was about 16.45 hours/million
states. Using a minimum of 5 * 10" MCMC steps to promote convergence, these runtimes
translate to 25.5 days of computational demand for our main DTA analysis and 34.3 days
for our main MASCOT-GLM analysis. As such, we reduced the number of sequences to 587
for MASCOT-GLM to allow for inference within actionable timescales (Figure[C.1[C). Addi-
tionally, the MASCOT-GLM subsampling scheme is different from the subsampling for the
DTA analysis as the structured coalescent is more robust to differences in sampling across
regions and is subsequently informed by regional prevalence [I01], 88]. We used a GLM ap-
proach in order to draw inferential power from relevant predictors and reduce uncertainty
relative to inferences using the coalescent alone. After separating out each introduction and
its inferred descendents from the maximum clade credibility tree and comparing them to
confirmed case counts, we see strong evidence of viral circulation before initial detection
in each global region (Figure ) Additionally, we revealed that the largest downstream
outbreak clusters arise from introductions prior to detection from public health surveillance

while introductions after detection are more likely to be a single case and extinguish quickly

(Figure [C.4B).

We sought to investigate the extent of underdetection in each region by comparing the

MASCOT-GLM estimates of effective population size Ne (Figure [4.3B) with the prevalence
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estimated solely from case counts (Figure ), which we assume to approximate the census
population size. Of note, the MASCOT-GLM estimates are informed by prevalence as an
empirical predictor, allowing us to assume that differences between the coalescent-derived Ne
and case-based prevalence estimates could be due to differential case reporting. While both
estimates show regional peaks at similar points in time, we find a divergence between the two
estimates in the early months of the outbreak — May, June, July 2022 — where our coalescent-
derived Ne show continuous viral epidemic growth before case-based prevalence counts report
any cases detected by local public health authorities, suggesting significant underdetection
of cases in these months. This observation is supported by the estimated coefficients of the
monthly predictors that show the direction and magnitude of each predictor’s effect on the
inference of regional Ne. Figure shows that the predictors for the months of May,
June, and July 2022 had a strong positive effect on predicting regional Ne. By August
2022, however, when a substantial number of cases had been detected in all five regions,
we see that our model no longer finds the monthly predictors to be required, implying that
prevalence estimates are sufficient to describe Ne. The strong positive effect of the monthly
predictors from May through July, even in the presence of competing information from the
prevalence predictor, suggests significant underreporting of cases in these first few months.
For comparison with our predictor-informed MASCOT-GLM model, a strictly coalescent-
based model without predictors (Figure shows similar trends in Ne but displays a larger

degree of uncertainty, supporting the use of empirical predictors to inform our inference.

4.8.8  After initial dissemination, viral importations had limited impact on local spread

When analyzing transmission chains resulting from introductions (Figure [1.3A), we identi-
fied a bimodal pattern in each region, where most viral introductions resulted in a single
imported case while a very small number of introductions spark explosive and widespread

local transmission. Upon identifying the regional introductions with the highest posterior
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Figure 4.3: Phylodynamic investigation reveals underdetection of mpox. (A) Regional specific
introductions and the resulting outbreak clusters extracted from the maximum clade credibility
tree summary of the Bayesian inference conducted using MASCOT-GLM on 587 sequences. Colors
correspond to the regions in the legend. Ancestral nodes with greater than 50% posterior support
are highlighted with a white circle overlaid. (B) Estimates of effective population sizes (Ner in
years) from April 2022 through December 2024 using 550 sequences subsampled equally throughout
time. The coalescent time scale depends on both effective population size Ne (number of effective
individuals) and on generation time 7 (years per generation), resulting in Ner being a measure
of coalescent time scale in years [I7]. (C) Regional prevalence (in number of cases, interpreted as
census population size N) estimated independently using publicly-available case counts, and (D)
Estimates of model predictor coefficients for Ne estimation. All of the predictors displayed on the

x-axis were included in the analytic model. Dark line represents median estimates, light bands
represent 95% HPD.
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support in our MCC tree, we find that introductions that occurred early in the global out-
break lead to larger and more persistent transmission chains, while those introductions that
occurred after initial public health detection in each region resulted in smaller outbreaks that
extinguished faster (Figure , Figure ) The clear negative correlation between time
of introduction and persistence of downstream transmission chains remains even without
the influence of the two large transmission chains following the first two inferred introduc-
tions (Figure ) We also found that air passenger volumes between each global region
were a significant positive predictor of viral migration between each region, highlighting the

importance of regional connectivity in promoting international viral spread (Figure 4.4B).

We sought to estimate the relative contribution of introductions versus local community
spread in driving the epidemic in each global region via inferred parameters from MASCOT-
GLM. To quantify the impact of those introductions, we calculated the percentage of new
cases from introductions in each region using the estimated changes in Ne over time, the rate
of viral migration between regions, and the incubation and infectious periods distributions for
mpox. We found that introductions played a relatively small role in each regional epidemic,
with introductions resulting in an average of 1.5-10% of new cases over the time period
studied (Figure[4.4IC). We see the percentage of new cases due to viral introductions in North
and South America peaking at the start of their respective epidemics and then quickly drop
down once the epidemic begins to peak. This finding suggests that following the initial viral
seeding from importation events, local transmission dominates and that viral introductions
play a very limited role in the later stages of regional epidemics. We also see large variability
in the contribution of introductions on local spread during the later months which could be

driven by lack of genomic and case-based information at those time periods (Figure [1.4C).

To better understand transmission dynamics locally within each region, we computed
Rt, the time-varying effective reproductive number, using the estimated growth rate derived

from changes in effective population size (Figure [4.5)). We also employed our estimates of the



69

300
Central Europe
A ‘ —o— North America B
—e— South America
250 +— Southern Europe 2.0
—e— Western Europe
r=-0.69, p=5.2e-06 1 5
- i
® 8
2 200 2
s €10
)
@ 1]
g ; © 8
E o
o 150 05
@ \
E .‘
7]
2} (]
s @ °° 0.0 ,
e %0 e°
) 0\\5((\
e N
o &
3.2 )
50 00 <
°® ?,b%
° $
@ ,3 L AN w
hd N0 Predictor

()

Nov Dec 2022 Feb Mar Apr May Jun Jul Aug Sep Oct

Region
Central Europe
North America
25% | South America
Southern Europe
Western Europe

20%

15%-1

10%

/

/"‘—5— R

May'2022 ‘ July 2022 ' September 2022 November 2022 Januafy 2023

5%

Percent of new cases due to introductions

0%

Figure 4.4: Phylodynamic estimates of MPXV transmission dynamics in 5 global regions (A)
Relationship between estimated date of introduction and persistence time. Each circle represents
a single viral introduction with greater than 50% posterior support into the region denoted by the
color (i.e. a green point represents an introduction into Western Europe). The size of each point is
proportional to the size of the outbreak cluster resulting from each introduction with larger circles
representing more resulting downstream tips. Blue dashed line represents the linear best fit line
using Pearson’s correlation. Blue shaded region denotes the variability of the line and the resulting
estimates from Pearson’s correlation are shown in text above the shaded region. (B) Estimates of
model predictor coefficients for migration rate estimation. Error bars denote 95% HPD interval
for the magnitude of predictor coefficient (C) Percentages of new cases due to introductions were
estimated as the relative contribution of introductions to the overall number of infections in the
region. The inner area denotes the 50% HPD interval and the outer area denotes the 95% HPD
interval. Estimates were smoothed using a 14 day rolling average.
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Figure 4.5: Estimates of time-varying reproductive number (Rt) in five global regions. Estimates of
Rt from April 2022 through December 2023 via MASCOT-GLM using 587 sequences subsampled
equally throughout time. The inner area denotes the 50% HPD interval and the outer area denotes
the 95% HPD interval. Dashed line highlights an Rt value of 1 above which denotes an exponentially
growing viral epidemic. Estimates were smoothed using a 14 day rolling average.

percentage of new cases that are due to introductions to calculate Rt without the influence
of introductions (Figure ) Initially, we observe high Rt with viral establishment in each
respective region followed by a subsequent rapid decrease in which most regions achieve Rt
< 1 (signaling an declining epidemic) by September 2022. Initial Rt of 1.5-3 corresponds
to an epidemic doubling every 5.6-22.1 days. Removing the contribution of introductions,
however, has a very small effect on regional Rt, showing the limited impact of introductions

on local viral spread after initial regional establishment (Figure [C.6]A).

Additionally, we calculated Rt using only case counts (See Methods) to highlight the
impact of accounting for underreporting on Rt estimation (Figure |C.6B). Compared to our
phylodynamic estimates that take into account underreporting in the first months of the
epidemic, renewal based methods for Rt estimation from only case counts significantly over-

estimate the transmissibility of mpox for every region.
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4.8.4  US vaccine campaigns had limited impact on curbing the North American outbreak

Given that North America bore the highest burden of mpox cases throughout the epidemic,
we focused on this region to explore the role introductions had on prolonging the local
epidemic as well as the impact of mpox vaccination on Rt. We find that introductions
accounted for only an average of about 5-15% of local spread. By focusing on the declining
half of the North American epidemic (dates later than June 15, 2022), we additionally found
that preventing introductions following the initial seeding event would have caused the Rt
to fall below one only less than a week earlier (Figure ), highlighting the relatively low

importance of introductions.

When we overlaid North American Rt estimates alongside the cumulative percentage of
high-risk individuals in the USA with mpox vaccine-derived immunity (for description of the
data and definitions, see Methods, under Data Sources), we found that Rt began declining
prior to initiation of vaccination in the US (Figure ) Vaccine-induced immunity was
estimated via a two week lag since the date of vaccination. North American Rt estimates
fell below one near the middle of August 2022, when the cumulative percentage of high-
risk individuals with vaccine-derived immunity was less than 8%. Under an SIR model
of infectious disease dynamics, vaccine-derived immunity impacts disease transmission by
removing individuals from the susceptible population in a linear fashion. Before there was
any mpox vaccine-derived immunity in the US, North American Rt peaked at 1.49. Assuming
a linear decrease in Rt as cumulative vaccine-derived immunity increased, we would expect
Rt to fall below 1 only after greater than 33% of the high-risk population of the US developed
immunity against mpox (Figure , dashed gray line). When we compare the actual decay
of Rt in North America, we find that Rt falls below one before about 10% of the high risk
population developed immunity (Figure , blue scatter points and red spline), implying
that vaccination is not primarily responsible for the drop of Rt below 1. The decay of Rt

in North America before a substantial percentage of high-risk individuals developed vaccine-
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related immunity remains clear even when assuming for no lag or a one week lag after
vaccination for the development of immunity (Figure —D). Of note, we were only able to
publicly access vaccination information for the US via the CDC but our regional Rt analysis

for North America includes viral dynamics for both the US and Canada.
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Figure 4.6: North American MPXV local transmission dynamics. (A) North American Rt esti-
mated via phylodynamics (solid bands). Dashed orange line indicates the cumulative percentage
of high-risk individuals with vaccine-induced immunity in the US. (B) Scatter plot comparing
mean Rt calculated via MASCOT-GLM for North America vs cumulative percentage of high risk
individuals with vaccine-induced immunity in the United States. Vaccine-induced immunity was
estimated via a two week lag since the date of vaccination. Red line indicates the best fit spline
for scattered points. Dashed gray line indicates expected linear decrease in Rt with increasing
vaccine-immunity assuming SIR dynamics. Over each point are the dates that correspond to the
mean Rt and percent of immunity at that moment.
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4.3.5 High degree of transmission heterogeneity observed in the declining phase of the mpox

epidemic

Upon separating out each introduction and its inferred descendents from the maximum clade
credibility tree (Figure [£.3A), we noticed that a small number of introductions resulted in a
sustained expansion of local transmission while the remaining majority of introductions pro-
duced few downstream infections. The extent to which some individuals tend to contribute
disproportionately to infection events is measured by the dispersion parameter k that quan-
tifies transmission heterogeneity [97]. Lower values of the dispersion parameter correspond
to a higher degree of heterogeneity in transmission. When transmission heterogeneity is
high, interventions targeting the most infectious individuals can have a considerable impact
on epidemic burden. Quantifying transmission heterogeneity is hence important to guide
control efforts. We thus sought to quantify mpox transmission heterogeneity using a method

relying on the analysis of the size distribution of clusters of identical sequences [148].

We observed that the mean size of clusters of identical sequences decreased over the course
of the epidemic (Figure |4.7A). We found that the timing of the decrease across locations
was consistent with our estimates of Rt obtained from the analysis of case and sequence
data (Figure , with larger cluster sizes observed in the US than in Europe during June
2022. Globally, the size of clusters of identical sequences ranged from 1 to 118 with 61%
of sequences belonging to a cluster of size greater than 1 (Figure . The probability to
observe a cluster of a given size is determined by the effective reproduction number R across
the period, the degree of transmission heterogeneity measured by the dispersion parameter
k and the fraction of infections sequenced (see Methods). Figure depicts how the
probability to observe a cluster of size 118 (knowing we observed 2624 clusters) is impacted
by R and k assuming that 5.5% of infections were sequenced (average proportion of cases
sequenced throughout the epidemic). We find that for values of the reproduction number

R greater than 1.5, observing a cluster of identical sequences of size 118 is not unlikely
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regardless of the value of the dispersion parameter k. This is consistent with the fact that
in this parameter regime, the expected mean number of offspring with identical genomes is
greater than 1 so that we expect some clusters of identical sequences to not go extinct [148].
For a value of the dispersion parameter similar to what has been estimated during previous
mpox outbreaks (e.g. 0.36 in [21]), the reproduction number would need to be greater than
1.31 for this probability to reach 5%. Considering a lower dispersion parameter value (0.1
which is on the lower range of what has been estimated across different pathogens [97]) would
still require the reproduction number to be greater than 1.21 for this probability to reach
5%. This suggests that transmission heterogeneity alone (without a reproduction number
greater than 1) is unlikely to explain the size of the large polytomy observed at the beginning
of the epidemic. Overall, the large first polytomy is highly consistent with a reproduction
number greater than 1 at the beginning of the mpox outbreak. This aligns with reproduction
number estimates obtained from our phylodynamic analysis (Figure , which is indicative

of mpox spread within the community.

We then estimated R and k during the decreasing phase of the epidemic in different geo-
graphical regions (Figure —D, Tables . Assuming that half of infections were de-
tected, we estimated k across locations at 0.30 (95% CI: 0.18-0.54) and reproduction numbers
below unity across locations (Table . This corresponds to heterogeneity in transmission
with 656% - 72% of infected individuals producing 0 offspring (and hence the remainder re-
sponsible for all transmission events). Assuming a greater fraction of infections were detected
lead to lower estimates of R and greater estimates of k. This had however little impact on the
fraction of individuals producing 0 offspring (Table . Allowing the dispersion parameter
k to vary between locations resulted in similar estimates, though with considerably more
uncertainty (Table . Our results suggest considerable transmission heterogeneity which
could be explained by the structure of the sexual contact network in MSM [I37]. Our esti-

mate is consistent with those previously obtained for sexually-transmitted infections spread
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between MSM (e.g. dispersion parameter of 0.257 estimated during a gonorrhea outbreak in

MSM [162)).
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Figure 4.7: Transmission heterogeneity estimates obtained from clusters of identical mpox se-
quences (A) Mean size of clusters of identical sequences for different geographical regions by month
of first cluster detection. (B) Probability to observe a cluster of size 118 among 2624 clusters as a
function of the reproduction number R and the dispersion parameter k assuming 5.5% of infections
are sequenced. Estimates of (C) the reproduction number R by geographical unit and (D) the
dispersion parameter k across geographical units from August 2022 exploring different assumptions
regarding the proportion of infections detected. In B, the point corresponds to estimates obtained
by Blumberg and Lloyd-Smith (43) from the analysis of epidemiological clusters during previous
outbreaks. The segments correspond to the associated 95% confidence intervals. In C-D, points
correspond to maximum likelihood estimates and vertical segments to 95% likelihood profile confi-
dence intervals. The horizontal dotted line and the shaded area correspond to estimates obtained
by Blumberg and Lloyd-Smith [21I] from the analysis of epidemiological clusters during previous
outbreaks. In B, the dotted white lines correspond to contour lines for probabilities of 1074, 102
and 107!
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4.4 Discussion

Despite the heightened focus on public health surveillance of emerging infections since the
start of the SARS-CoV-2 pandemic, MPXV sparked regional epidemics around the world,
contributing to a high degree of morbidity among those affected [137, 53, 106]. In this study,
we present both a global and regional view of mpox detection, expansion, and containment
by jointly analyzing genomic, mobility, and epidemiological data. We find evidence of rapid
spread following initial regional viral seeding events, community transmission prior to de-
tection by local public health surveillance, differential changes in case-detection throughout
the epidemic, a limited role of viral introductions in prolonging regional epidemics, a large
degree of transmission heterogeneity, and limited impact of vaccination campaigns during
the early phases of the North American epidemic.

Despite double stranded DNA viruses typically exhibiting a slower evolutionary rate
than RNA viruses [128§], clade IIb of MPXV has been found to have a significantly faster
evolutionary rate since transitioning to sustained human-to-human transmission driven by
APOBECS editing [120]. While the evolutionary rate of the variola virus (a closely related
poxvirus to MPXV) has been previously estimated to be about 9 x 10-6 substitutions per
site per year [54], we infer the evolutionary rate of the B.1 lineage of MPXV to be 8.41 x
10-5 (95% HPD 7.71 x 10-5 to 9.10 x 10-5) substitutions per site per year or approximately
16.6 substitutions per genome per year (compared to the 1-2 substitutions per genome per
year for variola virus). This increased evolutionary rate approaches the rate of many RNA
viruses [I40] and allows for a strong phylogenetic signal (Figures S2 and S5) to analyze
epidemic spread and dynamics.

While prior studies have analyzed the global spread of MPXV via phylogenetic methods
[125, 59, 61], they were often limited by small sample sizes and a superficial description
of regional trends. Recent advances in phylodynamic and phylogenetic methods have been

developed to tackle issues of low genetic diversity and biased sampling where phylodynamic
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uncertainty is reduced by the joint inference of genomic information alongside relevant pre-
dictors, such as epidemiological and mobility information [93, 111} 1T4) T02]. In the present
study, we leverage these recent advances through the use of MASCOT-GLM, an approximate
structured coalescent approach found to be more robust to sampling bias than traditional
phylogeographic methods that allows for the integration of important predictors, notably
estimated prevalence and air passenger volumes, to inform estimates of local transmission

dynamics and regional viral migration.

These phylodynamic estimates, in addition to untangling global dispersion, allow us to
explore changes in case detection and the impact of viral introductions on local spread on a
regional level, highlighting global differences in epidemic outcomes. Despite the heightened
interest in public health surveillance, we found evidence of early undetected spread in each
region (Figure 3). These early undetected transmission events were often associated with
the largest downstream clusters, while later viral introductions were quickly contained. Ad-
ditionally, we found a strong influence of monthly predictors for the beginning months of the
epidemic — May, June, July 2022 — with regards to estimating regional effective population
size. The strong effect of the early monthly predictors implies the presence of significant case
underreporting as the prevalence predictor in our model was not solely sufficient to inform
inference of Ne. Despite worldwide attempts to improve public health surveillance, our study
shows the limitations of current surveillance systems, promoting the need for broader routine

specimen screening for a wide range of pathogens with outbreak potential.

Rt is a measure of transmissibility and has been widely used for monitoring changes in
transmission dynamics and evaluating the impact of interventions [I31]. The most common
methods for estimating Rt rely on a time series of case counts and the distribution of the
generation time, and rely on the assumption of constant detection rates [65, BI]. As our
results suggest that case detection for mpox varied significantly in the early stages of the

epidemic (Fig 3), such methods will result in biased estimates of the reproduction number
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and the impact of control measures for the mpox epidemic [65]. In contrast to Rt estimates
obtained solely from case counts (Figure S6A or [86]), we obtained estimates that are smaller
in magnitude by relying on phylodynamic models informed by prevalence estimates and
monthly predictors that account for changes in case detection. Case-based Rt calculations
will be overestimated if case detection is increasing as the estimates capture both the true
rise in infections and the rise in detection of infections. For mpox, case-detection stabilizes
in August 2022 (Fig. 3D), after which time we expect case-based Rt estimates to be more
accurate. This suggests that our approach of integrating multiple data sources would provide
a more accurate estimation of mpox transmissibility and of the impact of interventions,
especially in the beginning stages of an epidemic where accurate knowledge of Rt can have

high impact in informing public health action.

An outstanding question raised during the beginning of the mpox epidemic that remains
unclear is the potential impact of interventions in preventing and controlling spread [43].
Similar to the early phases of the SARS-CoV-2 pandemic, the MPXV epidemic prompted
considerations around travel bans and restrictions in an attempt to curb transmission to
previously unaffected areas. While travel bans were ultimately not implemented, the CDC
issued a series of travel recommendations and warnings for both individuals exposed to
MPXV and for those traveling to areas with a high number of mpox cases on June 6, 2022
[29]. Despite these travel recommendations, our models show that there were already many
introduced lineages circulating in North America before June 6th (Figure 3), limiting the
impact and effectiveness of these recommendations on curbing disease spread. Our results
show that following initial viral seeding, viral introductions played a limited role in promoting
local transmission, accounting for less than 15% of new cases in any given region studied
(Figure 4). We also found that removing the influence of introductions also would have had
limited impact in the timing of North American Rt dropping below one (Figure S6). Together
this suggests little potential impact of travel restrictions after mid-May 2022 once MPXV had
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already been established in the region. Our estimates of transmission heterogeneity, where
we found that only 28-35% of infected individuals were responsible for all transmission events
observed during the decreasing phase of the epidemic (Figure 7), promotes tailoring public

health interventions to high risk groups rather than population-wide policies.

We also examined the impact of vaccination campaigns on controlling the mpox epidemic
in North America by comparing changes in local transmission as measured by Rt to the cu-
mulative percentage of high-risk individuals in the US with vaccine-derived immunity (Figure
6). While even a half vaccination dose has been found to be effective at providing robust
immunity against mpox [58, [163], there was concern over the delayed start of vaccination
campaigns in the US. We find that local transmission in North America decreased below
one in mid-August 2022 before 10% of the population had any vaccine-induced immunity.
In the present analysis, we only accounted for vaccine-derived immunity. However, we can
attempt to account for immunity derived from natural infection by comparing mpox cases to
the size of the at-risk population. Doing so, we find that less than 2% of the high risk MSM
population in the US had reported cases of mpox as of Nov 22, 2023 (see Methods under
Data Sources). Converting this crude cumulative incidence into an estimate of the total pro-
portion of the population infected requires knowing the reporting rate of mpox infections. If
we assume complete reporting then we expect just 2% cumulative incidence, which should
have negligible impact on lowering epidemic Rt. However, if the reporting rate was 10%
then we expect approximately 20% cumulative incidence, which starts to have an impact
on Rt. While we were unable to find a precise estimate of reporting rate in the US, prior
studies in Portugal [22] and in North Carolina [I32] estimate the rate of detection to be 62%
(95% CI, 43%-83%) and 66% (95% CI, 44%-91%). If we assume that the US reporting rate
falls on the lower bound of those estimates, we expect 4.7% cumulative incidence. Thus, in
general we expect that natural immunity will have played a minor role in reducing epidemic

Rt compared to behavioral modification and vaccine-derived immunity.
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The incongruent population definitions (high-risk population in the US for vaccine-
derived immunity and a single Rt estimate for the US and Canada combined) could con-
ceivably bias our conclusions regarding the relationship between Rt and vaccine coverage.
Despite the lack of publicly available vaccination information for the whole of Canada, vac-
cination data for Montreal [118] show that pre-exposure vaccination began at a similar time,
if not later, than the vaccination efforts in the US (immunization in Montreal began on
May 27, 2022 and in Ontario on June 9, 2022 compared to May 22, 2022 in the US *). We
believe that the similar, if not later, start of vaccination campaigns in Canada biases our
results in a conservative and limited fashion compared to what would be expected if the
Canadian vaccination efforts began earlier than those in the US. In addition, the Canadian
MSM population is estimated to be 10% of the US population [69, [66] further suggesting that
vaccination in Canada should have a limited role in reducing mpox Rt in North America.
More broadly, our estimates of Rt and vaccine-derived immunity aggregate across large spa-
tial regions. Further spatially resolved analyses could provide additional information about

the relationship between Rt and vaccine coverage.

Mpox in the US and Canada spread predominantly among high-risk MSM populations
[19], suggesting that the majority of the North American sequences in our study were derived
from a similar (but not identical) population as used to estimate vaccine coverage. Our
conclusions are concordant with those from the CDC which also found that Rt fell below
one in August 2022 when only about 1.3% of the high risk population in the US had any
vaccine-induced immunity [28]. Similarly, modeling of mpox in Washington D.C. suggests
that behavioral modifications within the MSM community were the main contributing factor
to slowing initial mpox spread, but that vaccination campaigns were ultimately needed to
definitively curb the local epidemic and prevent future outbreaks [30] 164]. A UK-based
modeling study focusing on men who have sex with men found that vaccination could not

explain the drop in mpox incidence in the region, but rather attribute the declining incidence
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to changes in behavior within the same community [25]. Together, these findings highlight
the significant effect of behavioral change among men who have sex with men in curbing
the epidemic as well as emphasize the need for prompt public health response in order to
maximize the population-level effectiveness of vaccination campaigns.

In conclusion, our study integrates diverse data sources to provide crucial insights on
the spread and control of mpox. Despite global efforts to improve molecular surveillance,
our study shows that early unrecognized spread was critical to driving the initial epidemic.
Once the mpox epidemic was recognized, behavioral modification in the MSM community
resulted in a sharp decline in Rt in North America ahead of vaccination rollout in the US. Our
findings are relevant for policymakers in promoting broader routine specimen screening as
a core tenant of pandemic preparedness. Recent emerging disease outbreaks — Zika, Ebola,
SARS-CoV-2, and now mpox — have been characterized by late public health detection
and cryptic local transmission as a result [41], I8, 48] Our work shows that rapid pathogen
detection and subsequent behavioral change could be sufficient to curb epidemic spread.
Additionally, our work prompts swift public health investments and interventions to protect

marginalized and vulnerable populations from mpox and other emerging infections [64] [106].

4.4.1  Limitations of the study

Our study has noteworthy limitations. Our genomic data from GenBank only cover a small
selection of countries and regions, suggesting that we are missing transmission events that
involve unsampled countries especially from regions such as Asia, Oceania, and Africa, al-
though mpox cases in these areas in summer 2022 were limited and unlikely to significantly
impact our results. Additionally, the changing availability of genomic sequencing, as well as
unequal sampling across the regions study affect the probability that a case shows up as a
sequence in our dataset through the period studied. If viruses migrate frequently between

our study countries and countries that lack genomic sampling, the lack of samples that might
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interdigitate with samples from the study country may affect our ability to distinguish sep-
arate introductions. Despite this potential bias, the 2022 mpox epidemic mainly affected
Europe and the Americas, which are regions that are well represented in our study, limiting
the effect of this bias. Additionally, we attempted to account for this variation by weighting
the subsampling for our phylogeographic (DTA) analysis according to confirmed case counts,
and by oversampling undersampled regions (and downsampling overrepresented regions) in
our MASCOT-GLM analysis (Figure S1) as well as by adding in estimated prevalence as a

predictor in the model in an effort to account for this variation.

Bayesian coalescent models assume random sampling of infected individuals, meaning
that targeted sampling of superspreader events, or via contact tracing, could bias our phy-
lodynamic estimations. We attempt to quantify the extent of transmission heterogeneity
via our estimates of overdispersion (Figure 7). In the analysis of transmission heterogeneity,
we explicitly accounted for the fraction of cases sequenced and explored several assump-
tions regarding the proportion of infections detected by the surveillance system. This was
done assuming that all infections had the same probability of being detected as cases and
sequenced. Active surveillance targeting larger clusters could lead to underestimating the

extent of transmission heterogeneity [211, 20].

We see a discrepancy in the TMRCA between various models (Table and find our
estimates to be highly dependent on the tree prior and thus should be interpreted with
caution. Inference of TMRCA is dependent on the estimate of effective population size in
early 2022. Different tree priors assume different parametric forms of effective population
size and so differ in TMRCA estimates. The rapid exponential growth observed in early
2022 suggests that effective population size should be low in January-March 2022. This
information is used by the DTA skyline and skygrid models, as well as the MASCOT-skyline
model, resulting in TMRCA estimates close to the earliest March sequences. Consistently,

the MASCOT-GLM model estimates the coefficient of the monthly predictor for April 2022
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and earlier at -1.09 (95% HPD: -1.89 — 0.00, Fig. 3D), again supporting a small effective
population size in this time period. We suggest a conservative interpretation of these results

supporting a TMRCA between September 2021 and March 2022.
4.5 Methods

4.5.1 Genomic data and maximum likelihood tree generation

All available MPXV sequences were downloaded from GenBank while excluding sequences
from countries with five or fewer sequences, leaving Austria, Belgium, Canada, Colom-
bia, France, Germany, Italy, Peru, Portugal, Slovakia, Slovenia, Spain, Switzerland, United
Kingdom, and the USA. Sequences with ambiguous date of collection in the month col-
umn, with a sample collection earlier than January 2022, and flagged as being low quality
by Nextclade https://docs.nextstrain.org/projects/nextclade/en/stable /user /algorithm /07-
quality-control.html) [10] were excluded. Given that the 2022 epidemic was found to be
driven by MPXV clade II, lineage B.1 [59] 120], any sequences not part of lineage B.1 were
also excluded, resulting in 3013 genome sequences included in our analysis.

A temporally-resolved phylogeny was created using a modified version of the Nextstrain
[74] monkeypox workflow (https://github.com/nextstrain/monkeypox), which aligns sequences
against the MPXV_USA _2021_MD (accession ON918611) reference using nextalign [10], in-
fers a maximum-likelihood phylogeny using IQ-TREE [105] with a GTR nucleotide sub-
stitution model, and estimates molecular clock branch lengths using TreeTime [I39]. The
resulting phylogeny specific to this dataset can be found at:
https://nextstrain.org/groups/blab/monkeypox/hmpxvl.

4.5.2  Regional geographic scales

Due to the low number of sequences from various countries, we analyzed mpox spread at

the scale of global regions. We focused on five regions with the highest number of publicly
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available sequences on Genbank: Central Europe, North America, South America, Southern

Europe, and Western Europe. Country to region mapping can be found in Table [B.1]

4.5.8 Data Sources

Data on the number of reported mpox cases per region per month were downloaded from

OWID (https://ourworldindata.org/; last accessed on February 13 2023).

Population sizes for each country were downloaded from the World Bank [6] and aggre-

gated based on respective countries and then regions as described in the previous section.

To compare vaccination rates with changes in Rt, we accessed publicly available vaccina-
tion counts from the CDC [§] as well as the cumulative percentage of high risk individuals
vaccinated [28]. The CDC defined “high-risk individuals” as MSM for whom preexposure
prophylaxis against infection for HIV is clinically indicated as well as MSM who are liv-
ing with HIV. In order to account for the development of immunity, we followed the CDC
method of assuming the development of immunity took two weeks following vaccination [2§]
and thus only considered individuals as “having vaccine-induced immunity” after reaching

two weeks from the date of first vaccination.

We additionally estimated that 1.88% of the high risk population in the US was infected
with mpox (calculated by dividing the total number of confirmed mpox infections in the US,
which is 31,010 as of November 22, 2023, by 1,647,121, which is the total number of US
individuals estimated by the CDC to be at high risk for mpox infection.)

We used air travel data from the International Air Transport Association (IATA) quan-
tifying the monthly number of passengers on origin-destination itineraries between airports

in the 15 included countries [62].
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4.5.4  Site masking

We found that fewer than 1% of nucleotide positions out of 197,209 total sites in the MPXV
sequence alignment were phylogenetically informative, ie. polymorphic. To reduce computa-
tional runtime for phylogeographic reconstruction (discrete trait analysis), we masked 90%
of invariant positions from the MPXV alignment prior to further analysis. The Nextstrain
monkeypox workflow produces a BED file containing phylogenetically uninformative or mis-
leading alignment positions to be masked. A VCF file was generated from the alignment
using SNP-sites v2.5.1 [121I]. We identified variable positions from the VCF using Pysam
v0.20.0 [33]. Next, we selected a random subset of 90% of all invariant positions to remove
and appended the remaining nucleotides to the BED file. A new alignment of 19,721 posi-
tions was generated with the modified BED file using the Nextstrain workflow. Clock rate
estimates inferred with a masked alignment were adjusted by a magnitude of 10 in order to

account for the degree of masking.

4.5.5  Phylogeographic analysis

To investigate the dispersal history of MPXV among five global regions, we first conducted an
asymmetric discrete trait phylogeographic analysis [92] using the Bayesian stochastic search
variable selection (BSSVS) model implemented in BEAST 1.10 [I44]. For this analysis, we
considered each global region as a discrete location and employed subsampling weighted by
mpox case counts for each region using a random seed, resulting in a final subset of 1004
sequences (distribution across countries and regions shown in Supplementary Table |C.1)).
We masked the alignment as described above. We employed a strict molecular clock with
a uniform distribution from 0 to 1 and an initial value of 610-5 and a GTR+I" nucleotide
substitution model. We used a Skygrid coalescent tree prior allowing grid points to change
every two weeks [63]. Two independent Markov chain Monte Carlo (MCMC) procedures were

run for 5108 iterations and sampled every 1000 iterations. Resulting posterior distributions
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were combined after discarding initial 20% of sampled trees as burn-in from each of them.
We used Tracer 1.7 [136] to assess convergence and to estimate effective sampling size (ESS).
These values were all ;150. We then used TreeAnnotator 1.10 to obtain a maximum clade
credibility (MCC) tree removing the first 20% of iterations for burn-in.

The number of viral imports and exports between regions was estimated by calculating
the number of regional transitions walking from tips to root in the posterior set of trees
and calculating the median as well as the 50% and 95% highest posterior density estimates
(HPD). Following Bedford et al. [I6], persistence time was measured by calculating the
average number of days for a lineage to leave its sampled region, walking backwards up the
phylogeny from the tip up until the node location was different from the tip region.

In a secondary analysis, in order to check the accuracy of ancestral state reconstructions
as well as the strength of genomic signal, out of the same 1004 sequences, 10% had their
locations masked and then reconstructed [40] via the same discrete trait analysis described
above. Reconstruction accuracy was assessed by comparing the most likely reconstructed

location with the true location.

4.5.6  Estimation of mpox incidence, prevalence, and effective reproduction number via case

counts

To jointly estimate mpox case incidence, prevalence, and effective reproduction number,
we used the renewal equation framework from Figgins and Bedford [52]. The time-varying
effective reproduction number (i.e. the average number of secondary cases infected by a single
primary case) was modeled using a 4th order spline with 5 evenly spaced knots assuming a
discretized gamma-distributed generation time with mean 12.6 days and standard deviation
5.7 days [73]. Case counts were modeled using a zero-inflated negative binomial distribution.
This model produces posterior estimates of daily incidence (defined as the number of newly

infected individuals in absolute counts) and effective reproduction number. We then used



87

this incidence and an assumed gamma-distributed infectious period with a mean of 4.5 days
to compute the prevalence, which we define as the number of actively infected individuals in
absolute counts [73].

Models were fit to aggregated case counts for each region using full-rank stochastic varia-
tional inference. Optimization was performed using the ADAM optimizer with learning rate

4e-3 and for 50,000 iterations and 500 samples were drawn from the approximate posterior.

4.5.71 MASCOT-GLM

To analyze the transmission dynamics within and between each global region, we used an
adapted version of MASCOT [112]. MASCOT is an approximate structured coalescent ap-
proach [IT3] that models how lineages coalesce (share a common ancestor) within the same
locations and migrate between locations. We used generalized log-linear models [T11] to esti-
mate whether estimated regional mpox prevalence and air passenger volumes are predictive
of MPXYV effective population sizes and migration rates over time, respectively. Additionally,
in order to account for differential underreporting by month, ten additional effective popu-
lation size predictors were added, one for every month of the time period studied from April
2022 through January 2023. Empirical predictors were obtained via data sources described
above. The model included error terms to account for observation noise and omitted predic-
tor variables. We implemented a MASCOT-GLM [111] analysis with BEAST?2 [23] software,
allowing the effective population sizes and the migration rates to change every week. We
performed effective population size and migration rate inference using an adaptive multi-
variate Gaussian operator [12] and ran the analyses using an adaptive Metropolis-coupled
MCMCIIT0] using four chains with a length of 2.5108. For this analysis, we employed equal
temporal subsampling to enrich for undersampled regions by randomly choosing a max of
11 sequences per region per calendar month via Augur filter [78]. The unmasked alignment

was used for all MASCOT-GLM analyses.
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4.5.8 MASCOT- Skyline

In order to investigate the degree of genomic signal and influence of empirical predictors on
tree reconstruction, we reran our MASCOT analysis without empirical predictors using a
MASCOT-Skyline approach. To allow for population sizes to change over time, we modeled
the effective population sizes similar to the Skygrid approach for unstructured populations
[63]. We estimated the effective population size for each location between time t=0xtree
height, ..., t=1xtree height. Between each time point where we estimated the Ne, we
assumed exponential growth. We assume the prior on the effective population size over time
to be a Gaussian Markov random field (GMRF) and estimate the variance of the GMRF
prior on the effective population size over time. We assume the GMRF prior for each state
to have the same variance. We assumed the migration rate to be constant forward-in-time,
mf,, between states y and z . As the structured coalescent assumes backwards-in-time

migration rates, we assumed that the backwards-in-time rate of migration between state y

Ne(t), . . . . . . .
= m?; x Nelz Ty infer effective population sizes and migration rates over time
Y~ Ne(t)y )

b

and z, m,

we employed an adaptable multivariate gaussian operator [12].

4.5.9 Posterior processing

Parameter traces were visually evaluated for convergence using Tracer, tree distributions
were visually inspected using IcyTree [152], and 20% burn-in was applied for all phylodynamic
analyses. All tree plotting was performed with baltic (https://github.com/evogytis/baltic)
and data plotting was done using Altair [I51].

The number of migration events between regions was estimated by calculating the number
of regional transitions walking from tips to root in the posterior set of trees and calculating
the median as well as the 50% and 95% highest posterior density estimates (HPD). In order

to calculate the migration rate for each model, we divided the total migration count for each
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tree in the posterior set by the tree length (the sum of all branch lengths) and then calculated
the mean and 95% HPD.

4.5.10  Estimating percentage of new cases due to introductions

We estimated the percentage of new cases due to introductions for each global region by
adapting the methods previously described [114], [124]. The percentage of cases due to intro-
ductions at time ¢ can be calculated by dividing the number of introductions at time ¢ by
the total number of new cases at time t. We first represented the total number of new cases
in a region as the sum of the number of introductions and the number of new local infections

due to local transmission, resulting in the following equation:

B # of introductions(t)
~ # of new local cases(t) + # of introductions

7(t)

We estimated the number of new local cases at time ¢ by assuming the local epidemic in

each global region follows a simple transmission model, in which we derived the number of
new cases at time ¢ as the product of the transmission rate (new infections per day per indi-
vidual) multiplied by the number of people already infected in that region I. For the number
of introductions, we similarly assumed that the number of introductions equals the product
of the rate of introduction (introductions per day per infectious individual, which we refer
to as migration rate m) and the number of people already infected in that region I. We use
the number of infected individuals in the destination region rather than the origin region
for calculating the number of introductions since the approximate structured coalescent ap-
proach models epidemic processes as backwards-in-time, resulting in the equation containing
only information about the number of infected individuals in the destination region (more

information on backwards migration rates below). We then rewrote the above equation as
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where I(t) denotes the number of infected people in that region at time ¢. Given the presence

of I() in every element, we factored out I(t) to arrive at

Cm)
™) = B+ m

For each region, we considered introductions at time ¢ to be the sum of the introductions
coming into the region from each other global region, assuming a negligible number of intro-
ductions from unincluded regions. We define the percentage of new cases due to introductions

at time ¢ for region y as

(1) = Zi;&y mZﬂ-(t)
! By(t) + Zi;ﬁy mZai(t)
where m,_,,, denotes the migration rate per lineage per day into region y from every other

region.

In a SEIR transmission modeling framework (employed due to the incubation period of
MPXYV), the transmission rate is a function of the infectious period , the incubation period
, and the exponential growth rate r (‘as adapted from Example 4 in Ma 2020 [99]):
@2r+v+0)3—(0—79)°
p= 1

o

To compute the growth rate in region y, we assume that differences in effective population size

dllog(Ney)) .
dt

between adjacent time intervals can approximate the growth rate r and thus

log(Ne))
t

. In addition, we assumed that 4 yi is independent from the rate of introduction. We

calculated the growth rate of the effective population size as

d(log(Ne,)) _ log(Ne(t + At)) — log(Ne(t))
dt At

where Ne(t) denotes the effective population size of a region at time t. We ran our MASCOT-
GLM analysis using weekly time intervals but averaged over three week intervals ( At = 3)
for the growth rate in order to reduce noise and account for the long generation time for

mpox.
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By also assuming an expected time until becoming uninfectious for each individual of 4.5
days and an incubation period of 8 days °, we calculated the transmission rate at time ¢ in

region y as

(zd(logt(ii\’ey)) +y+ U)Q . (a _ 7)2
4o

b=

Since the coalescent, which MASCOT approximates, works backward-in-time, we calcu-

lated the rate of introductions into each global region m,(t) as the backwards migration rate

my(t) from inferred MASCOT parameters. To compute the backwards migration rate, we

extract the forward-in-time migration rate mgi(t), where 7 refers to a different region in a
combination of global regions ¢, that is inferred via MASCOT-GLM, and then calculate the

backwards-in-time migration rate into region y, as the sum of the products of the ratio of

@)
®)

effective population sizes Nzy and the forward migration rates:
z

“ Ne,(t)
b y f
m, () = E X m,, (T
(®) — Ne;(t) wll)
where Ne, () refers to the effective population size in region y at time ¢ and Ne;(t) refers to
the effective population size in a different region 7 from a combination of global regions ¢ at

time .

4.5.11 Estimating the effective reproductive number Rt from pathogen genomes

We calculated the effective reproductive number Rt | the time-varying average of secondary
infections from a primary infected individuals, in each region, assuming an exponentially
distributed infectious and incubation period of mean respectively % and % | yielding Rt =
(1+2)(1+7) [157] Additionally, we sought to separate out the contributions of introductions
versus local transmission to Rt;in each region. To do so, we modified the Rt equation to

include the percent of new cases from introductions as an estimate of local community


https://www.zotero.org/google-docs/?zMQqXa

92

spread so that Rt = (14 2)(1 + 7)(1 — ), where refers to the percentage of new cases due

to introductions as described above.

4.5.12  Estimating transmission heterogeneity

We analyzed the size distribution of clusters of identical mpox sequences to characterize the
disease’s offspring distribution [148]. We assumed that the offspring distribution follows a
negative binomial distribution characterized by its reproduction number R and its dispersion
parameter £ [97]. The probability r; that a cluster of identical sequences of size j can be

derived as

R A GV Bt SN G -
T D(kj) xT(i+1) 7 (14 2By
where p denotes the probability that a transmission event occurs before a mutation event.

In practice, only a fraction of infections are sequenced. The probability r; to observe a

cluster of size j was thus derived as:

~ 212]‘ T (;) (pdetect)j(l - pdetect)l_j
r; =
’ - 2120 Tl(l - pdetect)l

where pgeee: denotes the fraction of infections sequenced.

The probability for an observed cluster of identical sequences to be of size at least J can
then be computed as P; =1 — Zj;ll 7;. The probability to observe at least a cluster of size
J among n,s clusters is thus equal to 1 — (1 — Pjy)melust,

Former work has shown that the size distribution of clusters of identical sequences can be
used to infer the reproduction number and the dispersion parameter when the mean number
of offspring with identical sequences lies below 1 [148]. For the 2022 mpox epidemic, this
would correspond to values of the reproduction number lying below 1.5 [148]. To ensure this

criterion was met, we analyzed the size distribution of clusters of identical mpox sequences

for different geographical units (Portugal, the United Kingdom and US states California,
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New York and Washington) from August 2022, which corresponds to the decreasing phase
of the epidemic (Figure S7). We generated the size distribution of clusters of identical mpox
sequences for these different geographical units and defined clusters temporally based on
their date of first detection. We estimated the fraction of cases sequenced in these different
regions from August 2022 by computing the ratio between the number of sequences used
and the number of cases publicly reported. We first inferred the parameters of the offspring
distribution assuming that the dispersion parameter was the same across these geographical
units and estimating a reproduction number for each of these geographical units. This was
done by considering different assumptions regarding the fraction of infections detected (10%,
50% and 100%) and assuming a probability that transmission occurs before mutation equal
to 66% [157].We also ran a location-specific model and estimated the reproduction number
and the dispersion parameter for these each region. We assumed that clusters of identical
sequences stemmed from local transmission dynamics. This hypothesis is supported by the

small contribution played by introductions estimated from the phylogeographic analysis.

We also generated the distribution of cluster sizes worldwide. We explored how different
assumptions regarding R and k impacted the probability to observe a cluster of size 118 (the
largest cluster observed) among the 2624 clusters of identical sequences observed. This was
done assuming that 5.5% of infections were sequenced (which corresponds to the fraction of

cases sequenced since the beginning of the epidemic).

4.5.13  Data Availability

Nextstrain builds, BEAST XMLS, scripts, sequence information, and de-identified data can
be found at https://github.com/blab/mpox-dynamics. All sequences are available on Gen-

Bank with accession numbers found in the Github repository.
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Chapter 5
CONCLUSION

The preceding chapters demonstrate the potential for pathogen genomics to augment
epidemiological investigations into understanding disease spread in heterogeneous contexts
as well as in evaluating the impact of infection control measures (which include vaccination,
travel bans, and stay-at-home orders). In Chapter 2, I discuss how pathogen genomes linked
to individual-level metadata allowed for the examination of SARS-CoV-2 variant specific
effects on the risk of hospitalization following infection. When previous studies examined the
risk of hospitalization following infection with a SARS-CoV-2 variant [15,[95], classification of
the variant was often done via PCR testing for those variants that exhibited an S-gene target
failure (SGTF). Unlike studies using only SGTF data to identify probable Omicron cases,
our study used genomic sequencing to confirm the variant identity of each case, reducing the
risk of misclassification. Additionally, genomic sequencing allowed us to analyze differences
between variants that could not be differentiated via SGTF (SGTF is primarily a signature
of Alpha and Omicron BA.1 [104]), highlighting the broad utility of our approach not only
to future variants without SGTF but also to future emerging infections.

It is important to note that our study was possible due to the robust sentinel surveillance
system and the detailed and careful matching of genomic information to epidemiological and
case data that is available in Washington State [116]. Sentinel surveillance systems that
focus on representative sequencing of communicable diseases are instrumental for monitor-
ing of the rise and spread of emerging and endemic pathogens and their respective genetic
variants. In Chapter 4 for example, I showed that despite the general advocacy for improved

surveillance following the COVID-19 pandemic, we found cryptic local transmission and nu-
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merous introductions of mpox in the Americas and three European subregions prior to public
health detection of the first mpox case. These conclusions should constitute a warning sig-
nal for public health jurisdictions to swiftly build and improve broad pathogen surveillance

infrastructures in order to prepare for future outbreaks.

While Chapter 2 demonstrated how to use matched epidemiological and genomic data
to examine variant-specific effects on individual-level outcomes, Chapters 3 and 4 represent
how the integration of diverse data sources alongside pathogen genomics can improve our
understanding of infection spread at a population-level, especially with regards to infections
marked by asymptomatic and presymptomatic spread [100, [158]. Chapter 3 showed how
enhancing our phylodynamic methods with empirical epidemiological predictors drove ex-
ploration into the relative contributions of viral importations or local transmission in driving
differing epidemics at a local level. Methods that rely only on epidemiological case count
data often ignore or are unable to disentangle the interplay between introductions and local
transmission in driving disease incidence [31], [32], limiting the ability of public health to

tailor interventions and effectively distribute often-limited resources.

Chapter 4 builds upon this work to show that the use of empirical predictors in phy-
lodynamic models not only results in more precise inference of within and between region
transmission dynamics, but also allows us to test hypotheses regarding the drivers of disease
spread. For example, the inclusion of monthly predictor variables alongside estimated preva-
lence in our MASCOT-GLM model examining transmission dynamics for the 2022 mpox
epidemic allowed us to test the hypothesis that there was underdetected mpox spread that
was occurring before public health detection. Additionally, we were able to quantify the
effect size of each monthly predictor, giving us insight into the extent of underreporting on
a monthly basis and a relative quantification of how case-reporting was changing over time.
Given that traditional epidemiological methods that rely solely on case counts often assume a

constant case reporting rate [31], our inclusion of monthly predictors while also adjusting for
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estimated prevalence allowed us to estimate important epidemiological parameters, such as
the time-varying effective reproductive number (Rt), in a less biased manner. This suggests
that our approach of integrating multiple data sources provides a more accurate estimation
of measures of transmissibility and of the impact of interventions, especially in the beginning
stages of an epidemic where accurate knowledge of Rt can have high impact on informing

public health action.

Finally, Chapters 3 and 4 also highlight that emerging infectious diseases do not occur in
a vacuum; they exploit inequitable systems affecting marginalized communities. In Chapter
3, I demonstrated how even two adjacent regions within the same US county can have
such starkly different SARS-CoV-2 epidemic dynamics. I found that South King County
bore a heavier burden of disease throughout the entire epidemic when compared to North
King County, especially following the implementation of stay-at-home orders. In an attempt
to understand the drivers of this difference, I explored different markers of socioeconomic

inequities, both past and present.

The stark contrast in health outcomes between North and South King County has been
previously attributed to historical redlining and systemic racism, whereby decades of racial
segregation prevented communities of color from residing in northern areas of Seattle, limiting
their residence to present day South King County [4]. Previous work has demonstrated that
redlining and structural racism are major contributors to poor health outcomes through
the suppression of economic opportunity and human capital [44]. We can see this effect
in King County, WA: South King County has a lower median household income, a larger
percentage of essential workers that cannot work from home, a larger population of people of
color, and a higher average household size than North King County, despite a smaller overall
population size. The legacy of structural racism resulted in conditions where individuals
living in South King County were at higher risk for SARS-CoV-2 infection when compared

to their counterparts in South King County. This is salient in the fact that in response to
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stay-at-home orders residents in North King County not only reduced their movement more
than those in South King County but were also able to stay at home through 2022, more
than two years after South King County residents had to return to their typical levels of
movement (See [3.1). Given that previous studies have attributed differences in local case
counts to unequal reductions in mobility [83, [145], Chapter 3 presents a clear picture of
how emerging infectious diseases can highlight and exploit existing, historically-determined

systems of inequity, disproportional affecting already-marginalized communities.

In Chapter 4, I describe the transmission dynamics of the 2022 mpox epidemic that spread
though queer sexual networks, primarily affecting men who have sex with men (MSM). There
was and continues to be a concern that anti-LGBTQ+ sentiments around the world worsened
the epidemic. Mérz et al. [109], argue that socio-political factors surrounding anti-LGBTQ+
sentiments were poorly considered when crafting a global public health response. They out-
line two main factors. The first is that outbreak control measures and public health action
might be stunted due to regional anti-LGBTQ+ sentiments, given the historical reality that
occurred during the rise of HIV in the 1980s and the still-present criminalization of queerness
and same-sex acts as well as the ongoing discrimination against queer personhood [64]. The
second factor being that the rise of mpox within queer sexual networks could further dis-
crimination against LGBTQ+ individuals. The authors document instances of mpox being
used by anti-LGBTQ+ politicians in Latvia, Iran, and the US that might have led the queer
community to be less likely to seek healthcare and vaccination, not only increasing morbidity
within the community but also reducing the effectiveness of public health interventions. In-
deed, in the US, there were several documented cases of affected individuals having difficulty

receiving appropriate care for mpox [57].

Promoting LGBTQ+ health equity early on could also have ameliorated the impact of
mpox. Marz et al. [I09] outline policy recommendations that could promote LGBTQ+

equality in mpox response. The most salient example that could have been enacted early
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is community involvement in the processes to develop mpox outbreak response measures,
including development of evidence-based and nondiscriminatory information to the general
public and healthcare providers, and tailored information to high risk groups, as well as

funding and institutional support for community based outbreak response strategies.

Studies have consistently shown that once the queer community was aware of the risk of
mpox, they took steps to modify their behavior. From August 5-15, 2022, the CDC conducted
an mpox-specific survey among MSM. Their results showed that 48% of respondents reported
reducing their number of sex partners, 50% reported reducing one-time sexual encounters,
and 50% reported reducing sex with partners met on dating apps or at sex venues since
learning about the mpox outbreak [36]. A number of modeling studies have also found that,
given the delayed vaccine rollout in many countries, behavior change, in combination with
infection-acquired immunity, was a key driver of the decline of the 2022 mpox epidemic[25)],
40, [166]. The documented willingness of the MSM community to change their behavior
upon learning about the mpox outbreak, and the subsequent studies showing that behavior
change strongly promoted the decline of mpox cases, shows that improving targeted and
tailored communication to vulnerable populations delivered early could have resulted in

faster outbreak control.

One possible model for how public health could have worked in tandem with the queer
community can be found in New York. By working together with queer activists, the New
York City Department of Health assembled a fleet of vans with privacy windows that not
only provided information and testing but also acted as mobile vaccination units, bringing
vaccines to bars, bathhouses, and local sex parties [06, 119]. Additionally, the Department
of Health contracted local activists to convince sex parties and bathhouses to pause activity,
especially before the arrival of vaccines. A similar template, tailored to the community in
various cities, could have been adopted to help promote the dissemination of information

and vaccination in a non-stigmatizing manner.
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It is important to note that the documented behavior change in queer communities in
response to the 2022 mpox epidemic is linked to perceived risk. This means that in order to
promote behavior change we must first be aware of the existence and spread of an emerging
disease. Chapter 4 shows that the 2022 mpox epidemic, similar to recent emerging disease
outbreaks such as Zika, Ebola, SARS-CoV-2, was characterized by late public health de-
tection and cryptic local transmission as a result. In order for behavioral change to be an
effective tool for slowing the spread of emerging infections, it must be coupled with robust
public health surveillance systems that is augmented by routine pathogen sequencing [116].

The above statements are in no way meant to imply that the responsibility for controlling
mpox falls on the queer community, but rather are meant to highlight public health inter-
ventions that could have been implemented early in the outbreak in the setting of current
governmental structures and global public health policies. Increased global vaccine and med-
ication equity, stronger queer, racial and ethnic inclusion policies, improved public health
surveillance systems, faster and more coordinated public health responses could have all
worked to prevent the emergence of mpox, reduce preventable suffering in endemic areas,
and contributed to faster control of the 2022 epidemic [9, 64, 13§].

Collectively, the body of work presented herein represents a push towards the joint in-
tegration of genomic and epidemiological metadata into the study of the epidemiology of
emerging pathogens. As shown throughout the text, pathogen genomes augment traditional
epidemiological study designs, allowing for estimation of lineage specific effects on human
health. Additionally, incorporating epidemiological and mobility data into our phylodynamic
analyses also allowed for more precise inference of epidemic dynamics and for the ability to
test hypotheses on the drivers of disease spread. The unification of epidemiological and ge-
nomic data, alongside efforts to create and sustain robust genomic surveillance systems, has
the potential to strengthen our investigations on emerging pathogens, especially in the aid

of marginalized populations that bear the disproportionate burden of infectious diseases.
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SUPPLEMENTARY MATERIAL FOR CHAPTER 2

72,172 viral genome sequences
associated with 63,639 cases in WDRS
from December 1, 2020 to January 14,

2022

Excluding sequences
with poor sequencing
quality (>10%

ambiguity)
n =462

Excluding sequences with
improbable collection
dates
n=3

Excluding sequences with
a collection date >14 days

after hospitalization date
n=103

Excluding sequences
with no known
lineage
n= 1246

Excluding sequences with
associated case missing
vaccination or hospital
admission date
n=70

Excluding sequences due to multiple
lineages for each case and keeping
only first detection if case has
multiple sequences of a single
lineage
n = 8307

Excluding sequences with
associated case with a repeat
positive test >21 day after first

positive test day as well as

sequences not collected as part of
sentinel surveillance
n=3,099

58,882 sentinel surveillance viral
genome sequences associated with
58,882 cases in WDRS from December
1, 2020 to January 14, 2022

Figure A.1: Inclusion flow diagram for study population
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Figure A.2: Proportion of total SARS-CoV-2 cases in Washington sequenced over time as part of
sentinel surveillance. Bars represent total sequence count while blue line represents percentage of
total SARS-CoV-2 positive cases in Washington that sequenced as part of sentinel surveillance for
each time period. Specimens submitted from sentinel labs have decreased in January 2022 due to
lab capacity during the omicron peak.
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Figure A.3: Risk of Hospitalization by Variant Lineage via differing model selection. Error bars
represent 95% CI. “Hierarchical” refers to a model with mixed effects and “Sentinel” refers to the
sample restricted to only to cases collected through sentinel surveillance. “Fixed effects” describes
all model covariates being treated as fixed effects and “All” refers to the entire dataset from Dec

1, 2020 to Jan 14, 2022, irrespective of participation in sentinel surveillance.
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Cox Sentinel (mixed)

Cox Sentinel (fixed effects)

Cox All (mixed)

Poisson Sentinel (mixed)

Poisson All (mixed)

Figure A.4: Risk of Hospitalization by vaccination dosage and technology via differing model
selection. Error bars represent 95% CI. “Mixed” refers to a model with mixed effects and “Sentinel”
refers to the sample restricted to only to cases collected through sentinel surveillance.
effects” describes all model covariates being treated as fixed effects and “All” refers to the entire
dataset from Dec 1, 2020 to Jan 14, 2022 , irrespective of participation in sentinel surveillance and
includes targeted sequencing of suspected breakthrough infections.

“Fixed

Other Alpha Delta Gamma Omicron
Hospitalized Yes | No | Yes | No | Yes | No Yes | No | Yes | No
Unvaccinated to <21 days post dose one 114 | 4975 | 224 | 8188 | 837 | 22271 | 102 | 1844 | 16 | 1984
>21 days post dose one to <21 days post booster | — - 9 300 | 261 | 9173 |10 | 144 |16 | 2793
>21 days post booster - - - - 11 | 554 - - 4 549

Table A.1: Hospitalizations by Vaccination Status
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Characteristics Hospitalization
HR | 95% CI

Lineage

Delta REF

Omicron 0.34 | (0.23-0.50)

Vaccination™ Lineage

Delta

Unvaccinated to < 21 days post dose one REF

>21 days post dose one to <21 days post booster 0.40 | (0.34-46)

>21 days post booster 0.30 | (0.17-0.52)

Omicron

Unvaccinated to < 21 days post dose one post dose one | 0.35 | (0.20-0.62)

>21 days post dose one to <21 days post booster 0.22 | (0.13-0.37)

>21 days post booster 0.18 | (0.08-0.39)

Table A.2: Adjusted Cox Proportional Hazards Estimates for Risk of Hospitalization for Omicron
vs DeltaAdditional model covariates include: sex, age (in 10 year bins), calendar week. Each variant
lineage category risk estimate uses the “Unvaccinated to j21 days post dose one” vaccination group

in cases infected with Delta as the reference group.
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Appendix B
SUPPLEMENTARY MATERIAL FOR CHAPTER 3
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Figure B.1: Time-resolved maximum likelihood phylogenies for King County, WA by dominant
variant wave with sample collection dates between February 1 2020 and March 6 2022. Trees
are filtered to highlight genomes from King County among contextual sequences from around
the globe. Tip color represents the region within King County, with pink corresponding to
North King County and blue representing South King County. Branches are colored based
on inferred ancestry. Panel A represents all variant clades excluding Alpha, Delta, and Omi-
cron (the full tree can be explored interactively at https://nextstrain.org/groups/blab/ncov-king-
county/other), the other panels represent Alpha (B, https://nextstrain.org/groups/blab/ncov-
king-county/alpha), Delta (C, https://nextstrain.org/groups/blab/ncov-king-county /delta)), and
Omicron (D, https://nextstrain.org/groups,/blab/ncov-king-county /omicron|



https://nextstrain.org/groups/blab/ncov-king-county/other
https://nextstrain.org/groups/blab/ncov-king-county/other
https://nextstrain.org/groups/blab/ncov-king-county/alpha
https://nextstrain.org/groups/blab/ncov-king-county/alpha
https://nextstrain.org/groups/blab/ncov-king-county/delta
https://nextstrain.org/groups/blab/ncov-king-county/omicron

Overall
North King County

100%
90%
80%
70%
60%
50%

40%
30%
20%
10%

Percent of Total Introductions

0%
Feb 2020  Oct 2020 Jun 2021
Alpha

Feb 2020

North King County
100%-

90%-|
80%-|
70%-|
60%-|
50%-|
40%-
30%-
20%-
10%

0%

Percent of Total Introductions

South King County

Oct 2020 Jun 2021 Feb 2022

South King County

L s A s e
Feb 2020  Oct2020 Jun 2021 Feb 2022 Feb 2020

Delta
North King County
100%-

90%-|
80%-|
70%-|
60%|
50%-|
40%-|
30%-|
20%-
10%

0%-

Percent of Total Introductions

Feb2020  Oct2020 Jun 2021 Feb 2020

Omicron
North King County
100%

90%-|
80%|
70%-|
60%|
50%-|
40%-|
30%-|
20%-
10% |

Percent of Total Introductions

.... T T T T T T T

Oct 2020 Jun 2021 Feb 2022

South King County

Oct 2020 Jun 2021

South King County

0% T T
Feb 2020  Oct2020 Jun 2021 Feb 2022 Feb 2020

Oct2020  Jun2021  Feb2o22

Source of Introduction
® Africa

® Asia

@ Europe

@ North America

® South America

© Washington

109

Figure B.2: Source of introduction for each identified King County cluster. The left column is
introductions into North King County, the right into South King County. The panels show how
the inferred geographical source of each introduction changes over time as a percentage of all
introductions into the regions for that time period. The top row contains all the introductions
among the four different time-resolved phylogenies. Each subsequent row represents a different

variant studied and is labeled accordingly.
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Figure B.4: Rt estimation using phylodynamic estimates (Blue North King County; Orange =
South King County) and case data (Black lines, solid = North King County, dashed = South King
County) The inner area denotes the 50% HPD interval and the outer area denotes the 95% HPD
interval.
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Figure B.5: Phylodynamic estimates of SARS-CoV-2 transmission in King County with equal
temporal subsampling. Results presented above were inferred using 3000 sequences subsampled
using equal temporal weighting by year-week. Analyses presented, as defined previously, are:
effective population size over time (A), percent of cases due to introductions (B), and local Rt
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Figure B.6: Phylodynamic estimates of SARS-CoV-2 transmission in King County with subsam-
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Region

PUMA

ZIPCODE

North King County

11601

98103

98107

98117

11602

98105

98115

98125

98195

11603

98101

98102

98104

98109

98119

98121

98154

98164

98199

11604

98112

98118

98122

98144

11605

98106

98108

98116

98126

98134

98136

11606

98133

98155

98177

98011

98028

11607

98033

98034

98052

11608

98004

98005

98006

98007

98008

98039

11609

98040

98029

98076

98075

11616

98045

98065

98014

98077

98053

98024

98072

98019

South King County

11610

98055

98057

98056

98178

11611

98146

98148

98166

98168

98188

11612

98003

98023

98198

98070

11613

98030

98031

98032

98092

11614

98001

98002

98047

11615

98010

98022

98038

98051

98027

98042

98059

98058

Table B.1: Geocoding for different geographical scales in King County, WA
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SUPPLEMENTARY MATERIAL FOR CHAPTER 4
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Figure C.1: Subsampling for phylogeographic and phylodynamic inference, related to Figure 1.
(A) Flow diagram displaying the inclusion and exclusion criteria for the final two analytic samples

(B) Temporal Distribution of 1004 genomes used for phylogeographic analysis.
subsampled using confirmed case counts as weights.

Genomes were

(C) Temporal distribution of 587 genomes

used for MASCOT-GLM analysis. Subsampling was done to promote an equal number of samples
from each deme for each month in order to oversample underrepresented countries.
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Figure C.2: Masked tip location inference, related to Figure 2.Horizontal bars indicate the posterior
distribution of masked tip locations, coloured by region.. The correct location of each tip is outlined
in white with the smaller plot to the right showing only the posterior probability of the correct
location. Bars marked with an open circle indicate cases where the correct location is within the
95% credible set and solid circles indicate cases where the location with the most probability mass
is also the correct location.
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Figure C.3: Phylogeographic analysis using alternative subsampling schemes, related to Figure 2.
In comparison with main Figure 2 which uses a case-count-based subsampling scheme, A-D used an
equal spatiotemporal subsampling scheme which attempted to sample an equal number of sequences
from each region for each year-month, which is the same strategy used for the MASCOT-GLM
analyses. E-H repeat the analyses but sampled sequences directly from global regions irrespective
of country of origin. (A & E) The maximum clade credibility tree summary of the Bayesian
inference conducted using asymmetric discrete trait analysis and Skygrid prior on 991 (A) and
1019 (E) sequences. Colors correspond to the regions in the legend. Ancestral nodes with greater
than 50% posterior support are highlighted with a white circle overlaid. Inset histogram on bottom
left corner shows 95% interval for the time to most recent common ancestor (TMRCA)(B-D &
F-H) Estimated number of introductions (B & F), exports (C & G), and average time of local
persistence in days (D & H) for each global region. Horizontal black line denotes median estimates.
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Figure C.4: Analysis of introductions inferred via MASCOT-GLM, related to Figure 3 and 4 (A)
The maximum clade credibility tree summary of the Bayesian inference conducted using MASCOT-
GLM on 587 sequences. Colors correspond to the regions in the legend. Ancestral nodes with
greater than 50% posterior support are highlighted with a white circle overlaid. (B) Exploded
subtrees for each region with only the introductions with greater than 50% posterior support show-
ing that early underdetected introductions lead to longer transmission chains. Color at introduction
origin represents inferred source region and size of the circle at the origin is proportional to the
number of downstream tips. Length of line coming out of each introduction origin represents the
length of the transmission chain. Case counts are overlaid for each region .(C) Relationship be-
tween estimated date of introduction and persistence time with the first two large introductions
removed. Each circle represents a single viral introduction with greater than 50% posterior support
into the region denoted by the color (i.e. a green point represents an introduction into Western
Europe). The size of each point is proportional to the size of the outbreak cluster resulting from
each introduction with larger circles representing more resulting downstream tips. Blue dashed
line represents the linear best fit line using Pearson’s correlation. Blue shaded region denotes the
variability of the line and the resulting estimates from Pearson’s correlation are shown in text
above the shaded region.
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Figure C.5: Effective population size estimated via MASCOT-Skyline, related to Figure 3.Esti-
mates of effective population sizes (NeTao in years) from April 2022 through December 2024 using
587 sequences subsampled equally throughout time. In contrast to the main MASCOT-GLM anal-
ysis, no empirical predictors were used, showing the extent of phylogenetic signal and uncertainty
when using only genomes.
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Figure C.6: Estimates of time-varying reproductive number (Rt), related to figures 5 and 6. (A)
Estimates of Rt from April 2022 through December 2023 via MASCOT-GLM for four global regions
separated by source of contribution. Blue denotes local Rt without the influence of outside viral
introductions while orange shows the added contribution of introductions. Central Europe was
removed due to limited data on introductions. (B) Estimates of time-varying reproductive number
(Rt) in five global regions Estimates of Rt from April 2022 through December 2022 using renewal
model framework from case counts only. The inner area denotes the 50% HPD interval and the
outer area denotes the 95% HPD interval. Dashed line highlights an Rt value of 1 above which
denotes an exponentially growing viral epidemic. (C-D) Scatter plot comparing mean Rt calculated
via MASCOT-GLM for North America vs cumulative percentage of high risk individuals with
vaccine-induced immunity in the United States with a one week lag to account account for the
development of immunity (C) and no lag following date of vaccination (D). Red line indicates
the best fit spline for scattered points. Dashed gray line indicates expected linear decrease in Rt
with increasing vaccine-immunity assuming SIR dynamics. Over each point are the dates that
correspond to the mean Rt and percent of immunity at that moment.
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Figure C.7: Size distribution of clusters of identical mpox sequences, related to Figure 7 (A) Size
distribution of clusters of identical mpox sequences worldwide. (B) Dynamics of mpox cases in the
location of study. The coloured rectangles correspond to the study period. (C) Size distribution
of clusters of identical mpox sequences by location during the decreasing phase of the outbreak
(study period defined in B).
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Region Country DTA MASCOT-GLM

Table C.1: Geocoding for various country and regional scales used in this study, related to Fig-
ures 2 and 3. DTA denotes the samples for the phylogeographic analysis which was subsampled
using confirmed case counts as weights. MASCOT-GLM column denotes the sample for the phy-
lodynamic inference which was subsampled by enforcing equal temporal sampling per country per

month.
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Analysis ‘ Tree prior ‘ TMRCA ‘ Migration rate ‘ Clock rate
‘ | Mean [ 95% HPD | Mean [ 95% HPD | Mean [ 95% HPD
With three retrospectively-collected March 2022 sequences from the UK

MASCOT-GLM | Approximate Structured Coalescent | 2021-12-03 | (2021-09-21 to 2022-02-01) | 1.77 | (1.45 -2.13) | 6.27E-05 | (5.62e-5 — 6.96¢-5)
MASCOT-Skyline | Approximate Structured Coalescent | 2022-01-29 | (2021-12-07 to 2022-03-12) | 1.83 (1.38-3.00) | 5.71E-05 | (5.06e-5 — 6.39¢-5)
DTA SkyGrid 2022-03-24 | (2022-03-09 to 2022-03-27) | 0.72 (0.57-0.89) | 8.41E-05 | (7.71e-5 ~9.10e-5)
DTA Skyline 2022-03-18 | (2022-02-25 to 2022-03-27) | 1.34 | (1.03-1.66) | 5.64E-05 | (5.006-5 — 6.39-5)
DTA Constant 2022-01-23 | (2021-12-21 to 2022-02-24) | 0.81 (0.68-0.89) | 9.44E-05 | (8.64e-5 ~1.05¢-4)

Without March 2022 sequences from the UK

MASCOT-GLM

[ Approximate Structured Coalescent | 2021-11-29 [ (2021-09-19 to 2022-01-28)

DTA

| SkyGrid [ 2022-03-30 | (2022-03-05 to 2022-04-19)

Table C.2: Comparison of time to most recent common ancestor (TMRCA), migration rate (mi-
gration events per year), and clock rate (substitutions per site per year) by method, related to
Figures 2 and 3. First five rows denote the comparison of key summary statistics from main and
alternative models used (with varying tree priors and inclusion of empirical predictors) which in-
clude three sequences from March 2022 which were found retrospectively in the UK. The last two
rows represent the main analyses but without the three retrospective march 2022 samples.

As.sumpflon ?'(.‘gardmg the . R estimate k estimate Proportion of infected individuals with 0 offspring
. propor tion of Location (mazimum likelihood estimate with 95% CI) | (mazimum likelihood estimate with 95% CI) (obtained from R and k MLE)
infections detected

Portugal 0.87 (0.71-1.03) 4%

United Kingdom 1.10 (0.98-1.22) 2%

10% California (USA) T.14 (1.08-1.20) 0.16 (0.11-0.23) %
New York (USA) 1.05 (0.94-1.14) 2%

Washington (USA) 1.06 (0.94-1.19) 2%

Portugal 0.60 (0.44-0.80) 72%

United Kingdom 0.89 (0.73-1.06) 66%

50% California (USA) 0.94 (0.85-1.03) 0.30 (0.18-0.54) 65%
New York (USA) 0.82 (0.69-0.94) 7%

Washington (USA) 0.81 (0.69-1.02) 6%

Portugal 0.46 (0.31-0.66) 4%

United Kingdom 0.76 (0.59-0.95) 66%

100% California (USA) 0.82 (0.72-0.92) 0.36 (0.21-0.71) 65%
New York (USA) 0.68 (0.55-0.82) 68%

Washington (USA) 0.70 (0. 3-1 0.91) 68%

Table C.3: Reproduction numbers and dispersion parameter estimates from the analysis of the size
distribution of clusters of identical sequences using a joint-likelihood, related to Figure 7. For each
location, we report maximum likelihood estimates (MLE) along 95% likelihood profile confidence
intervals. Different assumptions regarding the proportion of infections sequenced are explored.
These estimates were obtained by allowing the reproduction numbers to vary between regions but
assuming a similar value of the dispersion parameter k across locations.
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Proportion of infected individuals

Location Assumption regarding R estimate k estimate with 0 offsprine
’ the proportion of infections detected | (mazimum likelihood estimate with 95% CI) | (mazimum likelihood estimate with 95% CI) (obtained from R‘andbk MLE)

10% 0.8 (0.64-0.98) 0.09 (0.02-0.3) 81%
Portugal 50% 0.57 (0.40-0.79) 0.19 (0.04-1.8) 7%
100% 0.45 (0.29-0.67) 0.23 (0.06-6.5) 8%
10% 0.97 (0.81-1.12) 0.11 (0.03-0.34) 78%
United Kingdom 50% 0.76 (0.58-0.95) 0.23 (0.04-2.6) 2%
100% 0.63 (0.45-0.8) 0.2 (0.05- >10) 2%
0% .03 (0.95-1.11) 0.07 (0.03-0.11) 83%
California (USA) 50% 0.89 (0.8-0.98) 0.19 (0.08-0.42) 72%
100% 0.79 (0.68-0.89) 0.25 (0.1-0.75) 70%
10% 121 (1.14-1.29) 1.26 (0.37 - >10) 7
New York (USA) 50% 0.92 (0.79-1.03) 1.04 (0.24- >10) 52%
100% 0.75 (0.61-0.88) 0.99 (0.19- >10) 58%
0% T.1(0.99-1.21) 0.23 (0.07-0.72) 67%
Washington (USA) 50% 0.85 (0.71-1.02) 0.38 (0.13-2.3) 64%
100% 0.71 (0.55-0.9) 0.43 (0.16-2.8) 66%

Table C.4: Location-specific reproduction number and dispersion parameter estimates from the
analysis of the size distribution of clusters of identical sequences, related to Figure 7. For each
location, we report maximum likelihood estimates (MLE) along 95% likelihood profile confidence
intervals. Different assumptions regarding the proportion of infections sequenced are explored.
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