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A diversity of pathogens threaten human health. These pathogens include eukaryotes,

prokaryotes, and viruses, together encompassing significant variation in their biology. Some have

newly emerged in humans, like the RNA virus SARS-CoV-2, while others, like the protozoan

parasite Plasmodium falciparum, have circulated in humans for thousands of years. Despite their

differences, a common theme among successful pathogens is an ability to evolve to evade our

immune responses and control efforts. With the revolution of nucleic acid sequencing over the past

20 years, pathogen genomics can now track evolution in real-time. Genomic methods allow us to

determine if pathogen genetic diversity is a benign product of mutation and population dynamics, or

if it represents adaptation of the pathogen to better survive. We can further quantify the impact of

genetic diversity on disease severity and immune escape by combining sequence data with clinical

metadata. In this thesis, I first describe my research using viral genomes and clinical records in

Washington State to identify increased SARS-CoV-2 viral loads with the spike D614G mutation, but

no alteration in disease severity. 614G was the first amino acid mutation to occur in spike, the

receptor-binding protein which mediates entry into cells and is the primary target of protective



immunity. At that time in the SARS-CoV-2 pandemic, we did not know if SARS-CoV-2 would evolve

to increase its transmissibility, and this work was an early contribution to our understanding of

SARS-CoV-2 evolution. This thesis also describes later work using SARS-CoV-2 genomes from

Washington State and millions from around the globe to identify positive selection for a different

mutation: ORF8 knockout. Much of SARS-CoV-2 genomic surveillance is focused on single

nucleotide substitutions in spike, but this work showed how mutations, including deletions, in other

parts of the genome can alter pathogen fitness. I also identify decreased hospitalizations and deaths

associated with this mutation, illustrating the diverse impact of pathogen evolution on disease

severity. The final section of this thesis describes my work using sequence data to understand the

impact of previously evolved genetic diversity in P. falciparum on malaria outcomes. Specifically, I aim

to use sequencing to understand how the genetic breadth of P. falciparum antigens impacts the

development of immunity to malaria using longitudinal samples from a birth cohort in Uganda. I

find limited evidence of improved disease outcomes with increasing infection number or

antigen-specific exposures in the cohort data. However, I use a longitudinal model of P. falciparum

that I built to demonstrate that the lack of signal results from sample collection and study design and

is not necessarily biologically meaningful. I further use the model to determine how parasite

sequencing can be effectively applied to answer key questions in malaria immunity. This thesis, like

the pathogens it describes, covers a diversity of topics; in so doing, it demonstrates the power of

pathogen genomics across a wide range of settings to understand continual pathogen evolution and

its consequences on human health.
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INTRODUCTION

1.1 A DIVERSITY OF INFECTIOUS DISEASES THREATEN HUMAN HEALTH

Despite gains from vaccines, antibiotics, and improved sanitation and hygiene, infectious diseases
remain one of the leading global causes of morbidity and mortality 1. In 2019, infectious diseases
caused an estimated 26.2 billion illnesses, resulting in 8.1 million deaths 2. Communicable diseases
accounted for 17.6% of disease-caused disability-adjusted life years (DALYs), causing a larger impact
on healthy human life expectancy than cardiovascular diseases, which accounted for 15.5% of total
DALYs2. This annual toll provides only a snapshot of the impact of infectious diseases on human
history. Pathogens have been infecting and influencing us for millennia: Ancient DNA sequencing
suggests that Hepatitis B virus has been present with humans for at least 10,000 years 3,4. Numerous
pathogens have left imprints on our genomes 5–7. For example, rhinovirus C, a causative agent of
childhood asthma, is associated with long-lived balancing selection on CDHR3, the cellular receptor
for virus entry 5,8. From the Bubonic plague during the Middle Ages to smallpox killing indigenous
populations in the Americas, infectious diseases have catalyzed societal change at massive scales 9,10.

The SARS-CoV-2 pandemic provides the most obvious, recent example of infectious diseases
altering human history. From 2020-2021, COVID-19 was associated with 14.8 million excess deaths,
on par with the annual death rate for all other infectious diseases prior to SARS-CoV-2’s emergence
2,11. In the United States alone, the economic cost of the COVID-19 pandemic is estimated to have
reached $14 trillion, over double federal spending in FY 2022 12,13. In healthcare, COVID-19
propelled a mass exodus from the workforce. From 2017-2021, 46% of healthcare personnel left the
field 14. In surveys of healthcare workers, nearly three quarters of individuals reported job-related
burnout as a reason for leaving and up to one third reported moral injury 15. We are still accounting
for the toll of the pandemic on our collective psyche. Anxiety and depression increased 25%
worldwide during the first year of the pandemic 16,17. These rates remain elevated, even after the
global public health emergency was declared over, with one third of U.S. adults, including half of
18-29 year-olds, currently experiencing symptoms of anxiety or depression 18. Veritably, SARS-CoV-2
provides a sobering testament to the impact of a new pathogen on humans.

On the other end of the spectrum of pathogen novelty, lies Plasmodium falciparum, the causative agent
of severe malaria. P. falciparum emerged in humans from gorillas approximately 50,000 years ago and
its genetic diversity mirrors patterns of human migration since speciation co-occurred with the

1
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INTRODUCTION

out-of-Africa bottleneck 19–21. As an ancient pathogen, Plasmodium represents another pathogen
whose impact is literally written into our genomes 6,22. For example, high rates of sickle cell disease
and alpha thalassemia are attributed to balancing selection as heterozygosity at these alleles protects
from malaria 23–28. Yet this parasite still causes a significant disease burden; in 2022, the WHO
estimated 249 million malaria cases occurred, with 608,000 deaths 29. Those deaths are primarily in
young children as immunity protects older individuals from severe disease 30–32. Significant gains
made against malaria earlier this century have plateaued due to the reallocation of resources during
the COVID-19 pandemic, mosquito evolution, and the spread of drug resistance 33–38. While
vaccines comprise an exciting new tool to fight malaria, their efficacy is limited 39,40. Curbing
transmission of P. falciparum remains an important global health priority.

From a biological perspective, these two pathogens could not be more different. SARS-CoV-2 is a
positive sense, single-stranded RNA virus with a 29.9 kb genome, encoding 12 genes 41,42. P.
falciparum is a protozoan parasite with a dsDNA, 23 Mb genome spread across 14 chromosomes,
encoding approximately 5,300 genes 43,44. SARS-CoV-2 mutates quickly on the order of 10-6

substitutions per nucleotide per replication cycle. P. falciparum’s substitution rate is much slower, 10-10

substitutions per nucleotide per replication cycle; however, its AT-rich genome (80.6%) facilitates
extreme microstructural plasticity 45. SARS-CoV-2 is primarily a respiratory pathogen, spread
human-to-human through aerosols and droplets, which uses ACE2 to predominantly infect cells
throughout the upper and lower respiratory tracts 46–48. As a virus, SARS-CoV-2 relies on and
exploits host machinery to translate its genome and assemble and release virus particles 49,50. P.
falciparum is a vector-borne, intraerythrocytic pathogen with a complicated lifecycle spread by
Anopheles mosquitoes 51–53. In humans, Plasmodium sporozoites from infected mosquitoes infect
hepatocytes, mature into merozoites, and then burst from the liver into the bloodstream 51,54.
Merozoites invade red blood cells, creating a separate parasitophorous vacuole in which the parasite
progresses from ring form to trophozoite stage to schizonts, eventually bursting open the RBC to
release 16-32 merozoites to infect new RBCs and repeat the 48-hr blood-stage cycle 51,55–57. If left
untreated, P. falciparum blood-stage infections are long-lived. Children under five have the shortest
infections, but these are on average over 100 days 58. In older individuals, case reports have identified
infections lasting up to 11 years after an individual’s exposure to P. falciparum 59,60. In contrast, the
majority of SARS-CoV-2 are acute and cleared within weeks by the adaptive immune system 61,62.

SARS-CoV-2 and P. falciparum represent two pathogen extremes. In between lie a plethora of other
pathogens from eukaryotes to prokaryotes to viruses, which encode genomes of varying sizes and
use their own diverse sets of mechanisms to replicate and cause diseases 63. Bacterial pathogens, for
example, can be intracellular or extracellular pathogens, use host machinery to a variety of degrees to
replicate, and infect everything from our skin to our brains 63–66. Helminths represent worm-like,
multicellular parasitic pathogens, which can wriggle through our vasculature, intestinal tracts, airways,
or other organs 67. Our tools to fight such pathogens are as diverse as the pathogens themselves.
Within our bodies, innate immunity provides a first line of defense. Its mechanisms range from
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1.1 A DIVERSITY OF INFECTIOUS DISEASES THREATEN HUMAN HEALTH

barrier protections, such as our skin, to molecules, like defensins and the complement cascade, to
cellular defenses, like neutrophils and macrophages 68–71. Adaptive immunity, mediated through
antibodies produced by B cells and through cellular immunity from T cells, allows our immune
system to respond to pathogens uniquely 70,71. Different types of pathogens drive distinct adaptive T
lymphocyte responses, e.g. intracellular pathogens like viruses trigger Th1 responses while
extracellular pathogens like many parasites promote Th2 responses 71–73. Outside of our bodies, we
fight pathogens using a variety of pharmaceutical and nonpharmaceutical interventions.
Pharmaceutical interventions include vaccines – which eradicated smallpox and help control many
viral and bacterial pathogens – antimicrobials – an umbrella term for antibiotics, antivirals,
antifungals, and antiparasitics – and insecticides which kill disease vectors 74–80. Non-pharmaceutical
interventions range from masking – curbing respiratory pathogen transmission – to water sanitation
– preventing the spread of gastrointestinal pathogens like schistosomiasis or cholera – to bed nets –
limiting exposure to vector-borne pathogens like malaria and dengue 81–85. While these tools are
often bespoke to a pathogen’s unique biology, a common theme is that our efforts place selection
pressure on pathogens. In order to survive, the pathogens must find ways to overcome our defenses
both within and outside our bodies.

1.2 PATHOGENS EVOLVE TO SURVIVE

Three different types of evolution typically promote pathogen fitness: (1) antigenic evolution to
avoid the immune response, (2) evolution of drug resistance to overcome pharmaceutical
interventions, and (3) evolution to increase transmissibility, irrespective of (1) and (2)

Antigenic evolution is a repeated pattern of adaptation driven by host immune responses. Influenza
provides a classic example of this: Circulating viral clades with unique Hemagglutinin (HA)
mutations turn over approximately every three to five years due to immune pressure from
individuals 86–88. SARS-CoV-2 is another example of a rapidly evolving pathogen due to antigenic
evolution 47,89,90. Since the emergence of the Delta Variant of Concern, a new lineage with distinct
spike mutations has globally swept at least every six months 91–95. In fact, the number of mutations
in the S1 subunit of the spike protein, which contains the receptor binding domain and is the
primary target of protective adaptive immunity, is correlated with lineage fitness 89. While it remains
unclear if this high rate of adaptation is an intrinsic feature of the virus or a result of recent
emergence and relatively homogeneous global exposure history, many other RNA and DNA viruses
also exhibit adaptation 96. Determining what drives different rates of adaptation is an ongoing area
of research. Antigenic evolution poses a challenge to virus control because it drives vaccine escape
90,97–99. Around the globe, numerous research centers are devoted to tracking influenza and
SARS-CoV-2 lineages and forecasting which lineages will be dominant during the next epidemic
season in order to match the vaccine to the evolving virus.
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INTRODUCTION

P. falciparum has also evolved to evade host defenses. For example, in response to the evolution of
sickle cell trait to avoid malaria, P. falciparum genotypes evolved to overcome this defense 100. As a
result, protection from malaria afforded by sickle cell trait depends on the genotype of the infecting
parasite at Pfsa loci 100. Another example of antigenic evolution in P. falciparum is that antigens within
the parasite exhibit extremely high nucleotide and haplotype diversity, which facilitates escape of
antibody responses already existing from previous infections 101. Additionally, over the course of a
single infection, P. falciparum repeatedly switches expression of its var genes 102. These genes encode
PFEMP1 proteins, which protrude from infected red blood cells during the trophozoite stage and
bind to the endothelial vessel walls, allowing the parasite to avoid clearance by the spleen 103–105.
Sampling of chronic P. falciparum infections over two weeks identified distinct var gene expression at
each timepoint 106. Mitotic recombination, or evolution, during the course of infections generates a
continual diversity of var genes, allowing chronic infections to persist 107.

Antimicrobial resistance is another driver of pathogen evolution. P. falciparum has sequentially
evolved resistance to many drugs, notably chloroquine and now artemisinin, but also to antifolates
and other aminoquinolines 37,108–111. In the late 1950’s, independent chloroquine treatment failures
were reported in South East Asia and South America 112,113. Resistance later spread from SE Asia to
Africa in the 1970’s, helping end the effort at that time to eradicate malaria globally 110,114. In the early
2000’s, as P. falciparum was nearing elimination in SE Asia, resistance to artemisinin, the first-line
drug administered in a combination therapy, emerged and spread across the continent within 10
years 37,111,115. Since then, artemisinin resistance independently emerged in multiple locations across
sub-Saharan Africa 37,116–119. In the absence of other effective drugs, our ability to treat malaria is
threatened. In tuberculosis, multidrug resistance is attributed to cause 191,000 deaths annually 120. In
HIV, drug resistance repeatedly emerged, prompting combination therapy and testing for drug
resistance in infections of people living with HIV to determine appropriate antiretroviral treatment
121,122. By 2050, antimicrobial resistance is estimated to cause 10 million deaths annually in the
absence of new interventions 123.

Pathogens can also evolve to increase their intrinsic transmissibility. Vaccine-derived poliovirus is a
devastating example 124. Wild-type poliovirus is nearly eradicated, with ongoing circulation in only
two countries 125. However, an epidemic of vaccine-derived poliovirus (VDPV), which can still cause
paralysis, circulates in many countries in sub-Saharan Africa 124,126. Without high levels of population
immunity, the oral poliovirus vaccine (OPV), which contains a live attenuated virus, can circulate in
communities 127. Circulating attenuated poliovirus can re-evolve neurovirulence and increased
transmissibility by recombination or point mutation 128,129. Reversion to neurovirulence is correlated
with vaccination campaign size, with larger campaigns resulting in more paralysis 126. Evolution to
boost intrinsic transmissibility is often seen early in the jump of a pathogen to a new species. OPV is
a forced, repeated example of species jump by causing human infections with a strain adapted to
rhesus monkey kidney cells130. As a new human virus, SARS-CoV-2 has several examples of
mutations boosting transmission, one of which I explore in Chapter 2.
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1.2 PATHOGENS EVOLVE TO SURVIVE

Overall, this thesis is concerned with identifying pathogen evolution and ascertaining its clinical
impacts. In this work, I use genomics as the tool of choice to understand pathogen evolution.

1.3 GENOMICS PROVIDES A REAL-TIME VIEW INTO PATHOGEN DIVERSITY

The completion of the Human Genome Project (HGP) in 2003 provided the first comprehensive
description of the blueprint for our species 131,132. The extensive work involved in the HGP provided
the catalyst to develop next-generation sequencing technologies, which became commercially
available in 2005 133. Next-generation sequencing offers a high-throughput tool to study biology.
Today, it is routinely used to understand everything from cancer metastasis to antibody repertoire to
schizophrenia risk to mammalian development 134–137.

For pathogens, genomic surveillance enables us to track evolution in real-time. With their short
genomes and high mutation rates, RNA viruses are the most successful application of genomic
surveillance thus far . The data sharing, analysis, and visualization infrastructure used to study
Influenza, Ebola, and West Nile virus, provided a base to launch an unprecedented level of sequence
sharing and analysis during the SARS-CoV-2 pandemic 138–141. Over 16 million SARS-CoV-2
genomes have been publicly shared via GISAID, and the time from sample collection to sequencing
is on the order of weeks, not the previous months or even years 142. Since 2019, pathogen genome
sequencing has moved from an academic exercise to a routine component of public health agencies’
pathogen responses.

Now the resources and systems developed during the SARS-CoV-2 pandemic are being applied to a
diversity of pathogens, from yeast to enteric pathogens to blood-borne parasites like malaria 143–145.
Importantly, the scale-up of genomic surveillance is occurring where pathogens circulate 146. For
example, metagenomics in Nigeria is being used to study malaria and undiagnosed febrile illnesses
147,148. Sequencing approaches do need to be altered for different genomes. While entire virus
genomes are sequenced to 10,000x coverage, amplicon sequencing is often used for more complex
genomes, such as P. falciparum or bacterial species 149–151. Designing sequencing strategies for and
developing methods to gain tractable insights from a diversity of pathogens is an ongoing area of
work 152.

1.4 METHODS TO USE PATHOGEN GENOMICS

Sequencing has become a routine tool for pathogen surveillance. We can use this surveillance data to
learn about the spread and evolution of the pathogens using computational genomics. Genomic
methods allow us to reconstruct the evolutionary histories and population sizes of pathogens,
understand their transmission between geographic regions, and identify selection pressures on
pathogen populations.
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INTRODUCTION

1.4.1 Methods to reconstruct evolutionary histories

For pathogens with limited recombination, such as many viral and some bacterial pathogens,
phylogenetics tree reconstruction is the preferred method for understanding evolutionary
relationships. In a pathogen phylogeny, tips correspond to pathogen samples collected from an
individual at a specific time, and internal nodes represent the inferred ancestors of those pathogen
samples. Thus, phylogenies allow us to understand the order of evolutionary events. Time-resolved
phylogenies go one step further by identifying time windows in which ancestral nodes existed 153.
For infectious disease genomic epidemiology, phylogenies allow us to determine when an epidemic
started and if specific evolutionary events preceded it. Phylogenetics demonstrated that the ongoing
mpox pandemic was preceded by extensive APOBEC3 deaminase editing, showing that it had
cryptically circulated in Western Africa for at least 6 years 154.

Phylogenetic trees can be reconstructed using a variety of approaches: parsimony reconstruction, for
example, minimizes the number of mutations occurring in the evolutionary branches connecting tips
155. Because parsimony will not account for back mutation, it is most appropriate for
densely-sampled populations, for which other approaches may be computationally expensive 156. For
example, in the SARS-CoV-2 pandemic, Ultrafast Sample Placement on Existing Trees (UShER) is a
parsimony-based approach used to build a global phylogeny for the millions of publicly shared
SARS-CoV-2 sequences 157. Sequencers can use UShER to place new genomes in the context of
existing SARS-CoV-2 diversity, making it a valuable tool for outbreak investigation.

Maximum likelihood tree reconstruction models the evolution of genomes.. The tree likelihood is
the probability of a sequence alignment given a model of nucleotide substitution and a tree topology,
which can be calculated using Felsenstein’s pruning algorithm 158,159. Maximum likelihood methods
search tree space to infer phylogenetic trees that maximize this tree likelihood by 160–164. Tree
likelihoods do not explicitly include time estimations. To estimate time trees in accordance with
molecular clock evolution, branch lengths from inferred trees can be rescaled to represent time using
least-squares approaches 165,166. Maximum likelihood methods work well for datasets of intermediate
sizes, on the order of thousands of sequences, and the popular Nextstrain pipeline relies on
maximum likelihood reconstruction 138. While Nextstrain gained notoriety during the SARS-CoV-2
pandemic, it is regularly used to provide a real-time view into the genetic diversity and evolution of a
variety of pathogens, including Influenza, Mpox, RSV, and Ebola.

Alternatively, Bayesian tree reconstruction can be used to jointly model sequence evolution,
evolutionary rates, population structure, and/or population dynamics over time. A Bayesian
framework explores the posterior probability distribution, or the probability of every model given
the data P(M|D). Using Bayes Theorem, the posterior probability decomposes into the prior
probability, P(M), and the evidence of the data:
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𝑃(𝑀|𝐷) =  𝑃(𝐷|𝑀)·𝑃(𝑀)
𝑃(𝐷) ∼ 𝑃(𝐷|𝑀) · 𝑃(𝑀)

Markov Chain Monte Carlo (MCMC) methods, such as the Metropolis-Hastings algorithm, can be
used to characterize the posterior distribution across model parameters 167,168. By characterizing the
posterior probability distribution across all model parameters (including tree topologies), Bayesian
tree reconstruction enables researchers to quantify uncertainty around their inferences. While
Bayesian methods are powerful, they tend to be computationally expensive and are, therefore, more
appropriate for understanding transmission patterns in-depth using small datasets with potentially
biased sampling. For example, MERS-CoV spillover patterns between camels and humans were
reconstructed using Bayesian phylogenetics to demonstrate that camels act as the primary virus
reservoir, with spillover into humans being a transient, dead-end event 169.

For pathogens with extensive recombination, phylogenetic trees are no longer appropriate because
pathogens have multiple direct parents, not the single parental node a tree represents. For such
pathogens, non-tree-based methods, such as identity-by-descent (IBD), can provide estimates of
relatedness. Genome segments are identical by descent if they have the same evolutionary history,
unlike identity-by-state, which is a descriptive statistic describing the level of sequence diversity in a
population 170. IBD is typically inferred using Hidden Markov Models (HMM), combining a Markov
chain describing the switching between relatedness and a sampling likelihood 171,172. This method, for
example, was used to demonstrate that the C580Y mutation in Pfk13 mediating artemisinin
resistance in P. falciparum emerged independently in Amazonia rather than being imported from SE
Asia 173.

1.4.2 Methods to determine pathogen population sizes

Genomics also allows us to understand population size dynamics and the prevalence of pathogens
over time. Phylodynamic methods learn about these parameters from phylogenetic trees. Tree
topologies inherently encode information about population sizes: trees from exponentially growing
populations have long branches near the tips while trees from populations of constant size have long
branches near the roots. Phylodynamics formally links this tree structure with population size and is
typically applied in a Bayesian framework as a tree prior, that is, a prior probability distribution on
the phylogenies 174,175. Bayesian phylogenetics allows joint estimation of the tree structure and
population dynamics over time 176.

Phylodynamic approaches typically use one of two distinct statistical frameworks: coalescent or
birth-death approaches. Kingman’s Coalescent stems from the observation that in a neutrally
evolving population, mutation events are independent of reproductive success 177,178. Thus, the
probability of two samples coalescing to a common ancestor in haploid populations like viruses is:

λ =  1
𝑁

𝑒
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Where λ is the rate of coalescence and Ne corresponds to the effective population size. In coalescent
reconstruction, evolution is modeled backward in time, with each node coalescing until only one
ancestral node remains. Changes in the population size can be estimated by quantifying changes in
the rate of coalescence. In contrast, the Birth-Death approach models evolution as a forward-in-time
process in which pathogens reproduce (birth), become uninfectious (die for the purpose of the
model), or are sampled (occurring as a tip on a phylogeny) 179,180. The birth death and sampling
parameters can be directly related to epidemiologic parameters, such as the effective reproduction
number R(t)

181. However, to do so, birth death models require additional knowledge about the
becoming uninfectious rates or sampling rates and draw much statistical power from the number of
samples over time 182. Both birth-death and coalescent approaches and their extensions are regularly
used to investigate pathogen epidemics over time. For example, coalescent methods incorporating
vector dynamics were able to reconstruct dengue serotype 1 effective population sizes matching
hospital data in Southern Vietnam 183.

While phylodynamics provides an approach to infer population sizes for non-recombining
pathogens, sequence data can still be used to estimate transmission intensity for diseases like malaria
caused by recombining pathogens 184. The complexity of infection, or COI, sometimes known as the
multiplicity of infection, or MOI, describes the number of unique haplotypes in a sample and can be
estimated from sample or population allele frequencies 185–187. Broadly, COI correlates with malaria
prevalence, though the correlation can vary by genotyping method, age, clinical status, and
seasonality 188,189. Importantly, COI provides an alternative metric by which malaria control programs
can measure transmission intensity, a metric that does not rely on symptomatic infections alone,
which underestimates the true transmission intensity.

1.4.3 Methods to understand transmission between geography

Controlling infectious diseases requires characterizing epidemics and their drivers and understanding
disease spread between geographies. Genetic data is an especially powerful tool for understanding
transmission connectivity between geographic regions because it encodes population structure.
Phylogeographic methods extend from phylogenetics 190. For maximum likelihood trees, discrete
trait analysis (DTA) infers the geographic location of ancestral nodes and thus can quantify when
and how often disease importations occur 191. For example, DTA was used to estimate the
importation of rabies virus across the US-Canada border, which had differing wildlife vaccination
programs 192. However, DTA can be biased by sampling and so is not appropriate when detection
rates differ wildly between locations, e.g. when different geographic regions sequence samples at
different rates 193. Instead, Bayesian approaches, like the structured coalescent, can explicitly count
for population demography and estimate migration rates between pathogen populations 194,195. For
example, approximate structured coalescent quantified importation of SARS-CoV-2 into island
nations during the first wave of COVID-19, demonstrating the effectiveness of international travel
restrictions in preventing COVID-19 deaths in these countries 196.
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For non-phylogenetic organisms, comparing IBD between geographic regions can estimate
transmission connectivity between geographies. For example, IBD analysis on P. falciparum
transmission patterns across the greater Mekong subregion identified transmission sources to target
for interventions as well as geographically isolated populations, which can be targeted for malaria
elimination 197. IBD methods can use whole genome sequence data or amplicon sequencing panels
171,172,198. Alternatively, clustering algorithms like principle component analysis (PCA) can be used to
determine if a sample represents an importation or event or ongoing local transmission 199.

1.4.4 Methods to detect selection

The methods described above, both phylogenetic and non-phylogenetic, assume no selection.
Pathogens evolve to survive under strong selection pressures, so this assumption is often violated.
These methods often still work because even if some sites in a genome are under strong selection,
the majority of mutations that arise to consensus genome levels do not impact pathogen fitness 200.
Sites under strong selective pressure can be excluded from analysis. However, detecting selection can
be an important tool for understanding pathogen evolution and, for example, identifying spreading
drug resistance or mutation patterns that increase the transmission potential of a virus 201.

Pathogen populations evolve, but not all evolution results from selection. Neutral evolution
describes the changes in allele frequencies that do not impact the fitness of an organism 202,203. In
small populations, genetic drift can rapidly shift allele frequencies without selection due to the
stochasticity of reproductive success. Negative, or purifying, selection describes the evolution of
mutations that decrease the fitness of a phenotype. Negative selection can be identified by
low-frequency alleles or absent mutations. For example, most viral polymerases are under strong
negative selection as mutation shifts those proteins outside of their fitness optima 204. Positive
selection describes the evolution of mutations that increase the fitness of a phenotype. Mutations in
the Influenza HA protein, for example, allow the virus to escape neutralizing antibodies 205.
Mutations under positive selection are overrepresented relative to expectation. dN/dS is a classic
method to distinguish selection pressures . Nonsynonymous divergence, or dN, is the ratio of
nonsynonymous, or protein-altering, mutations over the number of sites in a sequence at which a
nonsynonymous mutation can occur. Synonymous divergence, or dS, is the ratio of synonymous, or
non-protein altering, mutations over the number of sites in a sequence at which a synonymous
mutation occurs. If we assume selection occurs on proteins rather than nucleic acids, dN/dS ratios >
1 are consistent with positive selection because we identify an excess of protein-altering mutations.
dN/dS ratios ~ 1 are consistent with neutral evolution because synonymous and nonsynonymous
divergence proceeds at the same rate. dN/dS ratios < 1 are consistent with purifying selection, or a
paucity of nonsynonymous changes. dN/dS is most appropriate between populations where
mutations represent fixations, and its power is diminished in closely related populations where
mutations are still segregating 206,207.
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Selection is more efficient in large populations because genetic drift impacts dynamics less, i.e.
stochasticity drives observed patterns to a lesser degree in large populations 200. In a Wright-Fisher
population with random mating and a constant population size, once an allele under positive
selection reaches a frequency of 1/s, where s corresponds to the selection coefficient, the allele will
be fixed 208,209. Thus, positive selection can be identified on alleles that repeatedly sweep to fixation
frequency. The repetition is key as genetic drift enables alleles without any fitness benefit to fix. In
SARS-CoV-2 evolution lineages with increased fitness have been identified by their increasing
frequency trajectories across a variety of geographic locations 210. Such comparisons are best done in
disconnected geographic regions. As discussed in Chapter 2, different introduction rates of a lineage
can increase frequency without a fitness advantage.

For recombining pathogens, extended haplotype homozygosity provides an alternative way to detect
selection 211. Recombination should erode the appearance of haplotypes together. Thus, when long
tracts of identical sequences are identified, it suggests that samples with that haplotype are fitter and
have been selected for. The time of a mutation event can be determined by the length of the linked
region 212. More recent mutation events have large tracts of linkage whereas older events have
shorter tracts of linkage. Extended haplotype homozygosity identified signatures of selection in the
genome of the parasitic helminth, Schistosoma mansoni, in regions of heavy praziquantel treatment,
implicating potential drug resistance loci 213. This example illustrates the power of genomic
approaches for neglected tropical diseases, whose biology are especially understudied.

1.5 ABOUT THIS THESIS

This thesis details my research using genomics to identify selection and understand its clinical impact
in two very different yet important pathogens, SARS-CoV-2 and P. falciparum.

Chapter 2 describes work conducted early in the COVID-19 pandemic exploring the impact of the
Spike D614G in Washington State. D614G was the first amino acid mutation to occur in Spike and
rapidly swept to fixation frequency across the globe. However, it was unclear if this was an artifact of
the founder effect as new virus populations were seeded, or if the mutation added a transmission
benefit. We explore these questions at an individual level — looking for differences in viral load and
clinical severity associated with the D614G mutation — and at a population level — looking for
differences in geographic circulation patterns, effective population sizes, R(t), and rates of
introduction of 614D and 614G lineages.

Chapter 3 unravels the selection pressures associated with a different SARS-CoV-2 mutation: ORF8
knockout. Over SARS-CoV-2 evolution, ORF8 has been repeatedly knocked out by both large
deletion and premature stop codons, rising to appreciable global frequencies in the Alpha Variant of
Concern and XBB descendant lineages. It was unclear if the repeated mutation hitchhiked with
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fitness-enhancing mutations, or if positive selection led to its repeated observation. Using robust
regional sequencing, we systematically profiled the rate of gene knockout from SARS-CoV-2
circulating in Washington State, identifying ORF8 knockout transmission clusters across time and
looking for evidence of within-host selection. Globally, we looked for evidence of selection by
calculating dN/dS rates and cluster growth rates for missense and nonsense mutations split out by
gene using the global UShER phylogeny. Finally, we determined the impact of ORF8 knockout on
hospitalization and death due to COVID-19 in collaboration with the Washington Department of
Health.

While Chapters 2 and 3 are concerned with determining the clinical and fitness effects of newly
evolved genetic diversity in SARS-CoV-2, Chapter 4 describes work trying to understand the clinical
impacts of already evolved genetic diversity in P. falciparum. We specifically are interested in how
exposure to the breadth of genetic diversity at P. falciparum antigens impacts the development of
immunity to malaria in young children. In Chapter 4, we analyze PfAMA1 genotypes in longitudinal
blood samples from birth cohorts in Uganda, with the goal of identifying general and
antigen-specific exposures associated with reduced parasite densities and temperatures given P.
falciparum infection. To contextualize our results, we built and validated a longitudinal model of
blood-stage P. falciparum containing multiple antigenic loci each with multiple alleles. This model
allowed us to simulate different sequencing and study approaches to identify unique infections and
antigenic loci.

Finally, Chapter 5 describes my perspective on the successes of pathogen genomics thus far and how
we can continue to utilize it to understand the evolution of a diversity of pathogens going forward.
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ABSTRACT

The rapid spread of SARS-CoV-2 has gravely impacted societies around the world. Outbreaks in
different parts of the globe are shaped by repeated introductions of new lineages and subsequent
local transmission of those lineages. Here, we sequenced 3940 SARS-CoV-2 viral genomes from
Washington State to characterize how the spread of SARS-CoV-2 in Washington State (USA) was
shaped by differences in timing of mitigation strategies across counties, as well as by repeated
introductions of viral lineages into the state. Additionally, we show that the increase in frequency of
a potentially more transmissible viral variant (614G) over time can potentially be explained by
regional mobility differences and multiple introductions of 614G, but not the other variant (614D)
into the state. At an individual level, we see evidence of higher viral loads in patients infected with
the 614G variant. However, using clinical records data, we do not find any evidence that the 614G
variant impacts clinical severity or patient outcomes. Overall, this suggests that with regards to
D614G, the behavior of individuals has been more important in shaping the course of the pandemic
than changes in the virus.
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VIRAL GENOMES REVEAL PATTERNS OF THE SARS-COV-2 OUTBREAK IN WASHINGTON STATE

2.1 INTRODUCTION

After its emergence near the end of November or beginning of December 2019 in Wuhan, China,
SARS-CoV-2 rapidly spread around the world (1). In the United States, the first reported case of
COVID-19, the disease caused by SARS-CoV-2, was found in Washington State on January 19, 2020
in a traveler who returned from China 4 days earlier. Until the end of February, no additional cases
of COVID-19 were reported in Washington State.

At the end of February, however, a case of COVID-19 was reported in Snohomish County, the same
county where the initial case was reported. This case had no known travel history and constitutes the
first reported case of community transmission in Washington State (2). While genetically closely
related to the initial case, the later sequenced cases share a common ancestor in early February and
have been reported to likely be due to an independent introduction (2).

After these initial introductions, SARS-CoV-2 has been introduced repeatedly into Washington State
from different parts of the globe. Viruses introduced later differ genetically from those introduced
earlier, most notably in one amino acid in the spike protein, which facilitates viral entry and includes
the receptor-binding domain. Since its first occurrence, this amino acid substitution from aspartate
(D) to glycine (G) at position 614 of the Spike protein increased in relative frequency around the
world (visible at: https://nextstrain.org/ncov/global?c=gt-S_614) and now represents the vast
majority of all new cases of COVID-19 (3–5). This increase in relative frequency of the 614G variant
has been proposed to be due to higher transmissibility of the 614G variant over the 614D variant (4,
6). A modest increase in viral load has been observed in patients infected with the 614G variant (4,
7). Recently, multiple in vitro studies in human cell lines found a 3-9 fold increase in infectivity of the
614G variant (5, 8, 9). However, it remains unclear whether the population level trends are due to
higher transmissibility of the virus, or simply due to founder effects, i.e. owing to strong bottlenecks
when SARS-CoV-2 spread globally, as the D614G variant got a start early on in the European
COVID-19 epidemic and spread from Europe to the rest of the world.

Washington State differs regionally, from more densely populated areas at the coast, to more sparsely
populated areas inland. We here focus on differences between the spread on lineages of 614D and
614G in the context of regional differences within Washington State. Extensive local spread of
SARS-CoV-2 was first detected in King County, which includes the city of Seattle. King County was
also the first region in the state to take action to curb the spread of SARS-CoV-2, including several
large companies in the area mandating work from home in early March 2020 (10). After a statewide
lockdown, new cases began to fall in the whole state, except for Yakima County, where cases peaked
substantially later than in the rest of the State.

Using viral genetic sequence data isolated from patients in Washington State between February and
July 2020, we test the impact of temporal differences in county level mobility trends, as well as the
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2.1 INTRODUCTION

role of introductions from outside the state in driving case loads. We additionally investigate
potential transmissibility differences by comparing viral loads using cycle thresholds for viral
quantification. Lastly, we investigate whether the D614G amino acid substitution leads to more
severe disease in patients infected with SARS-CoV-2.

2.2 RESULTS

2.2.1 Outbreak in Washington State caused by repeated introductions and shaped by temporal differences in
mobility reductions.

We sequenced 3940 viruses from Washington State collected between February and July 2020 and
used these sequences alongside other publicly available sequences from elsewhere in the world to
characterize transmission dynamics. We observe SARS-CoV-2 entered Washington State from
different parts of the world and subsequently spread locally, evident as clusters of genetic similar
Washington State viruses in the global phylogeny (Fig. 2.1A). An early February introduction of a
614D variant (2, 11) fueled much of the early outbreak in March and April, but this lineage was
supplanted through multiple introductions of 614G, and past April the majority of viruses are 614G
(Fig. 2.1).

To analyse the introduction and local spread of SARS-CoV-2 in Washington State, we first split these
sequences into different local transmission clusters, which we define as groups of sequences that
originate from a single introduction into Washington State. To do so, we use a parsimony based
clustering approach, considering Washington State and everything outside Washington State as the
two possible locations for parsimony clustering. The local transmission clusters obtained are shown
at https://nextstrain.org/groups/blab/ncov/wa-phylodynamics?c=cluster_size and their size
distribution and D614G makeup are shown in Figure S2.1. We then use these local transmission
clusters to analyse the spread of SARS-CoV-2 in the state using two phylodynamic approaches. First,
we estimate the effective reproduction number (Re) using a birth-death approach (12), where we treat
each individual local transmission cluster as independent observation of the same underlying
population process (13). Next, we estimate effective population sizes over time and the degree of
introductions using a coalescent skyline approach (14). To do so, we assume that all sequences that
cluster together are the result of local transmission and each individual cluster is the result of one
introduction into Washington State. We then model the whole process as a structured coalescent
process (15, 16) where we assume to know the migration history based on the previous clustering
(see Methods and Material for details). In contrast to the birth-death model, the coalescent
conditions on sampling, meaning that the information about population level trends comes from the
phylogenetic tree itself and not from the number of sequences through time.
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VIRAL GENOMES REVEAL PATTERNS OF THE SARS-COV-2 OUTBREAK IN WASHINGTON STATE

Fig. 2.1. SARS-CoV-2 phylogeny highlighting D614G split and cases through time in Washington
State. (A) Phylogenetic tree of 13,900 sequences from Washington State and around the world. Tips are
colored based on sampling location. This is a time-calibrated phylogeny with time shown on the x-axis. The
split between 614D sequences (blue) and 614G (orange) sequences is shown as a bar to the right of the
phylogeny. (B-E) Confirmed cases and genetic makeup of SARS-CoV-2 across Washington State and
individual counties. The green line shows a 7 day moving average of daily confirmed cases. The bar plots
show weekly sequenced cases in our dataset. Cases due to the 614D variant are shown in blue and cases due
to the 614G variant are shown in orange.

We perform these phylodynamic analyses for a random subsample of 1500 samples from all
Washington counties except for Yakima County as well as for the 614D (500 sequences) and 614G
(1000 sequences) lineages separately. Additionally, we performed the same analysis using 750
sequences from Yakima County only. After an initial introduction (2), the number of cases grew
rapidly (Fig. 2.2A). As expected, growth in confirmed cases is mirrored in phylodynamic estimates of
viral effective population size (Fig. 2.2A). Additionally, we observe maximal transmission intensity at
the end of February when Re is between 2 and 3 (Fig. 2.2B). This is consistent with other estimates
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2.2 RESULTS

of the effective reproduction number of SARS-CoV-2 during early phases of an epidemic when
control measures are not in place (17–19).

Around the time when community spread in King County was announced on February 29, 2020, we
observe decreased occupancy of workplaces according to Google mobility data (Fig. S2.2) (20). This
reduction in workplace mobility occurred earlier in King County, compared to other regions of the
state that had little or no reported cases at the time (Fig. S2.2). This is consistent with several
businesses starting to institute measures, such as work-from-home policies, at the beginning of
March (10). This reduction in mobility in King County coincided with a reduction in the effective
reproduction number of 614D cases in the state (Fig. 2.2.B). By the time initial statewide measures
were taken on the 11th of March, cases of 614D had almost peaked and were starting to decline
while overall cases were approximately constant or still increasing (Fig. 2.2A).

Cases of 614G were still increasing and peaked a little over a week later than cases of 614D (Fig. 2.1
and 2.2A). This was around the time when the statewide lockdown order came into effect on March
24, 2020. While cases of 614D were initially mostly located around Seattle, cases of 614G were more
widespread throughout the state. Viruses sampled from cases in Pierce County and in the counties
north of King County mostly harbored the 614G variant (Fig. 2.1C). Changes in the effective
reproduction number of 614G coincided with changes in mobility outside of King County (Fig.
2.2B). An alternative phylodynamic method using a coalescent approach yields highly similar results
(Fig. S2.3).

Yakima County was the other county in the state (besides King County) with a large number of
614D cases later in the epidemic (Fig. 2.1D). The outbreak there happened later than the first large
outbreak in King and neighboring counties. Additionally, the trend in cases in Yakima County
became increasingly decoupled from workplace mobility as measured by cellphone movement for
reasons likely associated with a large population of essential workers in the agricultural sector and
seasonal worker migration poorly captured in mobility metrics (Fig. S2.4) (21, 22).

In order to test if amino acid substitutions beyond D614G impacted the chance of SARS-CoV-2 of
spreading locally, we next tested if introductions of lineages with more amino acid substitutions were
more successful in spreading locally. To do so, we computed the number of amino acid and
nucleotide substitutions of the first sampled sequence of each local transmission cluster relative to
Wuhan/WH01/2019(23) . We then estimated whether there is a relationship between the number of
amino acid and nucleotides substitutions, when a lineage was introduced into Washington State and
whether that introduction was successful, which we define as having led to detectable local
transmission. Consistent with (24) we did not find any significant relationship between the number
of amino acid substitutions and the success of an introduction (Fig. S2.5).
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Fig. 2.2. Regional dynamics of SARS-CoV-2 in Washington State inferred from confirmed cases and
pathogen genomes. (A) Estimates of effective population sizes for the outbreak in Washington State (green
interval), as well as for 614D (blue interval) and 614G (orange interval) individually compared to confirmed
cases in the state (gray bars). The inner band denotes 50% highest posterior density (HPD) interval and the
outer band denotes the 95% HPD interval. (B) Re estimates using a birth death approach for the same groups
as in (A). The Re estimates are compared to Google workplace mobility data for King, Pierce, Skagit and
Snohomish Counties shown as black solid and dashed lines. Workplace mobility is represented as a 7 day
moving average.

Introductions of SARS-CoV-2 cases from different countries or different areas within a country
have repeatedly been discussed as drivers of local outbreak, particularly in the context of travel bans.
We therefore investigated the importance of introductions in driving the outbreak in Washington
State. To do so, we estimated the relative contribution of introductions compared to local
transmission following the coalescent approach introduced above. In short, we use the estimated
changes in effective population sizes over time and the estimated rates of introduction to compute
the percentage of new cases in the state due to introductions (see Material and Methods for details).
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We estimate the percentage of new cases due to introductions in Washington State (excluding
Yakima County) to be below 10% initially and to then have increased to about 10% by the middle of
March through early April (Fig. 2.3). As a reference, the US instituted a travel ban for non-residents
coming from China on February 2, 2020, and a travel ban from Europe effective March 16, 2020.
Increases in the proportion of introductions of the overall cases can either be driven by a reduction
in the local transmission rate and or an increase in the rate of introduction.

These introductions were unevenly distributed across the different clades 614D and 614G (Fig. 2.3)
(6, 25). The proportion of introduced 614G cases is substantially greater than the proportion of
introduced 614D cases. We estimate the percentage of introduced 614D cases to be below 3%
during the whole outbreak. On the other hand, we infer the percentage of introduced 614G cases to
have been over 10% until the beginning of April. This means that a substantially higher fraction of
614G cases were caused by introductions than for 614D cases. This is expected, considering that
cases of 614G were much more widespread outside of China (Fig. 2.1A), including in areas with
relatively strong travel patterns to Washington State during the epidemic, such as New York State.

We next tested whether the percentage of new cases caused by introductions are reasonable given
the number and size distribution of local transmission clusters. To do so, we simulated local
transmission clusters where 0.1%, 1% or 10% of all infections are caused by novel introductions. We
find that the observed patterns in transmission cluster size distributions fall between the simulated
patterns for 1% and 10% of all infections having been caused by introductions (Fig. S2.6).

Overall, it appears that population level changes in Washington State in relative frequencies of the
two lineages can be explained by differences in timing of measures to curb the spread of
SARS-CoV-2 on a county level and by repeated introductions of 614G. Although a parsimonious
explanation of observed dynamics, this does not preclude 614G having a higher transmission rate
relative to 614D. Additionally, these population level trends are impacted by many confounding
factors that are not directly related to the virus itself. We therefore next move to investigate whether
we can observe differences between individuals infected with viruses from either lineage on an
individual level.
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Fig. 2.3. Phylogenetic estimate of the percentage of introductions of the overall cases. Percentages are
estimated as the relative contribution of introductions to the overall number of infections using the multi-tree
coalescent. Percentages are shown for the outbreak in Washington State (green interval), as well as for 614D
(blue interval) and 614G (orange interval). The inner area denotes the 50% HPD interval, the outer area
denotes the 95% HPD interval.

2.2.2 D614G leads to higher viral load, without apparent effects on virulence.

We tested for differences in viral loads between patients infected with either the 614D or the 614G
viral variants by comparing cycle threshold (Ct) values. Ct values are inversely correlated with viral
load, and differences in Ct values between these two variants have been reported previously (4, 7).
To test this, we analyzed 1743 SARS-CoV-2 sequenced samples from Washington State for which we
had access to Ct values. We only used genomes sampled between February and April 2020, when
both lineages were circulating in Washington State.

Of these 1743 genomes, 1128 genomes were from patients referred by a healthcare provider for
nasopharyngeal swab testing to the University of Washington (UW) Virology laboratory. 523
genomes were from samples collected by the Washington Department of Health (WA DOH), and
92 samples were from self-collected mid-turbinate nasal swabs mailed in for testing as part of the
Seattle Coronavirus Assessment Network (SCAN). During this time period, UW Virology used
multiple platforms for PCR testing (Fig. S2.7A). Since it is difficult to compare Ct across primer sets
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and platforms (26), we mainly focus on samples amplified with the most common primer set: N1,
N2 (n=879), although analyses using ORF1ab primers (n=229) were also conducted.

We found that patients infected with viruses with the 614G substitution had lower Ct values (higher
viral load) than those infected with 614D viruses in all three collection channels (Figs. 2.4A, S2.8).
This difference was significant by Wilcoxon Rank Sum Test in samples from UW Virology (N1, N2
primers: median Δ = 1.5 cycles, p = 1.5e-12, ORF1ab primers: median Δ = 2.5 cycles, p = 0.0012)
and WA DOH (median Δ = 1.4 cycles, p = 0.046), but not in SCAN samples, where we had far
fewer samples (median Δ = 2.1 cycles, p = 0.077) (Figs. 2.4A, S2.8).

We next tested whether factors other than D614G variant predict Ct values. To do so, we applied a
generalized linear model (GLM), assuming normally distributed Ct values, to the UW Virology and
SCAN samples using variant, patient age, and days post-symptom onset as potential predictors of Ct
values as we, like others, found Ct to be positively correlated with time since symptom onset (Fig.
S2.9A) (27–30).

We find that D614G variant and days since symptom onset are significant predictors of Ct values.
Variant 614G has a Ct value that is, on average, 1.6 cycles lower than the 614D variant (N1, N2
primers: p = 1.9e-07) (Fig. 2.4B) when controlling for age and time since symptom onset. This
difference in Ct translates to a 0.47 log10 increase in viral load (95% CI: 0.29-0.64 log), assuming the
standard curve is linear in this region. For each day post-symptom onset, Ct value is predicted to
increase by 0.2 cycles (N1, N2 primers: p = 3.3e-7), which is consistent with other work on Ct values
and infection time course (27–30). In SCAN samples, we observe similar coefficients and
significance in the GLM (Fig. S2.8). With ORF1ab primers, D61G variant is not a significant
predictor;however, the residuals are not normally distributed, suggesting the model fits poorly with
ORF1ab primers (Fig. S2.8).

We additionally looked for a difference in time of symptom onset and sampling date between the
two variants — sampling date could be a confounding variable since relative abundance of the 614G
variant increased over time (Fig. 2.1B) — but did not find any (Fig. S2.9B). Since Ct values were
shown to vary with effective reproduction numbers(31), we tested if Ct values changed over time
after accounting for the two spike variants. There were also not clear differences in Ct across time
when accounting for the spike variant (Fig. S2.9C).

We next tested if substitutions other than spike D614G contributed to observed Ct differences.
First, we considered the genetic diversity defined by five viral clades using the Nextstrain
nomenclature: 19A, 19B, 20A, 20B, and 20C (Fig. S2.10A). Clades 19B and 20C differed significantly
in their Ct values from the other clades (mean Δ = 1.5 cycles, p adjusted = <2e-8 Tukey’s Range
Test) (Fig. S2.10B). However, when controlling for 614G variant, clade membership was not
predictive of Ct (Fig. S2.10C). Most samples with Ct available fell into clades 19B and 20C, which
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primarily contain 614D and 614G variants respectively, so there may not be enough genetic diversity
in our dataset to identify Ct differences with respect to the other viral clades.

Fig. 2.4. Factors affecting viral load and disease severity at an individual level. A Comparison between
cycle threshold (Ct) values for viruses with 614G and 614D variants. B GLM analysis of Ct values using spike
variant, age, and days since symptom onset as predictors. C Odds ratios of being hospitalized given infection
with SARS-CoV-2. Error bars show 95% CI, corrected for multiple hypothesis testing using a Bonferroni
Correction. D Estimates of the average chance that a patient from a given group was infected with a virus
from the 614D clade. The error bars denote the standard error of the average chance that a patient from a
group was infected with a virus from the 614D clade.

Next, we explored the relationship between the number of amino acid substitutions different from
Wuhan/Hu-1/2019 and Ct value. We did not find a significant correlation between amino acid
substitutions and Ct with either the 614D or the 614G variants (D: Pearson’s = -0.052, p = 0.14; G:
Pearson’s = 0.061, p = 0.066) (Fig. S2.11A,B). However, a GLM of 614D variant samples predicted a
0.42 decrease in cycle threshold with each additional amino acid substitution (p = 0.011) (Fig.
S2.11C). In the same GLM applied to 614G variants, amino acid substitutions were not predictive of
Ct (p = 0.66) (Fig. S2.11D). Within the 614D variants, there was not a specific protein which
increased amino acid changes impacted Ct. This might suggest that within our dataset 614G variants
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are at a local fitness maxima while 614D variants are not. Thus, there could be more opportunity for
amino acid substitutions in 614D variants to impact viral load. We may, however, miss some
potentially confounding predictors in this analysis, which could inflate the confidence in the results.

We also found a difference in age of people infected between the two lineages (Fig. S2.12). In
samples from UW Virology, the average age of patients infected with viruses from the 614D and
614G lineages were 56.6 and 52.4, respectively (p = 5.8e-04, Student’s t-test). In SCAN samples, the
average age of patients was 45.8 for 614D and 38.4 for 614G (p = 0.088). Age differences may be
caused by increased testing, resulting in detection of less severe, younger cases later in the epidemic
when 614G was more prevalent (Figs. 2.1 and 2.2). However, we tested this hypothesis in a GLM
with week of sample collection and D614G variant as potential predictors of age. Individuals with
614G variant were 3.5 years younger on average (p = 0.0098) while sample week was not a
significant predictor of age (p = 0.20) (Fig. S2.12). A skew towards younger individuals is consistent
with either a more transmissible virus or with more severe infection as this would result in a larger
fraction of younger patients seeking testing. However, the absolute difference in age of infection is
still small.

For 248 of the 1128 sequences from patients referred for SARS-CoV-2 testing by a healthcare
provider, we had access to additional clinical information. 104 of these patients were infected with
viruses from the 614D clade, and 144 patients were infected with viruses from the 614G clade. We
used data from electronic health records to examine if differences in Ct values hold after correcting
for additional potentially confounding factors. We performed the same GLM analysis as above, but
omitted days since symptom onset as it was missing from most samples and included additional
potential predictors, such as sex, active cancer or immunocompromised status, hospitalization, and
whether a patient required intensive care or died.

We again found the D614G variant to be significantly associated with Ct values (N1, N2 primers,
n=184). Sex was also a significant predictor of Ct with male individuals having Ct values 1.09 units
lower than female individuals (st. error = 0.48, p = 0.02). None of the other predictors were found
to be significant in predicting Ct values, which might be driven by a small sample size (Table S2.1).
With ORF1ab primers, D614G variant was not significantly associated with Ct values, nor were
residuals normally distributed (n=63) (Table S2.2). ORF1ab primers were used later in the epidemic
when the 614D variant was less abundant (Fig. S2.7B).

We next investigated which factors impact clinical outcome. To do so, we grouped cases into
inpatient (hospitalized) or outpatient (not hospitalized). We then performed a logistic regression
with inpatient or outpatient as potential outcomes. As factors predicting the outcome, we considered
clade membership, sex, immunocompromised/active cancer, age, week of testing and measured Ct
value. The significant predictors for hospitalization were age (p = 3.2e-06) and measured Ct value (p
= 0.012) after Bonferroni Correction for multiple hypothesis testing. Whether a patient was
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suffering from active cancer and/or was immunocompromised had an estimated odds ratio of 2.9
(0.8-10.8) but was not significant. We did not find any evidence that D614G variant impacts clinical
outcome (Fig. 2.4C). This is consistent with neither variant being enriched significantly in males,
immunocompromised/active cancer patients, hospitalized patients, and patients who required
intensive care or succumbed due to COVID-19 (Fig. 2.4D).

2.3 DISCUSSION

The COVID-19 pandemic has greatly impacted lives around the world. As a virus that just recently
made the jump into humans, understanding its transmission dynamics and the drivers of its spread
are of utmost importance. The emergence of novel, more transmissible strains of SARS-CoV-2
based on an increase in relative frequencies over time has been suggested previously (25).

Consistent with trends from other locations around the world (4), we find that cases of the spike
614D variant were initially dominating in Washington State, but were later taken over by spike 614G.
However, the trends for 614G and 614D cases we observe in Washington State appear to be
explained by differences in when action to curb the spread of SARS-CoV-2 were taken on a county
level (Figs. 2.1, 2.2). The trends in effective reproduction numbers between the two clades 614G and
614D coincide with the different trends in mobility of King County (which includes Seattle) and
other areas that experienced substantial spread of SARS-CoV-2. The observed patterns are
consistent with initial spread of the 614D clade being largely concentrated in King County, which
was then mitigated early on (Fig. 2.2B). Spread of 614G on the other hand, while present in King
County, dominated in other areas of the state and the reduction in the Re of this variant coincides
with a reduction in mobility in these areas, which happened approximately 9 days after King County
(Fig. 2.2B). The spread of SARS-CoV-2 in Yakima County, however, seems to be poorly captured by
mobility trends (Fig. S2.4).

We additionally infer introductions play a larger role in driving cases of the 614D variant than of the
614G variant. This suggests that differences in the relative frequencies of the two variants are at least
in part driven by differences in when and where lineages were introduced into the state. Overall, we
find that we can explain the changes in relative frequency of the 614D and 614G variants over time
by non-viral factors in absence of intrinsic transmission rate differences. This does, however, not
exclude the possibility that such differences exist and have led to the replacement of 614D by 614G
in other parts of the world. The observation that changes in patterns of which lineages are
introduced into a location can drive changes in local frequencies of a variant is important when
evaluating whether new variants (such as B.1.1.7) are more transmissible. In particular, it means that
an increase in relative frequency of a new variant in different places does not necessarily provide
independent evidence about whether or not the new variant is more transmissible.
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We do find evidence for lower Ct values in patients infected with viruses of the 614G variant, which
suggests higher viral loads (Fig. 2.4A,B). This holds, even after including several additional factors,
such as the age of a patient and days since symptom onset, as potential predictors for Ct values.
However, we did not find evidence that D614G has an impact on risk of hospitalization (Fig.
2.4C,D) even though testing policy would bias toward finding a variant with greater virulence as
hospitalized patients are overrepresented in the dataset (32, 33). The differences in Ct values
translates approximately to a 0.47 log10 increase in viral load (95% CI: 0.29-0.64 log10). This
difference might not be large enough to lead to large differences in severity or transmissibility that
can be observed in a dataset of this size.

Our findings are broadly consistent with other analyses on the spike D614G substitution. Korber et
al. did find evidence of lowered Ct but limited clinical difference for viruses of the 614G clade in
Sheffield, UK (4). Recent in vitro studies show that pseudovirus containing spike protein with 614G
substitution exhibits greater infectivity (5, 8, 9). Volz et al. suggest increased transmissibility of 614G
over 614D in an analysis of thousands of sequences from the United Kingdom (6).

While our results are broadly consistent with other analyses, they are not without limitation. First,
the sample collection is likely biased towards more symptomatic cases. Additionally, the collection of
SARS-CoV-2 samples was limited initially and improved during the study period and likely differed
across different geographic areas. In other words, the sampling regime likely differed across space
and time, potentially impacting the results.
The phylogenetic analyses condition on specific clustering of sequences in Washington State by
incorporating background sequences from other locations. Differences in sampling and sequencing
regimes in potential source locations of SARS-CoV-2 relative to Washington State could bias this
clustering, which in turn could affect the estimated rates of introductions into Washington State and
potentially also the effective reproduction numbers over time. Lastly, the phylodynamic methods
used here make a few simplifying assumptions about how SARS-CoV-2 is spread, such as random
sampling of infected individuals, homogeneous mixing of individuals, or the absence of
superspreading. While we address the latter in our simulation study, it’s not fully clear how some of
these simplifying assumptions affect the inference results.

Overall, we do find evidence for higher viral loads in individuals with viruses from the 614G clade,
which theoretically could impact transmissibility and severity. However, we do not see strong
evidence that this degree of difference in Ct manifested in substantial differences in transmissibility
or severity of infection with SARS-CoV-2 in the spring/summer 2020 Washington State epidemic.

2.4 MATERIALS ANDMETHODS

2.4.1 Sample collection & testing for SARS-CoV-2
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In this manuscript, we analyze 3940 SARS-CoV-2 genomes sequenced from samples collected in
Washington State between February and July 2020 as our primary dataset. These samples were
pooled across three different channels: UW Virology, WA DOH and SCAN, described below.

For the 1236 UW Virology samples, nasopharyngeal/oropharyngeal swabs were obtained as part of
clinical testing for SARS-CoV-2 ordered by local healthcare providers, or collected at drive-up testing
sites. RNA was extracted and the presence of SARS-CoV-2 was detected by RT-PCR as previously
described using either the emergency use-authorized UW CDC-based laboratory-developed test,
Hologic Panther Fusion or Roche cobas SARS-CoV-2 tests (34).

For the 2601 WA DOH samples, nasopharyngeal/oropharyngeal/bronchoalveolar/sputum samples
were obtained for SARS-CoV-2 clinical testing as requested by submitting healthcare entities. RNA
was extracted and the presence of SARS-CoV-2 was detected either via the CDC 2019-nCoV
RT-PCR Diagnostic Panel or Applied Biosystems TaqPath COVID-19 Combo Kit.

For the 103 SCAN samples, specimens were shipped to the Brotman Baty Institute for Precision
Medicine via commercial couriers or the US Postal Service at ambient temperatures and opened in a
class II biological safety cabinet in a biosafety level-2 laboratory. Two or three 650 µL aliquots of
UTM were collected from each specimen and stored at 4˚C until the time of nucleic acid extraction,
performed with the MagnaPure 96 small volume total nucleic acids kit (Roche). SARS-CoV-2
detection was performed using real-time RT-PCR with a probe sets targeting Orf1b and S with FAM
fluor (Life Technologies 4332079 assays # APGZJKF and APXGVC4APX) multiplexed with an
RNaseP probe set with VIC or HEX fluor (Life Technologies A30064 or IDT custom) each in
duplicate on a QuantStudio 6 instrument (Applied Biosystems).

2.4.2 Viral sequencing & genome assembly

For UW Virology samples, sequencing was attempted on all specimens with Ct < 32 using either a
metagenomic approach described previously (2, 35), via oligonucleotide probe-capture (36), or using
an amplicon sequencing based approach (37). Libraries were sequenced on Illumina MiSeq or
NextSeq instruments using 1x185 or 1x75 runs respectively. Consensus sequences were assembled
using a custom bioinformatics pipeline (https://github.com/proychou/hCoV19) that combines de
novo assembly and read mapping to generate a per-sample consensus sequence. Consensus
sequences were deposited to Genbank and GISAID, and raw reads to SRA under Bioproject
PRJNA610428.

For samples from WA DOH and SCAN, sequencing was attempted on all specimens with Ct < 30
using a hybrid-capture approach. RNA was fragmented and converted to cDNA using random
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hexamers and reverse transcriptase (Superscript IV, Thermo) and a sequencing library was
constructed using the Illumina TruSeq RNA Library Prep for Enrichment kit. Using Ct value as a
proxy for viral load, samples were balanced and pooled 24-plex for the hybrid capture reaction.
Capture pools were incubated overnight with probes targeting the Wuhan-Hu-1 isolate, synthesized
by Twist Biosciences. The manufacturer’s protocol was followed for the hybrid capture reaction and
target enrichment washes. Final pools were sequenced on the Illumina NextSeq or NovaSeq
instrument using 2x150bp reads. The resulting reads were assembled against the SARS-CoV-2
reference genome Wuhan-Hu-1/2019 (Genbank accession MN908947) using the bioinformatics
pipeline https://github.com/seattleflu/assembly. Consensus sequences were deposited to Genbank
and GISAID. Samples sequenced by UW Virology have a higher proportion of 614G variants
(54.7%) than SCAN & WA DOH samples (48.6%) which were sequenced using a different pipeline
(Chi-squared test: p = 0.017). Investigating differences in Ct independently for each primer type
should control for differences in spike variant proportion as primer types do not overlap between
sequencing pipelines.

2.4.3 Clustering

In order to distinguish between sequences that are connected by local transmission, we cluster all
sequences from Washington State together based on their pairwise genetic distance. To do so, we
first built a timed tree using sequences from Washington State and from around the world using the
Nextstrain pipeline (3). Overall, we used 4023 sequences from Washington State and 6028 from the
rest of the world. 2601 of all sequences were from the Washington Department of Health, 1236
from the UW Virology Lab, 103 from SCAN. All other sequences were downloaded from the
GISAID EpiCoV database (38, 39).

We then use a parsimony based approach to reconstruct the locations of internal nodes. To do so,
we consider all sequences from Washington State as one location and all sequences from anywhere
else on the globe to be from another location. We then reconstruct the internal node locations using
the Fitch parsimony algorithm. We consider each group of sequences to be on the same local
transmission cluster, if all their common ancestor nodes are inferred to be in Washington State. We
additionally tested the sensitivity of this approach to having less background samples. To do so, we
randomly removed sequences from outside of Washington State and computed the number of
clusters again. While we do expect that including more background sequences would increase the
number of clusters detected, we do not find a large impact on the number of background sequences
on the number of clusters identified or the average size of clusters identified (Fig. 2.S13).

2.4.4 Estimating population dynamics jointly from multiple local outbreak clusters
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To estimate the population dynamics of the Washington State outbreak, we use a coalescent
approach to infer these dynamics jointly from all known local outbreak clusters. To do so, we model
the coalescence and migration of lineages within Washington State as a structured coalescent process
with known migration history. Under this model, lineages can coalesce within the sampled
subpopulation and have originated from outside the sampled subpopulation. We a priori assume that
we know where on the tree, lineages have been introduced into the sampled subpopulation (Fig.
2.5).This known migration history is given by the clustering of sequences into local outbreak
clusters. The migration events from anywhere outside WA into WA are always assumed to have
happened before the common ancestor of all sequences in each local outbreak cluster. How long
before this common ancestor time is inferred during the MCMC. The rate at which we expect
coalescent events to occur is exponentially distributed with mean=n*(n-1)/2Ne and the rate at
which we expect to observe introductions events is exponentially distributed with mean n * m with n
being the number of lineages in any given local transmission cluster that coexist at a point in time
and m being the rate of introduction. Everything that happens outside the sampled subpopulation is
ignored, or in other words, we ignore how exactly the individual local outbreak clusters relate to each
other.

We then infer the effective population size and rates of introductions through time using a skyline
type approach. Effective population sizes and rates of introduction are allowed to change at
predefined time points. Between these predefined time points where the rates are estimated, the
rates are interpolated. This is equivalent to assuming exponential growth or decline between the
effective population sizes at these time points.
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Fig. 2.5. Principle of the multi-tree coalescent. The tree above shows a full hypothetical phylogenetic tree
with two independent introductions from an outside population (red) and subsequent local spread. The black
branches are observed parts of the phylogeny and denote branches of a local transmission tree. The grey
branches are unobserved and denote part of the transmission history that happened outside of the population
of interest. WIthin the population of interest, we can observe sampling events (blue) and coalescent events
(red). The rate of observing a coalescent event is equal to the number of pairs of co-existing (black) lineages
in any local transmission cluster divided by 2 * Ne. The rate of observing an introduction event is given by the
number of co-existing black lineages and the rate of introduction.

We then use two different ways to account for correlations between adjacent scaled effective
population sizes (Neτ). First, we use the classic skyride (14) approach where we assume that the
logarithm of adjacent Neτ is normally distributed with mean 0 and an estimated sigma. Additionally,
we use an approach where we assume that the differences in growth rates are normally distributed
with mean 0 and an estimated sigma(40). This is equivalent to using an exponential coalescent model
with time varying growth rates. We implemented this multi-tree coalescent approach as an extension
to the Bayesian phylogenetics software BEAST2 (41). The code for the multi-tree coalescent is
available here (https://github.com/nicfel/NAB) and is validated in Figure S2.3. We allow the
effective population sizes to change every 3.5 days and the rates of introduction to change every 7
days. The inference of the effective population sizes and rates of introductions is performed using
an adaptive multivariate Gaussian operator (42), implemented here
https://github.com/BEAST2-Dev/BEASTLabs and the analyses are run using adaptive Metropolis
coupled MCMC (43)
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In contrast to backwards in time coalescent approaches, we can consider different local outbreak
clusters as independent observations of the same underlying population process using birth death
models. We infer the effective reproduction number using the birth-death skyline model (12) by
assuming the different local outbreak clusters are independent observations of the same process
with the same parameters (13). We allow the effective reproduction number to change every 3.5 days.
As for the coalescent approach, we assume adjacent effective reproduction numbers to be normally
distributed in log space with mean 0 and an estimated sigma. We further assume the becoming
un-infectious rate to be 52.3 per year which corresponds to an average duration of infectivity of 7
days (44). We allow the probability of an individual to be sampled and sequenced upon recovery to
change every 7 days.

2.4.6 Simulation Study

In order to test our implementation of the multi-tree coalescent, we performed two different sets of
simulation studies. In the first simulation study, we simulated 10 phylogenetic trees under the
structured coalescent using 1000 samples from the same location in MASTER(45). For each of the
10 simulations, we randomly sampled the Ne at time 0 from a normal distribution with mean=0 and
sigma=0.5 and then randomly drew the Ne at subsequent time points t+1 randomly from a normal
distribution with mean=Ne(t) and sigma=0.5. This is equivalent to randomly sampling Ne
trajectories under a skygrid distribution(14). We performed the same for the rate of introductions at
different points in time. We then simulated a single phylogenetic tree under the structured coalescent
using these parameters randomly sampled parameters. Next, we splitted this tree into several local
transmission clusters and then inferred the Ne’s and rate of introductions over time from only the
local transmission clusters (see fig. S14).

In the second simulation study, we simulated 10 phylogenetic trees under a structured Infected (I)
only model with superspreading. We assume that there is a constant number of introductions per
unit of time from the outside (outside WA) population into the inside population, representing
Washington State. After an introduction into the state, each infected individual was transmitting to n
other individuals. We assumed the number of newly infected individuals to be negatively binomially
distributed such that the mean number of introductions at any point in time t was equal to Re(t) and
the dispersion parameter k=1. We next simulated a structured phylogenetic tree from this approach.
Then, simulated genetic sequences from this phylogenetic tree using Seq-Gen (46)

2.4.7 Subsampling of sequence

We analysed the population dynamics in total for 4 different datasets. In the first datasets, we
randomly subsample 1500 of the sequences from Washington State, excluding sequences from
Yakima County. The 1500 sequences are chosen due to computational limitations of the Bayesian
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phylodynamic inference. For the second and third dataset, we distinguish between two different
clades we call D and G. The D clade consists of all sequences with an aspartic acid at site 614 of the
spike protein. The G clade consists of all sequences with a glycine at this position (visible at
https://nextstrain.org/ncov/global?c=gt-S_614). For the 614D datasets, we use the same
subsampling procedure as for the above dataset, but with 500 sequences 750 sequences and for the
614G clade. For the dataset from Yakima County, we used 750 randomly subsampled sequences.

2.4.8 Estimating percentage of introductions of overall new cases

We estimated the relative contribution of introductions compared to local transmission using the
coalescent approach introduced here. In addition to the regular assumptions of the coalescent
approach that all samples are taken at random from a well mixed population, we assume that
differences in effective population size between adjacent time intervals can be used to compute the
transmission rate. We then compute the transmission rate as the sum of the growth rate of the
effective population size and the becoming uninfectious rate (i.e. we use the relationship

to compute the transmission rate).𝑑𝑁𝑒/𝑑𝑡 =  𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 – 𝑏𝑒𝑐𝑜𝑚𝑖𝑛𝑔 𝑢𝑛𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑢𝑠 𝑟𝑎𝑡𝑒 
We assumed an average time of infectiousness of 7 days. Additionally, we assume that dNe/dt is
independent from the rate of introduction. We then computed the percentage of introductions in
overall cases using the rate of introduction and the transmission rate. The rate of introduction can be
expressed as the total number of introductions divided by the number of infected in WA, i.e. rate of

. The total number of new infections locally can be𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑛𝑟 𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑠/ 𝑖𝑛𝑓𝑒𝑐𝑡𝑒𝑑
expressed as , which in turn means that ratio of introductions over𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 *  𝑖𝑛𝑓𝑒𝑐𝑡𝑒𝑑
local infections can be expressed as

. From this ratio, 𝑟𝑎𝑡𝑖𝑜 =  (𝑟𝑎𝑡𝑒 𝑜𝑓 𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 *  𝑖𝑛𝑓𝑒𝑐𝑡𝑒𝑑)/(𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 *  𝑖𝑛𝑓𝑒𝑐𝑡𝑒𝑑)
we can then compute the percentage of introductions of the overall cases.

We tested that we can retrieve the percentage of introductions from simulations (see Text S1), where
we simulated phylogenetic trees using an IR compartmental model with superspreading using
MASTER (45). We then simulated genetic sequence data using those trees and then inferred the
percentage of new cases due to introductions from those sequences (Figs. S2.14 and S2.15).

2.4.9 Chart review

Clinical record review of UW affiliated patients was performed under University of Washington IRB:
STUDY00000408. This included patients who visited UW affiliated clinics and patients who were
hospitalized at UW Medical Center, both the Montlake and Northwest locations, and Harborview
Medical Center. Sex, age, presence of active cancer or immunosuppresive medication, hospital
admission, critical care admission, and deceased status was extracted from all charts.
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2.4.10 Factors affecting Ct and clinical outcomes of individuals

R/3.6.2 was used for Ct and clinical record analysis. The code and data cleaned of all patient
identifiers is available at: https://github.com/blab/ncov-wa-d614g.

UW Virology used three different primer sets and platforms over the timeframe of the dataset (Fig.
S7). Since it is difficult to compare Ct across primer sets, we ran both tests comparing Ct by viral
clade and the generalized linear model predicting Ct separately for N1, N2 primers and ORF1ab
primers. There were insufficient samples amplified with Egene/RdRp primers for statistical analysis
(n=20).

We chose to use Wilcoxon Rank Sum Test to compare differences in Ct between viral lineages, and
Student’s T-test for comparing differences in age between viral lineages. Age was reported as a
decade bin converted into a numerical equivalent, and Wilcoxon Rank Sum Test underestimates
differences with duplicate numbers. Tukey’s Range Test was used to identify differences in Ct
between viral clades, and we used Pearson’s Correlation Coefficient to examine the relationship
between Ct and number of amino acid and synonymous substitutions.

For generalized linear models (GLM) predicting Ct and age, we used a multivariate linear regression
of form:

𝑦
𝑖

=  β
0
+ Σ β

𝑗
 𝑥

𝑖,𝑗
+ ϵ

𝑖

where y is the dependent variable (either Ct or age), β is the coefficient of the predictor variable, x is
the predictor variable, and 𝜖 is the residual error. Models were run with the glm package in R
(https://www.rdocumentation.org/packages/stats/versions/3.6.2/topics/glm).

UW Virology and SCAN samples were used to estimate predictors of Ct as age was not available for
WA DOH samples.The predictor variables were amino acid at Spike 614 (binary variable), days since
symptom onset (continuous variable), and age of patient (continuous variable).

In the GLM of Ct with only samples from UW Medicine affiliates, we excluded days since symptom
onset as it was not available for most samples, and additionally included sex (binary variable), active
cancer or immunocompromised (binary variable), hospitalized (binary variable), and required critical
care or deceased (binary variable) as predictors of Ct.

When considering viral clade as a predictor of Ct, we applied the same GLM as above with addition
of binary variables for clade 19A, 20A, and 20C. Clades 20B and 19B were excluded due to
collinearity.

To test the relationship between number of substitutions (synonymous and amino acid) and Ct, we
applied a GLM predicting Ct from amino acid substitutions (continuous variable), synonymous
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substitutions (continuous variable), days since symptom onset (continuous variable, week since start
of the Washington State epidemic (continuous variable), and binary variables for ORF1ab primers,
WA DOH primers, SCAN primers. We ran the GLM separately spike 614D and 614G variants as
the correlation between the number of amino acid substitutions and Ct differed between variants. In
the GLM, we excluded nucleotide substitution outliers, defined as greater than 20 nucleotide
substitutions.

To estimate predictors of patient age, we used all SCAN & UW Virology samples with age available
(n=1172). The predictor variables were amino acid at spike 614 (binary variable) and week since
community spread of COVID-19 was reported in Washington (continuous variable).

To estimated predictors of hospitalization if infected with SARS-CoV-2, we used a multivariate
logistic regression:

𝑙𝑜𝑔𝑖𝑡(𝑃
𝑖
) =  β

0
+ Σ β

𝑗
 𝑥

𝑖,𝑗
+ ϵ

𝑖

Where P is the probability of hospitalization, β is the coefficient of the predictor variable, x is the
predictor variable, and 𝜖 is the residual error. Predictor variables were: week since first sample in
dataset (continuous variable), sex (binary variable), active cancer or immunocompromised (binary
variable), age in decade (continuous variable), amino acid at Spike 614 (binary variable), and average
Ct (continuous variable). To fit the logistic regression, we again used the glm package in R,
specifying family as “binomial”. P-values and confidence intervals for risk of hospitalization were
adjusted for multiple hypothesis testing using a Bonferroni Correction.

Chi-Squared tests were used to compare proportions of viral lineages by sex, immunocompromised
status, clinical outcome (inpatient or outpatient), and severe outcome (critical care or death).
P-values were adjusted for multiple hypothesis testing using the Bonferroni Correction.

2.4.11 Data and materials availability

Sequencing and analysis of samples from the Seattle Flu Study was approved by the institutional
review board at the University of Washington (protocol STUDY00006181). Informed consent was
obtained for all community participant samples and survey data. Informed consent for residual
sample and clinical data collection was waived. Sequencing and analysis of samples from SCAN was
approved by the institutional review board at the University of Washington (protocol
STUDY00010432). Informed consent was obtained for all community participant samples and
survey data. For UW Virology Lab, use of residual clinical specimens was approved by the
institutional review board at the University of Washington (protocol STUDY00000408) with a
waiver of informed consent. Data and code associated with this work are available at
https://github.com/blab/ncov-wa-phylodynamics and https://github.com/blab/ncov-wa-d614g.
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These include the R code used to produce the figures (made with ggtree(47) and ggplot(48)).
SARS-CoV-2 consensus genome sequences associated with this work have been uploaded to
Genbank and the GISAID EpiFlu database and accession numbers are available in supplementary
data.
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2.5 SUPPLEMENTARY MATERIALS

2.5 SUPPLEMENTAL MATERIALS

Text S2.1. Simulation Study

In order to test our implementation of the multi-tree coalescent, we performed two different sets of
simulation studies. In the first simulation study, we simulated 10 phylogenetic trees under the structured
coalescent using 1000 samples from the same location in MASTER (1). For each of the 10 simulations, we
randomly sampled the Ne at time 0 from a normal distribution with mean=0 and sigma=0.5 and then
randomly drew the Ne at subsequent time points t+1 randomly from a normal distribution with mean=Ne(t)
and sigma=0.5. This is equivalent to randomly sampling Ne trajectories under a skygrid distribution (2). We
performed the same for the rate of introductions at different points in time. We then simulated a single
phylogenetic tree under the structured coalescent using these parameters randomly sampled parameters. Next,
we splitted this tree into several local transmission clusters and then inferred the Ne’s and rate of
introductions over time from only the local transmission clusters (see fig. S2.14).

In the second simulation study, we simulated 10 phylogenetic trees under a structured Infected (I) only model
with superspreading. We assume that there is a constant number of introductions per unit of time from the
outside (outside WA) population into the inside population, representing Washington State. After an
introduction into the state, each infected individual was transmitting to n other individuals. We assumed the
number of newly infected individuals to be negatively binomially distributed such that the mean number of
introductions at any point in time t was equal to Re(t) and the dispersion parameter k=1. We next simulated a
structured phylogenetic tree from this approach. Then, simulated genetic sequences from this phylogenetic
tree using Seq-Gen (3)
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Fig. S2.1. Number of Lineages through time for different local transmission clusters. Here we show the number
of lineages in each local transmission cluster (y-axis) over time (x-axis). The different plots show the lineage through time
plots for the different datasets analyses here.

Fig. S2.2. Workplace mobility trends of different counties in Washington State compared to King County. Each
plot shows the workplace mobility trend of King County and compares it to either Pierce County, Skagit County or
Snohomish County. The red line shows the mobility trend of a county shifted to match the trends in King County. The
number of days that the trend line is shifted by is shown in each subplot.
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Fig. S3. Re estimates using the coalescent skygrowth model compared to Google mobility data.

Fig. S2.4. Effective reproduction number and workplace mobility in Yakima County. Here, we show the effective
reproduction number estimates over time in Yakima County using the birth-death skyline model (A) and the coalescent
skygrowth model (B). The inner band shows the 50% highest posterior density (HPD) interval and the outer band, the
95% HPD interval. Additionally, we compare those estimates to mobility trends in Yakima County and (as a reference)
King and Pierce County. The mobility trends are shown as a 7 day moving average.
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Fig. S2.5. Substitutions and success of an SARS-CoV-2 introduction. Here, we look at whether there is a
relationship between the number of RNA (A) or Amino Acid (B) substitutions or the timing of the introduction (C) on
whether an introduction leads to detectable local spread. Detectable local transmission is defined as a local outbreak
cluster with more than 1 sequenced sample in it. The lines denote linear (solid line) and loess (dashed line) regressions.
In (D), we test if the time of the first sample in each local outbreak cluster, the number of synonymous or
non-synonymous substitutions are significant predictors of an introduction having lead to detectable local transmission
using a generalized linear model.
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Fig. S2.6. Percentage of introductions due to introductions using cluster size distributions. Here we compare the
probability that adding a new sequence to a dataset reveals a new introductions between what we observed empirically
and when we simulate clusters using different percentages of introductions. To do so, we randomly chose n samples
(x-axis) and then added one additional sample. We then estimate the probability that this additional sample revealed a
new introduction (y-axis). We repeated the procedure for simulated clusters with different percentages of introductions
in overall cases.
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Fig. S2.7. Histogram of primers used by UW Virology across time. A All UW Virology samples. B Only samples
with clinical records available.

Fig. S2.8. Comparison of cycle threshold (Ct) across SARS-CoV-2 Spike variant. A Boxplot of Ct with ORF1ab
primers by amino acid at Spike 614.GLM analysis of Ct values from ORF1ab (B) and SCAN (C) primers using several
different predictors.
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Fig. S2.9. Symptom and cycle threshold (Ct) values across time. A Scatterplot of Ct versus days since symptom
onset by spike variant. B Scatterplot of days since symptom onset by date. C Average Ct by date split by primer set. In A
& B, data is shown for all samples with Ct and symptom onset available (n=977); in C, data is shown for all samples
(n=1743).
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Fig. S2.10. Comparing cycle threshold (Ct) by viral clade. A Phylogenetic tree showing distribution of 614D (blue)
vs. 614G (orange) variants in the first column and spread across viral clades 19A, 19B, 20A, 20B, and 20C in the second
column. B Comparison between cycle threshold across viral clade for each primer type. C GLM analysis of Ct values
using samples amplified with N1, N2 primers considering clade, 614G variant, age, and days since symptom onset as
predictors.
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Fig. S2.11. Cycle threshold by number of substitutions. Number of synonymous (A) and amino acid (B)
substitutions versus Ct by D614G variant. GLM analysis of Ct values with amino acid substitutions, synonymous
substitutions and other known predictors for 614D (C) and 614G (D) variants.
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Fig. S2.12. Age of infected individuals by 614D or 614G variant over time. A Age of infected individuals in UW
Virology and SCAN samples according to D614G variant. Mean age and two standard deviations are shown in black. B
Age of infected individuals over time partitioned by D614G variant. C GLM of patient age predicted by D614G variant
and sampling week.
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Fig. S2.13 Dependence of the local outbreak clusters and the number of background sequences used. Here, we
estimated the number (A) of mean size (B) of local outbreak clusters depending on the number of background
sequences used during the clustering. To do so, we randomly subsample different proportions of the background
sequences (x-axis) and repeat the clustering. We then compute the number of clusters and the average sizes of
cluster(y-axis) depending on the proportion of background samples used relative to the full dataset.
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Fig. S2.14. Estimation of effective population sizes and rates of introductions from simulations. Here, we infer
effective population sizes and rates of introductions from phylogenetic trees, simulated under the structured coalescent
when conditioning on observing a migration history. Of the ten runs, one was discarded due to bad convergence.

Fig. S2.15. Estimation of the percentage of new cases due to introductions from simulations. Here, we test how
well we can retrieve the percentage of new cases due to introductions over time from simulations. To do so, we simulated
a local outbreak using a constant rate of introduction. We then simulated genetic sequences and then used the local
transmission cluster to estimate the percentage of introductions in blue using the multi-tree coalescent.
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Table S2.1. GLM of Ct with N1, N2 primers in patients at UW affiliates

Variable Coefficient
estimate

Std. Error p-value

Intercept 17.45 0.81 <2e-16***

614G -1.04 0.48 0.032*

Male 1.09 0.48 0.024*

Age 0.015 0.013 0.28

Active cancer or
immunocompromised

-0.17 0.77 0.83

Hospitalized 1.02 0.75 0.18

Critical care and/or
deceased

-0.52 0.97 0.60

Table S2.2. GLM of Ct with ORF1ab primers in patients at UW affiliates

Variable Coefficient
estimate

Std. Error p-value

Intercept 17.32 3.14 9.7e-07***

614G 0.35 1.79 0.84

Male 1.34 1.67 0.43

Age 0.029 0.041 0.48

Active cancer or
immunocompromised

1.63 2.88 0.57

Hospitalized 4.89 1.97 0.016*

Critical care and/or
deceased

-2.00 2.85 0.48
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POSITIVE SELECTION UNDERLIES REPEATED KNOCKOUT
OF ORF8 IN SARS-COV-2 EVOLUTION

This chapter is in review at Nature Communications: Wagner C, Kistler KE, Perchetti GA, Baker N,
Frisbie LA, Torres LM, Aragona F, Yun C, Figgins M, Greninger AL, Cox A, Oltean HN,
Roychoudhury P, Bedford T. Positive selection underlies repeated knockout of ORF8 in
SARS-CoV-2 evolution. medRxiv. 2023:2023-09.

ABSTRACT

Knockout of the ORF8 protein has repeatedly spread through the global viral population during
SARS-CoV-2 evolution. Here we use both regional and global pathogen sequencing to explore the
selection pressures underlying its loss. In Washington State, we identified transmission clusters with
ORF8 knockout throughout SARS-CoV-2 evolution, not just on novel, high fitness viral backbones.
Indeed, ORF8 is truncated more frequently and knockouts circulate for longer than for any other
gene. Using a global phylogeny, we find evidence of positive selection to explain this phenomenon:
nonsense mutations resulting in shortened protein products occur more frequently and are
associated with faster clade growth rates than synonymous mutations in ORF8. Loss of ORF8 is
also associated with reduced clinical severity, highlighting the diverse clinical impacts of SARS-CoV-2
evolution.
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POSITIVE SELECTION UNDERLIES REPEATED KNOCKOUT OF ORF8 IN SARS-COV-2 EVOLUTION

3.1 INTRODUCTION

Selection pressure on SARS-CoV-2 has shaped the population of circulating virus since its
emergence in humans. The virus has undergone repeated selective sweeps of variant of concern
viruses, such as Delta and Omicron, and more recently by lineages within-Omicron, including BA.2
and XBB, in which increased fitness derives from mutations contributing to both intrinsic
transmissibility and immune escape1–11. Adaptive mutations are overrepresented in spike, the viral
entry protein and primary target of protective adaptive immunity, and mutations here alter tropism,
improve transmission, and evade host immunity12–17. The number of mutations in S1, the spike
subunit containing the receptor binding domain, correlate with viral growth rate18.

Adaptive evolution has not been limited to spike, however. Specific missense mutations in open
reading frames (ORFs) for non-structural (ORF1a and ORF1b), other structural (nucleocapsid, N)
and accessory (ORF3a) proteins are also associated with increased viral fitness19,20. ORF8 has
repeatedly been knocked out during SARS-CoV-2 evolution, though the evolutionary pressures
acting on loss of ORF8 are not known. Multiple large deletions of ORF8 and occasionally
neighboring ORF7a and ORF7b have been identified around the world, including in Singapore in
2020, where it was associated with reduced clinical severity21–25. Additionally, premature stops in
ORF8 causing early truncation of the 121-amino acid protein have been reported, including in mink
and pangolin animal species, the Alpha variant of concern (Q27*) and lineage XBB.1 descendants
(G8*)3,11,26–28. As of September 2023, the vast majority (~90%) of currently circulating SARS-CoV-2
has ORF8 knocked out29. This pattern mirrors SARS-CoV’s loss of ORF8 after introduction into
humans30.

ORF8 is a viral accessory protein that aids in immune evasion31. As a secreted protein, it drives an
early antibody response32,33, potentially acting as a decoy for protective adaptive immunity. Many
functions have been attributed to ORF8, including downregulating major histocompatibility
complex class I (MHC I)33–35, decreasing antibody dependent cellular cytotoxicity activity36,
inhibiting Type I IFN production37–40, suppressing IFN-γ induced antiviral gene expression41, and
disrupting host epigenetic regulation by acting as histone H3 mimic 42. In its unconventional,
unglycosylated state, ORF8 may contribute to cytokine storms by activating the IL-17 pathway43–45.

Given these varied potential functions of ORF8, its repeated knockout is perplexing. One hypothesis
is that ORF8 knockout is deleterious to SARS-CoV-2 fitness but rose to fixation frequency by
hitchhiking along with fitness enhancing mutations in Alpha and again in XBB.1 descendants.
Another hypothesis is that ORF8 knockout has no impact on viral fitness, and the gene is
undergoing neutral evolution. Here, again, fixation could be explained by hitchhiking. A final
hypothesis is that ORF8 knockout improves viral fitness, and positive selection for knockout has
contributed to its global spread.
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3.1 INTRODUCTION

To explore these hypotheses, we use SARS-CoV-2 sequences from Washington State (WA) from
February 2020-March 2023 to determine prevalence of ORF8 knockout across time, contrasting this
with the knockout of other SARS-CoV-2 genes. Here, we can observe knockouts occurring on a
variety of fitness backgrounds, not just the fit viral backbones which swept globally. Next, we use a
large, global phylogeny of SARS-CoV-2 to compare expected counts and clade growth rates of
nonsense mutations, which truncate the ORF8 protein, to synonymous mutations in ORF8. Finally,
we assess linked hospitalization and death data to determine the clinical impact of ORF8 knockout.

3.2 RESULTS

We quantified how often ORF8 was knocked out during SARS-CoV-2 evolution in WA from the
beginning of the COVID-19 pandemic through March 2023. Our dataset included knockouts under
a wide potential array of selection pressures, including knockouts which primarily spread locally and
knockouts in the Alpha and XBB.1 descendant viruses which spread globally. As the first U.S. state
to detect community transmission of SARS-CoV-2, WA has robustly sequenced COVID-19 cases
throughout the pandemic aided by a sentinel surveillance sequencing system for geographic
coverage46–48. From April 2021 through March 2023, 17.25% of all COVID-19 infections in WA
were sequenced, with the lowest sequencing coverage in December 2021 (3% of cases) and the
highest in February 2022 (28% of cases). This high sequencing coverage makes WA an ideal location
to understand prevalence of ORF8 knockout across time49.

We considered samples to contain a potential knockout in ORF8 if they contained a large deletion
(>30 bp) or a premature stop codon resulting in at least a 10 codon shorter protein coding sequence.
This cutoff, though arbitrary, prevents mislabelling common, short deletions as knockouts while
avoiding preferentially maximizing or minimizing knockouts in any one gene (Fig S3.1). Samples
with a mutation known to cause amplicon dropout in ORF8 were excluded from potential
knockouts (see methods). We identified 14,929 samples with a potential knockout of ORF8,
representing 11.7% of high coverage (>=95%) SARS-CoV-2 sequences collected in WA through
March 2023 (Fig 3.1A). For ORF8, the number of knockouts was robust to cutoff length: with a
cutoff of 95 codons missing, 9.9% of sequences would still have an ORF8 knockout (Fig S3.1).

While the majority of ORF8 knockouts were found in variants descending from clade 20I (Alpha),
clade 22F (lineage XBB), clade 23A (lineage XBB.1.5), and clade 23B (lineage XBB.1.16), ORF8
knockout also occurred in an average of 3% of all other clades (Fig 3.1B). Most knockouts were due
to premature stop codons, either from nonsense or frameshift mutations, with only 10.2% of
knockouts being large deletions. This suggests that most knockouts are real and not artifactual errors
in sequencing as point mutations and small gaps can be confidently inferred with short read
sequencing and reference-based genome assembly.
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POSITIVE SELECTION UNDERLIES REPEATED KNOCKOUT OF ORF8 IN SARS-COV-2 EVOLUTION

Fig 3.1. ORF8 is repeatedly knocked out during SARS-CoV-2 evolution in Washington State. (A)
Distribution of the number of SARS-CoV-2 sequences collected in WA by collection date. Histogram is
colored by the type of potential ORF8 knockout (none=gray, premature stop = blue, large deletion = green).
(B) Proportion of sequences with a potential ORF8 knockout by Nextstrain Clade. (C) Time-resolved
phylogenetic tree of 16,268 SARS-CoV-2 sequences enriched for sequences in WA (9,854) evenly sampled
across time through March 2023. Tips with a potential ORF8 knockout are shown as circles colored by a
unique cluster. There are 355 unique clusters, so colors are reused, but adjacent tips of the same color belong
to the same cluster. All other tips are plotted as gray lines. (D) Violin plots of cluster size for ORF8
knockouts due to large deletions (green) or premature stops (green).

We constructed a phylogenetic tree enriched for sequences sampled in WA spread evenly across time
to determine if potential knockouts clustered together phylogenetically. We identified parsimony
clusters of ORF8 knockouts across the tree using unidirectional clustering for large deletions and
bidirectional clustering for premature stops (see methods) (Fig 3.1C). We identified 355 unique
clusters: 250 large deletion clusters and 105 premature stop clusters. Most clusters were singletons,
with only 53 clusters containing at least two samples. Premature stop clusters were larger with a
mean cluster size of 17.2 compared to 1.2 for large deletions (p=2.3e-04, Wilcoxon Rank Sum test,
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two-sided) (Fig 3.1D). This difference in cluster size could reflect different fitnesses associated with
different types of gene knockout. For example, 7 out of 27 non-singleton, large deletion clusters
resulted in knockout of ORF8 and early truncation of ORF7b, which could result in altered fitness
compared to ORF8 knockout alone. However we did not observe a difference in size between
deletion clusters only knocking out ORF8 and deletion clusters also affecting ORF7b (p=0.14,
Wilcoxon Rank Sum test, two-sided). Among non-singleton clusters, deletion size was positively
correlated with cluster size (Pearson’s r = 0.47, p=0.012), and this effect was robust to excluding
deletions that also truncated ORF7b (Pearson’s r = 0.48, p=0.028) (Fig S3.2A). Rather than resulting
from a difference in fitness, it is more likely the difference in cluster size by knockout type occurs
because many potential large deletions represent a sequencing error, rather than a large deletion, and
fail to cluster with other potential large deletions.

To determine whether potential large deletions were true deletions versus amplicon dropouts or
sequencing errors, we screened a subset using PCR and Sanger sequencing. Of 9998 University of
Washington samples available at the time of screening, 120 were found to have sequences with
contiguous strings of N’s (>266 bp) from ORF7a through ORF8. Of these, 89 samples had
sufficient volume and quality for PCR and Sanger sequencing, and 23/89 (25.8%) were confirmed to
have large deletions (>344 bp) (Table S3.1).

For knockouts with premature stop codons, we did not find a correlation between truncated protein
length and cluster size (Pearson’s r = –0.14, p = 0.49) (Fig S3.2B). However, 77% of non-singleton
knockout clusters due to an early stop mutation were predicted to have a truncated protein of 26
codons or smaller (Fig S3.2D). This skewed distribution suggests that most premature stops are
causing gene knockouts rather than leaving the majority of the protein intact.

Next, we compared the number of potential ORF8 knockouts to potential knockout of other genes
in SARS-CoV-2 in our WA dataset. With 13,410 premature stop codons, ORF8 had 14x more stop
codons than any other gene (Fig 3.2A). The largest genes, ORF1a, ORF1b, and spike, contained the
most large deletions, with >24,000 in each compared to 1,517 large deletions in ORF8 (Fig S3.3A).
When normalized by gene length, ORF1a,ORF1b, and spike had a large deletion rate in the range of
ORF8 (0.012, 0.023, 0.046 vs. 0.044 per kb per sample respectively) (Fig S3.3B). Given the necessity
of these genes to viral replication, this finding suggests that many potential large deletions could
represent missing bases due to poor sequence coverage or amplicon dropout, rather than true
deletions. Analyzing the constituent proteins of the ORF1a & ORF1b genes did not show any
evidence of a deletion hotspot relative to other SARS-CoV-2 proteins (Fig S3.3C). When normalized
by gene length, ORF7b, M and ORF7a had the highest rate of large deletions (Fig S3.3B). However,
we observe that non-singleton knockout clusters in ORF8 (mean 34.3) are larger on average than
non-singleton knockout clusters for all other genes (mean 3.1) (p=1.4e-05,
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Wilcoxon Rank Sum test, one-sided) (Fig
3.2B). This result is driven by premature stop
clusters (Fig S3.3C), as we detect no
significant difference in large deletion cluster
size among genes with the largest deletion
cluster sizes: spike (mean 3.3), ORF8 (mean
3.4) and M (mean 4.1) (ANOVA, p = 0.09)
(Fig S3.3D). These results are consistent with
ORF8 being knocked out more frequently
than any other gene in SARS-CoV-2, and the
difficulty of identifying large deletions from
assembled sequences.

Deleterious mutations are often under
purifying selection within a host. If the high
rate of ORF8 knockout observed in
consensus sequences extended to within-host
frequencies, this result would additionally
argue against deleterious fitness associated
with ORF8 knockout. Therefore, we
examined the rate of nonsense mutations in
intra-host variants in a subset of 1,015
SARS-CoV-2 samples that did not have a
consensus-level stop codon, which were
sequenced from August-September 2022 in
WA (Fig 3.3). We defined nonsense intrahost
variants as single nucleotide polymorphisms
creating a premature stop codon and were

present in 1-50% of reads covering that site.
Intrahost nonsense variants had to be further
supported by at least 10 reads, with a total
read of coverage of at least 100 for the site.
ORF7b had the highest per codon rate of
intrahost nonsense mutations (8.9✕10-4)

followed by ORF8 (2.4✕10-4). Both genes had elevated intrahost frequencies of nonsense
mutations relative to all other genes (ORF7b median = 0.036, ORF8 median = 0.032, other genes
median = 0.015) (Fig 3.3A). Differences in allele frequency between nonsense mutations in
ORF7b/ORF8 and other genes were statistically significant (ORF7b: p = 5.3✕10-11, ORF8: p =
4.1✕10-8, Wilcoxon Rank Sum Test) (Fig 3.3B). These results are consistent with increased
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Fig 3.2. ORF8 has more premature stops and
larger knockout clusters than any other gene. (A)
Number of premature stops by gene in WA
SARS-CoV-2 sequences through March 2023. (B) Size
of parsimony clusters with a gene knockout due to
large deletion or premature stop for all SARS-CoV-2
genes. Clusters were reconstructed from the
maximum likelihood phylogenetic tree enriched for
WA sequences with even temporal sampling.



3.2 RESULTS

population-level ORF8 knockout and suggest altered within-host selection pressures on both ORF8
and ORF7b.

Fig 3.3. Intra-host nonsense mutations in ORF7b and ORF8 occur at higher rates per codon and at
higher allele frequencies compared to other genes. We tested the intra-host variants of 1,015,
high-coverage SARS-CoV-2 samples sequenced in Washington State from August to September 2022, which
did not have a consensus level premature stop codon for nonsense mutations. (A) shows the per codon, per
sample rate of intra-host nonsense mutations in each gene. The frequencies of nonsense mutations observed
in intra-host variants are shown in (B) for each gene. Black lines indicate the median frequency.

In WA, we observed that ORF8 is truncated more commonly than any other gene, and clusters
containing an ORF8 knockout are larger than clusters with a knockout in any other gene. This result
suggests either weakened selection pressure on maintaining ORF8 function relative to other genes or
positive selection for ORF8 knockout. The elevated rate and frequency of intrahost nonsense
mutations in ORF8 further suggest that either phenomenon extends to within-host evolution. To
differentiate between these hypotheses, we applied one of the most widely used measures of
selection pressure, dN/dS, which compares the ratio of mutation divergence over expectation for
both nonsynonymous, or protein modifying, mutations and synonymous mutations, which do not
alter the protein’s amino acid sequence. Classically, dN/dS>1 is consistent with positive selection as
nonsynonymous mutations occur more frequently than synonymous mutations, dN/dS<1 is
consistent with negative selection, and dN/dS ~ 1 is consistent with neutral evolution. Here, we
modified the classic calculation of dN/dS to separately estimate values for missense mutations,
which change the amino acid sequence, and nonsense mutations, which introduce a stop codon and
result in early truncation of the protein. To mitigate geographic bias, we estimated dN/dS values for
each SARS-CoV-2 gene using the publicly available UShER phylogeny, which contains ~7 million
SARS-CoV-2 sequences sampled from around the globe (Fig 3.4A, S3.4) 50,51.
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In the structural (S, E, M, N) and replicase (ORF1a, ORF1b) genes, we identify strong selection
against nonsense mutations, with dN/dS values <0.01. This result is consistent with these genes
being necessary for viral replication. The relative missense estimates for these genes are also largely
consistent with expectation. For example, in spike, which has undergone substantial adaptive
evolution14,18, we observe relaxed selection against missense mutation compared to replicase genes
ORF1a and ORF1b (with dN/dS values of 0.52, 0.38, and 0.32 respectively). In the accessory genes,
which by definition are not necessary for viral replication, dN/dS values for both nonsense and
missense mutations are elevated. ORF7a, ORF7b, and ORF8 all have especially high dN/dS values,
with missense estimates >1 and nonsense estimates >4.8x that of other genes. Uniquely, ORF8 has
values >1 for both missense nonsense mutations (1.09 and 1.11 respectively). Classically, dN/dS
values of this magnitude are consistent with positive selection; however, caution is warranted when
interpreting within-population dN/dS in terms of selective coefficients52,53. Additionally, absolute
dN/dS values are sensitive to the substitution matrix used while relative relationships of estimates
between genes remain similar regardless of substitution matrix (Fig S3.5). Comparing across genes,
we can conclude that negative selection on mutations in ORF8, ORF7a, and ORF7b are strongly
weakened relative to other genes. Our results further suggest positive selection for ORF8 knockout:
even with an alternative substitution matrix, dN/dS estimates for ORF8 remained >1 (Fig S3.5).

To more clearly test for positive selection, we compared success of ORF8 clades with a nonsense
mutation to clades with either a synonymous or missense mutation in ORF8 (Fig S3.6).

We found that clades with a nonsense mutation in ORF8 are larger (mean = 77.6, std = 6024.2) and
circulate for longer (mean = 11.5 days, std = 35.8) than clades with a synonymous mutation in
ORF8 (mean size = 7.0, std = 423.8, mean days = 9.5, std = 28.9). Clades with a missense mutation
in ORF8 are also larger on average (mean = 18.5, std = 2482.0) and circulate for longer (mean =
10.3, std = 32.1). For comparison, nonsense mutations in ORF1a and spike are much smaller and
circulate for far shorter periods than clades with synonymous mutations.

To statistically quantify these observed differences, we modeled the rate of cluster growth by
mutation type as a negative binomial regression of the number of descendants after the mutation
was first observed, with an offset for time since observation (Fig 3.4B). We found that clusters with
nonsense mutations in ORF8 grow 6.3x (95% CI: 5.97-6.52) faster than clusters with synonymous
mutations in ORF8. While this approach does not attempt to disentangle the effects of other
fitness-impacting mutations which occur downstream of a nonsense mutation, the synonymous
cluster growth rate provides a null expectation for comparison. Assuming an absence of epistatic
interactions between ORF8 nonsense mutation and other fitness enhancing mutations in
SARS-CoV-2, this result suggests that the observed ORF8 knockouts boost viral fitness. This effect
is robust to excluding nonsense mutations found in Alpha and XBB descendants, which occurred on
highly fit backbones: nonsense mutations still grew 2.5x (95% CI: 2.30-2.76) faster than clusters with
synonymous mutations (Table S3.2). Missense mutations in ORF8 grew 1.8x faster (95% CI: 1.77 to
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3.2 RESULTS

1.96) than clusters with synonymous mutations in ORF8. This relative fitness benefit could result
from either (1) missense mutations disrupting ORF8 function like nonsense mutations, or (2)
missense mutations improving fitness by enhancing some aspect of ORF8 function.

Fig 3.3. Nonsense mutations in ORF8 result in faster clade growth rates and are more frequently
observed than synonymous mutations. From the global, UShER SARS-CoV-2 phylogeny, we estimated
(A) dN/dS and (B) the fold change in mutation cluster growth rate relative to synonymous for missense (teal)
and nonsense (red) mutations. Error bars show 95% confidence intervals. For dN/dS, confidence intervals
were calculated by 10,000 bootstrap iterations across nodes in the tree. E did not have enough nonsense
mutations to calculate a cluster growth rate.

For all other genes, clusters with nonsense mutations grew at a reduced rate (0.07x on average)
relative to clusters with synonymous mutations. These differences were not statistically significant,
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likely due to the very few number of nonsense mutation clusters observed in most genes resulting in
wide CIs (Fig 3.4B). For example, in spike and ORF1a, 0.035% and 0.017% of mutations were
nonsense respectively. Comparing cluster growth rates assumes mutations occur and are sampled, so
rates will be less sensitive for detecting clusters with mutations under strong negative selection. For
ORF7a and ORF7b, which had elevated counts of nonsense mutations, the absence of a difference
in cluster growth rate between nonsense and synonymous mutations could be consistent with
neutral evolution in these genes.

The difference in growth rate with a nonsense mutation in ORF8 is similar to that of increase in
growth rate for a missense mutation in spike: 5.5x (95% CI: 3.57-8.38). Since many missense
mutations in spike are associated with fitness gains, this finding also suggests positive selection for
ORF8 knockout. We did not observe a significant difference in growth rate for missense mutations
in ORF1a (0.88, 95% CI: 0.607-1.29). However, if mutations are split out into mutations with
positive fitness previously inferred by a hierarchical logistic regression model19 versus other missense
mutations, clusters with fitness-associated missense mutations grew 4.3x faster (95% CI: 2.08-10.11)
than synonymous mutation clades while cluster with other missense mutations grew 0.43x slower
(95% CI: 0.29-0.64x) relative to synonymous (Fig S3.7). This is consistent with predominantly
negative selection on ORF1a, but occasional mutations under positive selection. We observed a
similar split of cluster growth rates for ORF8 and spike when classifying mutations by type and
previously inferred positive fitness. These results suggest that our cluster growth analysis is in
agreement with previous work (Fig S3.7)19.

To further test if increased fitness for ORF8 knockout was driven by specific clades, we estimated
ORF8 dN/dS rates split out by each Nextstrain clade, for each clade larger than 500 clusters (Fig
S3.8A). Most clades had wide confidence intervals, with dN/dS rates for nonsense mutations
indistinguishable from 1 for 17 clades. An additional eight clades – 19A, 20A, 20B, Alpha, Gamma,
21C, 21F, and 21H – had rates significantly greater than 1. Only four clades – 21K, 20G, 22D, 20F –
had rates significantly less than one, which suggests that mutations are well-tolerated across the
entire tree. A one-sided Wilcoxon Signed Rank test comparing if per-clade point estimates for dN
were larger than dS was significant for missense mutations but not nonsense mutations (p=0.0057 &
p=0.24 respectively).

Due to the massive differences (over 1000x) in the ratio of largest nonsynonymous cluster over
largest synonymous cluster associated with high dispersion of cluster size and the relatively few
mutations per clade, we were not able to reliably estimate growth rate advantages per clade. Instead,
we compared the ratio of the geometric mean of nonsynonymous cluster size and geometric mean
of synonymous cluster size for each clade (Fig S3.8B). Since each clade covers a smaller time
window than the entire tree, the size bias from different cluster start times is minimized. Confidence
intervals generated by bootstrapping across clusters were wide, suggesting we had limited power to
determine if nonsynonymous clusters were larger than synonymous clusters. In 21J, 20A, Alpha, and

70

https://paperpile.com/c/6AV8uN/i3x0
https://paperpile.com/c/6AV8uN/i3x0


3.2 RESULTS

22C nonsense clusters were significantly larger on average than synonymous clusters; however, no
clades had nonsense clusters significantly smaller on average than synonymous clusters. A one-sided
Wilcoxon Signed Rank test comparing if per-clade point estimates for nonsynonymous cluster
growth ratios were larger than synonymous cluster growth ratios was not significant for either
missense mutations or nonsense mutations (p=0.88 & p=0.39 respectively).

Combining both dN/dS estimates and cluster size ratios for each clade, we see that 6 clades are
differentiated from other clades by their elevated measures for nonsense mutations in both metrics,
even if they failed to achieve significance levels (Fig S3.8C). These clades span a variety of time
windows, which suggests that a time-correlated trend, such as development of high-levels of
population immunity, does not drive the increased counts and success of ORF8 knockouts. In
contrast, we identify only three clades with reduced dN/dS rates and smaller cluster sizes for
nonsense mutations on average. Overall, these results suggest that the transmission advantage of
ORF8 knockout may vary somewhat across clades, but Alpha and XBB alone are not the only clades
with increased growth advantages.

Previous analysis found a large deletion that knocked out ORF8 and truncated ORF7b to be
associated with reduced clinical severity22. Here, we decided to extend this analysis to the clinical
impact of any ORF8 knockout, by a large deletion or premature stop codon, by linking SARS-CoV-2
sequences with clinical outcomes recorded in the Washington Disease Reporting System. Given the
reduced clinical severity and loss of vaccine efficacy associated with Omicron variants, we restricted
our analysis to pre-Omicron lineages. Table S3.3 outlines the general characteristics of our study
population stratified by infections with and without an ORF8 knockout. While 8.3%
(n=1906/22,928) of individuals infected by SARS-CoV-2 with intact ORF8 were hospitalized, only
6.7% (n=383/5,746) of individuals infected by virus with ORF8 knocked out were hospitalized (p =
3.1✕10-5, Fisher’s exact test) (Fig 3.5A). Similarly, 1.8% (n=910/49,912) of individuals infected by
virus with intact ORF8 died due to SARS-CoV-2 compared to 1.3% (n=129/10,089) of individuals
infected by virus with an ORF8 knockout (p = 8.2✕10-5, Fisher’s exact test) (Fig 3.5A). However,
ORF8 knockouts have not been distributed evenly across time in Washington State (Fig 3.1A), and
clinical severity of SARS-CoV-2 has varied temporally with changing age circulation patterns, the
rollout of vaccines, accumulation of natural immunity in the population, medications, and viral
evolution.

In a general linear model adjusting for week of collection, variant of concern, vaccination status, sex
at birth, and age group, we found a 0.82 (95% CI: 0.68-0.98) odds ratio of hospitalization in
infections containing an ORF8 knockout compared to infections without the knockout (Fig 3.5B).
The odds of death when infected by virus with an ORF8 knockout was also reduced (Odds ratio:
0.73, 95% CI: 0.55-0.97). In both regressions, vaccination was associated with reduced clinical
severity while male sex and increase in age group were associated with worse clinical outcomes.
When compared to other SARS-CoV-2 lineages, variants of concern – Alpha, Gamma, Delta, or
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Beta lineages – were independently associated with increased odds of hospitalization but not with
odds of death. While the effect sizes estimated are barely significant, power analysis identifies only
22% power to identify a significant effect for hospitalization and 75% power to find an effect for
death.

Fig 3.5. ORF8 knockout is associated with reduced clinical severity of COVID-19. (A) Proportion of
individuals with severe COVID-19 outcomes stratified by virus infection with and without ORF8 knockout.
P-values for ɑ=0.05 from χ2 test are shown. (B) Odds ratios from a generalized linear model of clinical
outcomes for variant of concern (Alpha, Beta, Gamma or Delta), vaccination status, assigned male sex at
birth, ORF8 knockout, and increasing age. Bars show 95% confidence intervals. Severe COVID-19 outcomes
are hospitalization (light blue) and death (dark blue). Analysis was limited to pre-Omicron lineages due to
reduced clinical severity and loss of vaccine efficacy associated with Omicron variants.

Given the difficulty of accurately calling large deletions in ORF8, we tested the robustness of our
effects by the size of cluster required to define a knockout. To calculate cluster size, we built three
additional maximum likelihood phylogenies enriched for ORF8 knockouts in WA one for Delta, one
for Alpha, and one for other non-Omicron lineages. These breakdowns were chosen such that all
ORF8 knockouts sequenced in WA could be placed in an appropriate phylogenetic context of at
least 75% background sequences. We then reconstructed parsimony clusters for ORF8 knockout
(see above and Methods). We found that both effect size for ORF8 knockout and model Akaike
information criterion (AIC) minimally changed with various cluster sizes required to define a
knockout (S3.9). This demonstrates that the clinical effect is robust to inaccurate identification of
ORF8 knockout due to large deletion.

3.3 DISCUSSION
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The SARS-CoV-2 pandemic has been characterized by a high rate of evolution as fitness enhancing
mutations, primarily in spike, have repeatedly swept globally. Here, we explored the selection
pressures underlying a surprising and repeated sweeping mutation pattern: ORF8 knockout.

Examining ORF8 knockout across time in a Washington State, we found that while knockout spread
widely in Alpha and XBB.1 descendant lineages, it also occurred at a low frequency on many other
viral backbones due to both large deletions and premature stop codons (Fig 3.1). This finding is
consistent with other reports of large deletions encompassing ORF8 circulating in other parts of the
globe21,23–27. While knockout is observed in other genes in Washington State54, we find that ORF8
has more premature stops than any other gene; knockout clusters with ORF8 grow larger than
knockout clusters for any other gene, and the rate and frequency of intra-host nonsense mutations in
ORF8 are elevated (Fig 3.2, Fig 3.3). At a global level, we estimate a higher than expected number of
nonsense and missense mutations in ORF8 (Fig 3.4). Nonsense mutations in ORF8 show the
highest nonsynonymous over synonymous divergence for any gene in SARS-CoV-2.

Together these results recommend rejecting our first hypothesis: that ORF8 knockout is deleterious
to SARS-CoV-2 fitness and fixation was driven by hitchhiking on the back of other fitness enhancing
mutations. The dN/dS=1.1 estimates suggest that ORF8 knockout is due to positive selection,
though estimates in a single evolving population should be interpreted with caution52,53. We next
modeled the rate of mutation cluster growth rates and found that clusters with nonsense mutations
grow roughly 6x faster than synonymous mutations in ORF8. Excluding stop mutation clusters
present in XBB and Alpha, we still find that nonsense mutations in ORF8 grow 2.5x faster than
synonymous. These values are comparable to the improvement in cluster growth rates by missense
mutations in spike over synonymous and further suggest that ORF8 knockout boosts viral fitness.

This conclusion is broadly consistent with other estimates of the fitness effects of SARS-CoV-2
mutations. In an updated run of the fitness model presented in Obermeyer et al, numerous stop
mutations in ORF8 are estimated to boost fitness19. Bloom and Neher only find evidence of relaxed
purifying selection on ORF8 and other SARS-CoV-2 accessory proteins. However, the difference
between their fitness effects and our dN/dS estimates for ORF8 are consistent with the limited
correlation between fitness effects and dN/dS estimates they observed. As count-based methods,
both approaches are underpowered to identify positive selection since they only explore how often
mutation occurs, not how large clades get once mutation occurs20. We also found evidence of relaxed
purifying selection in SARS-CoV-2 accessory proteins as we estimated high nonsense and missense
dN/dS values for ORF7a and ORF7b, in addition to ORF8 (Fig 3.4A). However, unlike ORF8, we
did not find evidence for a growth rate advantage for ORF7a or ORF7b knockouts (Fig 3.4B). This
clarifies previous reports of ORF7a and ORF7b deletions21,24,25,54, and our observation that ORF8
knockout clusters grew larger than for any gene. It also suggests that ORF7a and ORF7b could be
deleted in future SARS-CoV-2 evolution. However, ORF8 may be deleted more quickly, due to the
fitness benefit associated with ORF8 knockout.
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Consistent with previous analysis22, we found evidence of reduced clinical severity with ORF8
knockout (Fig 3.5). This observation might help explain why Alpha had reduced clinical severity
compared to the Beta, Gamma, and Delta variants of concern47. It also highlights the importance of
studying the clinical impact of SARS-CoV-2 evolution; genetic changes in the virus can have
different effects on clinical severity.

Our results imply that SARS-CoV-2 genomic surveillance should include detection of ORF8
knockout going forward. Currently, much of circulating SARS-CoV-2 has ORF8 knocked out;
however, when ORF8 knockout arises on a viral backbones with intact ORF8 expression this
suggests a transmission advantage. Conversely, rescue of ORF8 protein expression could increase
the clinical severity of COVID-19 infections, though the effect may be small. Knockout due to point
mutation or frameshifts can be readily detected from assembled viral genomes. To detect large
deletions, assembled genomes can be screened for long stretches of N’s, which will result in
numerous false positives, or raw reads and sequence alignment maps can be screened for ORF8
deletions earlier in genome assembly pipelines.

A dispensable ORF8 and increased viral replication speed due to a shortened genome cannot
explain positive fitness effects associated with premature stop codons. Host restriction factors,
which have well established impacts on the evolution of other viruses could play a role 55. The only
other coronavirus with an ORF8, SARS-CoV, also had ORF8 knocked out, suggesting a repeated
evolutionary pattern30. Alternatively, recent work by Kim et al identifies an intriguing biological
mechanism underlying positive selection for ORF8 knockout and the timeline for knockout to
sweep56. Their study finds that ORF8 covalently interacts with spike at the endoplasmic reticulum,
reducing onward transport of spike to the cell membrane and incorporation into virus particles.
Presence of ORF8 is associated with less spike in pseudovirions. Less spike in virions and on the cell
surface might improve viral fitness within the individual by providing another mechanism for
SARS-CoV-2 to avoid the host immune response. However, when ORF8 is knocked out, more spike
in virions might improve viral fitness at a transmission level by making it easier to establish infection.
While we observed an elevated within-host rate and frequency of ORF8 nonsense mutations, our
sequenced samples were likely from acute infections where the relative effect of immune pressure
may matter less than in chronic infections which are a hypothesized source of variants of concern.

Given the magnitude of the transmission advantage estimated for ORF8 knockout, it is puzzling that
ORF8 knockouts have not been fixed and have only spread globally in Alpha and XBB subclades.
While we identified some heterogeneity across clades in ORF8 dN/dS rates and
nonsense-synonymous cluster size ratio, increased mutation counts and growth advantage were not
limited to Alpha and XBB. Thus, although viral backbone could modulate fitness effects to some
degree, it does not explain the few occurrences of ORF8 knockout reaching appreciable global
frequencies. ORF8 knockout may be a classic example of clonal interference, especially considering
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the low probability of introducing a gene knockout and the high fitness boosts of mutations in other
parts of the genome. For example, just as it appeared that ORF8 knockout from XBB descendants
might globally fix, BA.2.86 viruses outcompeted XBB, dropping ORF8 knockout frequencies57. The
tug of war that Kim et al propose between within-host fitness and between-host fitness could also
contribute to the lack of ORF8 knockout fixation. ORF8 nonsense mutations are absent from
chronic infection associated mutations58. Within chronic infections, intact ORF8 could provide a
necessary edge to evade the host immune system. The hypothesized disproportionate contribution
of chronic infections to global SARS-CoV-2 evolution could prevent ORF8 knockout fixation59–63.

3.4 MATERIALS AND METHODS

3.4.1 Calling gene knockouts

Sequences were called as having a potential knockout in a gene if either 30 consecutive nucleotide
bases in the coding sequence for that gene were gap characters or N’s, or if the predicted protein
coding sequence was more than 10 codons shorter than the reference protein, due to a premature
stop codon from a nonsense or frameshift mutation. With short-read sequencing and
reference-based genome assembly as are commonly used in SARS-CoV-2 sequencing pipelines65,
large deletions will show up as long stretches of N’s; however, long stretches of N’s could also
represent poor sequence quality or amplicon dropout. To limit bias from poor sequencing quality,
samples had to have a genome coverage of at least 95%, or no more than 1,495 missing bases. In
ORF8, we excluded calling large deletions between bp 27809-27854 in samples with a C27807T
mutation as this mutation was associated with amplicon dropout in the ARTIC v4 sequencing
primers66. We considered alternative cutoff lengths for knockouts, balancing between wrongly calling
short, likely functional deletions as gene knockouts and preferentially maximizing or minimizing the
number of knockouts in any one gene (Fig S3.1).

3.4.2 Sanger sequencing & PCR validation of large deletions

We performed screening by PCR and Sanger sequencing on a subset of samples to determine
whether long strings of ambiguous bases (Ns) in ORF7 and ORF8 were the result of deletions
rather than amplicon dropout. All 9,998 samples sequenced by the University of Washington as of
May 2021 were screened, and 120 were found to have sequences with contiguous strings of Ns
(>266 bp) from ORF7a through ORF8. Of these 120, 89 were determined to have sufficient volume
and sample quality for PCR and Sanger Sequencing. Total nucleic acid extraction was done on the
MagNA Pure 96 instrument (Roche) with 200µL sample input and 50µL elution volume. 
Amplification was performed with SuperScript-III One-Step RT-PCR kit (Invitrogen, Waltham, MA,
USA) and primers designed flanking the deletion region, beginning in ORF7a (forward:
GGCACTGATAACACTCGCTAC) through the beginning of the N-gene (reverse:
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GAGGGTCCACCAAACGTAATG). Thermocycling conditions were as follows: 55°C for 30 min,
94°C for 2 min, and 35 cycles of 94°C for 30 sec, 58°C for 30 sec, and 68°C for 1 min. A final
extension step was included at 72°C for 5 min. Reactions were cleaned with SPRI Ampure beads
(Beckman Coulter, Brea, CA, USA) at a 0:0.65 volumetric ratio and eluted to 40µL. Flash gel
electrophoresis (Lonza, Basel, Switzerland) was performed to confirm successful PCR and for
preliminary deletion calling.  Samples were diluted and sent for Sanger sequencing on ABI’s Prism
3730xl DNA analyzer (Genewiz, Seattle, WA, USA) with the designed primers. Consensus sequences
were aligned against NC_045512.2 to confirm the presence of the deletions. 

3.4.3 Phylogenetic reconstructions

To determine if potential gene knockouts might be part of the same transmission cluster, we built a
maximum likelihood phylogeny of SARS-CoV-2 enriched for WA sequences. We used the Nextstrain
pipeline67 to align sequences to Wuhan-Hu-1/2019 (genbank accession MN908947.3) using
nextalign68, to reconstruct a maximum-likelihood phylogeny using IQ-TREE69, to estimate molecular
clock branch lengths using TreeTime70, and to infer nucleotide and amino acid substitutions across
the phylogeny. For IQ-TREE, we specified a GTR substitution model, 10 initial parsimony trees,
and four unsuccessful iterations to stop; for TreeTime, we used a substitution rate of 0.008 with a
standard deviation of 0.004. The input to the pipeline was a focal ~10,000 sequences collected in
WA and an additional ~10,000 contextual sequences – 5,000 sequences from the rest of the United
States and 5,000 sequences from other countries. For each geographic region, all sequences were
sampled evenly across time from the beginning of the SARS-CoV-2 pandemic through March 2023.
We used the default settings for the Nextstrain SARS-CoV-2 pipeline
(https://github.com/nextstrain/ncov/tree/master) to filter this dataset, except we increased
genome coverage >= 95% to minimize large deletions that represent poor sequence coverage. The
pipeline additionally excludes samples with incomplete dates, samples with >20 deviation from the
molecular clock rate, samples with >5 private reversions, and samples with more than 6 private
mutations in a 100-nucleotide window. The final phylogeny contained 16,268 sequences. This
phylogeny is available to view at: https://nextstrain.org/groups/blab/ncov-orf8ko/WA/20k.

Also using the Nextstrain pipeline, we built three additional clade-specific phylogenies enriched for
sequences with potential large deletions in ORF8 sampled in WA. We built one for Alpha, one for
Delta, and one with all other, pre-Omicron SARS-CoV-2 lineages. These numbers were chosen such
that every sequence collected in WA with a potential knockout of ORF8 was contained in a
phylogeny. The input to the pipeline was all potential ORF8 KO’s in that SARS-CoV-2 clade, no
more than 5,000 sequences. For context, we included 5,000 additional WA sequences without ORF8
KO’s, 5,000 sequences from the rest of the United States, and 5,000 sequences from around the
globe. Contextual samples were evenly temporally sampled from each geographic region. The
pipeline filtered samples as above, and the final trees respectively included 18,350, 14,908, 12,050
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sequences. These phylogenies are available to view at:
https://nextstrain.org/groups/blab/ncov-orf8ko/WA/Alpha,
https://nextstrain.org/groups/blab/ncov-orf8ko/WA/Delta, and
https://nextstrain.org/groups/blab/ncov-orf8ko/WA/other.

3.4.4 Knockout clustering

Knockout clusters were called using clustering methods appropriate for each knockout type. Large
deleted segments can only be recovered via recombination, and for the purpose of this analysis we
considered this an unlikely event. Therefore, clusters of large deletions were reconstructed using the
Camin-Sokal parsimony algorithm71, which is a unidirectional parsimony clustering algorithm. We
considered sequences to be part of the same deletion cluster if all their common ancestor nodes and
all descendant nodes shared a deleted region of at least 30 nucleotides. Premature stop codons
introduced by nonsense or frameshift mutations can be removed by back mutation. Thus, knockout
clusters due to premature stops were called using the Fitch parsimony algorithm, which allows for
back mutation65,72. Samples were considered as part of the same knockout cluster if all their common
ancestor nodes contained the same premature stop codon.

3.4.5 Intrahost analysis

We examined the rate and frequency of nonsense mutations in intrahost single nucleotide variants in
1,300 SARS-CoV-2 samples sequenced by the University of Washington from August to September
2022 as part of a genomic surveillance program. Nasopharyngeal, nasal, or oropharyngeal swabs
with PCR cycle threshold < 31 were randomly selected and sequenced as described previously73.
Briefly, after RNA extraction, library preparation was performed using the Illumina COVIDseq
protocol with ARTIC v4.1 primers (Integrated DNA Technologies). Prepared libraries were pooled
and sequenced on an Illumina Novaseq6000 instrument using a 2x150 read format targeting at least
1 million reads per sample. Genome assembly was performed using a custom pipeline
(https://github.com/greninger-lab/covid_swift_pipeline) which performs trimming to remove
adapters and low quality regions, primer clipping, variant calling, and consensus genome generation.
We excluded 55 samples due to inadequate coverage (>10% N’s or <7,419 reads, which was two
standard deviations under the mean coverage) or poor amplification (>25% of reads trimmed). We
excluded an additional 230 samples with a consensus-level premature stop in any gene to avoid
biasing rates of intrahost nonsense mutations. In the remaining 1,015 samples, we required all
intrahost nonsense variants to have >= 1% frequency with a variant coverage of 10x and a total
position coverage of 100x.

3.4.6 Calculating dN/dS
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We calculated the expected number of synonymous, missense, and nonsense sites for each gene by
multiplying each base in the coding sequence by the substitution rates for that base previously
inferred for SARS-CoV-2. We then summed together expected mutations by mutation type for each
gene. We considered two sources for inferred substitution rates: (1) substitution rates calculated
from the 4-fold degenerate sites within SARS-CoV-2 using the global UShER phylogeny20, and (2) a
maximum likelihood substitution matrix inferred early in the pandemic from 36 SARS-CoV-2
genomes74. In the main text, we present results from the first source (Fig 3A), but include results for
all genes for both substitution matrices in the Supplement (S4).

We calculated the observed number of synonymous, missense and nonsense mutations in the
UShER phylogeny by classifying the reconstructed mutations at each node by their gene and
mutation type. We generated the divergence for each mutation type for each gene by dividing the
number of observed mutations by the expected number of sites. For missense and nonsense
mutations, dN/dS were calculated by dividing the divergence for those respective mutation types by
the synonymous divergence. While the signal strength observed with an UShER tree as opposed to a
smaller global phylogeny is weakened since the number of segregating polymorphisms in the
population is greatly increased52, our analysis focused on comparing the relative differences in dN/dS
by mutation type across genes rather than the absolute magnitude of dN/dS values.

3.4.7 Identifying mutation clusters

To compare cluster size and circulation time by mutation type for SARS-CoV-2 genes, we classified
point mutations on each node in the SARS-CoV-2 UShER tree as synonymous, missense, or
nonsense. Nodes containing multiple mutations in the same gene were excluded from the analysis.
Cluster size represented the total number of tips descended from that node and days of circulation
was calculated from the latest to the earliest date at which a descendant tip was sampled. By this
definition, clusters may contain nested clusters with mutations in that gene that could contribute to
their success. However, we chose this definition as using non-nested clusters with a single mutation
type per gene truncates signals of positive selection because cluster size is maxed out as a function of
the molecular clock rate and length of the gene.

3.4.8 Modeling mutation cluster growth rate

Using negative binomial regression, we can model number of additional descendants, given we
observed a mutation as:

𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑠𝑖𝑧𝑒 ~ 𝑁𝑒𝑔𝐵𝑖𝑛𝑜𝑚(µ
𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒

,  θ)

Where is the expected number of descendants of a given mutation and is theµ
𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒

θ

over-dispersion relative to Poisson distribution. Since each cluster can grow for a different period of
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time, we can model number of additional descendants per unit time since the mutation was first
observed by:

𝑙𝑜𝑔 (
µ

𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒
| 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛

𝑡𝑖𝑚𝑒 𝑠𝑖𝑛𝑐𝑒 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 ) =  β'
0

 +  β'
1
 × 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒   

𝑙𝑜𝑔 (µ
𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒

| 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛) =  β'
0
 +  β'

1
 × 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒 +  𝑙𝑜𝑔(𝑡𝑖𝑚𝑒 𝑠𝑖𝑛𝑐𝑒 𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛)

The estimated parameters then correspond to the log fold increase in the cluster size growth rate β'
1

for a given mutation.

Likelihood ratio test for negative binomial regression compared to Poisson regression indicated that
the negative binomial model was more likely due to overdispersion of cluster growth rate (p=0). The
negative binomial model was fit in R using the MASS package
(https://cran.r-project.org/web/packages/MASS/index.html), and the Poisson model was fit in R
using the GLM package (https://cran.r-project.org/web/packages/glm2/glm2.pdf), specifying
family = Poisson. We fit negative binomial models separately for each gene with mutation types split
out by synonymous, missense, and nonsense. For spike, ORF1a, and ORF8, we fit additional models
with mutations split out by type and fitness advantage previously inferred by a hierarchical logistic
regression model 19.

3.4.9 Clade-level analysis

We labeled nodes in the UShER phylogeny with Nextstrain clades by passing clade labels from tip to
parent nodes using a backwards traversal algorithm. If a node had multiple potential clade labels, the
clade first identified was passed up to the parent node, i.e. 19A preceded 19B. We calculated ORF8
dN/dS for each clade with more than 500 samples using the same method applied to the entire
phylogeny, except subsetting the tree to only nodes in that clade.

To test the growth advantage of nonsynonymous mutations over synonymous mutations for
individual clades, we calculated the ratio of the geometric mean size of nonsynonymous clusters
divided by the geometric mean size of synonymous clusters. We calculated the ratio split out by
missense and nonsense mutations for each clade with more than 500 samples. Confidence intervals
were generated by bootstrapping 10,000 times across nodes. We chose this approach, rather than
modeling cluster growth rate, because it was more robust to biases from a single cluster, given the
much smaller number of clusters in each clade relative to the entire tree. Since clades encompass
smaller time windows than the entire phylogeny, average cluster size is less biased by different cluster
starting times.

3.4.10 Clinical analysis
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Under Washington State IRB Exempt Determination 2020-102, age, sex, hospitalization, death, and
vaccination history was provided by the Washington Department of Health from the Washington
Disease Reporting System for individuals with linked sequenced SARS-CoV-2 samples from June 1,
2020 through July 31, 2022. We limited the clinical analysis to pre-Omicron lineages since Omicron
was associated with reduced clinical severity and loss of vaccine efficacy.

We used a Fisher’s exact test to compare the number of individuals who were hospitalized or died
due to SARS-CoV-2 infection by presence of an ORF8 knockout in their sequenced sample.

To estimate the impact of ORF8 knockout on clinical outcomes of hospitalization and death, we
used a multivariate logistic regression:

𝑙𝑜𝑔𝑖𝑡(𝑃
𝑖
) =  β

0
+ Σ β

𝑗
 𝑥

𝑖,𝑗
+ ϵ

𝑖

Where P is the probability of hospitalization or death, β is the coefficient of the predictor variable, x
is the predictor variable, and 𝜖 is the residual error. Predictor variables were: ORF8 knockout (binary
variable), sex assigned at birth (binary variable), age group (discrete variable), vaccinated (binary
variable, variant of concern (binary variable), and week of collection (categorical variable). Only sex
assigned at birth: Male or Female were included in the model as there were too few Other samples
to estimate a coefficient. Age groups were 0-4yo, 5-17yo, 18-44yo, 45-65yo, 65-79yo, and 80+yo.
Variants of concern were Alpha, Beta, Delta, and Gamma lineages as designated by the World
Health Organization75. Individuals were considered to be vaccinated if two weeks passed since any
COVID-19 vaccination. The model was fit in R using the GLM package
(https://cran.r-project.org/web/packages/glm2/glm2.pdf).The package Glm was used to conduct
the logistic regression. To identify the power to determine a significant effect of ORF8 knockout on
death, we used the pwr package in R
(https://www.rdocumentation.org/packages/pwr/versions/1.3-0/topics/pwr-package). Specifically,
we used the power test for the general linear model “f2.test” to estimate our power to identify the
effect estimated by the general linear model. We calculated Cohen’s f2 for ORF8 knockout as
previously described76 by the below equation:

,𝑓2 =
𝑅

𝐴𝐵
2 −𝑅

𝐴
2

1−𝑅
𝐴𝐵
2

where R2
AB is the McFadden’s R-Squared value for the model with all coefficients, including ORF8

knockout, and R2
A is the McFaden’s R-Squared value for the model with all coefficients, except

ORF8 knockout.

Given the challenges of classifying ORF8 knockouts due to large deletions, we explored robustness
of our model fit and effect size by the criteria required to classify an ORF8 knockout. We introduced
the additional criteria that an ORF8 knockout had to cluster with some threshold number of other

80

https://paperpile.com/c/6AV8uN/wDFV
https://cran.r-project.org/web/packages/glm2/glm2.pdf
https://www.rdocumentation.org/packages/pwr/versions/1.3-0/topics/pwr-package
https://paperpile.com/c/6AV8uN/XNY2


3.4 MATERIALS AND METHODS

ORF8 knockout samples in order to be considered a true knockout. We then computed Akaike
Information Criterion and the odds ratio of ORF8 knockout for outcomes of hospitalization and
death using thresholds from 0-50.

3.4.11 Dataset & code availability

On April 24, 2023, we downloaded all 149,547 SARS-CoV-2 sequences from GISAID collected in
WA through March 31, 202364. This dataset was used to identify knockouts in ORF8 in WA and to
build WA focused phylogenies. We also used an additional 32,363 SARS-CoV-2 sequences sampled
elsewhere in the United States and around the globe sampled prior to March 21, 2023 and
downloaded from GISAID on July 27, 2023 as contextual sequences in phylogenies. All GISAID
metadata and sequences used in analyses are available at gisaid.org/EPI_SET_230921by.

For selection analyses, to mitigate geographic bias, we downloaded the publicly available,
mutation-annotated, SARS-CoV-2 UShER tree 50,51 on May 1, 2023 from:
http://hgdownload.soe.ucsc.edu/goldenPath/wuhCor1/UShER_SARS-CoV-2/2023/05/01/. For
our analyses, we trimmed this tree to remove sequences without associated collection dates using
matUtils 0.6.2 (https://usher-wiki.readthedocs.io/en/latest/matUtils.html#).

Clinical data was provided by the Washington Department of Health and is unavailable to protect
patient privacy per the terms of our data use agreement.

All code used in this analysis is publicly available at: https://github.com/blab/ncov-orf8. Code was
written in both Python 3.10.9 and R 4.1.2.
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3.5 SUPPLEMENTAL MATERIAL

3.5 SUPPLEMENTARY MATERIALS

S3.1. Number of knockouts in WA SARS-CoV-2 sequences by knockout cutoff length. Here, we show
the impact of alternative cutoffs to define a gene knockout. Knockout cutoff length refers to the total number
of codons that would be missing given a large deletion or premature stop. The dashed vertical line shows the
cutoff used in our analysis: 10 codons missing or 30 continuous N or gap characters.
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S3.2. Distribution of deletion size, truncated protein size, and cluster size for phylogenetic clusters
with an ORF8 knockout. Here, we show the correlation between (A) deletion size (bp) and cluster size and
(B) truncated protein size (codons) and cluster size (B) for phylogenetic clusters with a knockout in an ORF8.
(C) Distribution of deletion size in bp for large deletion ORF8 knockout clusters. (D) Distribution of
truncated protein sizes in codons for premature stop ORF8 knockout clusters. Clusters were reconstructed
from the Washington state SARS-CoV-2 phylogeny shown in Fig 1C.
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3.5 SUPPLEMENTAL MATERIAL

S3.3. Large deletion counts by gene and reconstructed cluster sizes for gene knockouts in
Washington State SARS-CoV-2 sequences. With a large deletion cutoff of 30 base pairs missing, we
calculated (A) the raw number of large deletions by gene and (B) number of deletions normalized by gene
length using Washington SARS-CoV-2 sequences through March 2023. (C) Using the same cutoff and dataset,
we calculated the number of large deletions in ORF1a & ORF1b constituent proteins normalized by protein
length. We also calculated the size of gene knockout clusters due to premature stops (D) and large deletions
(E) by gene. Clusters were reconstructed from the Washington state SARS-CoV-2 phylogeny shown in Fig
3.1C.
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S3.4. Divergence ratios for synonymous, missense and nonsense mutations for all SARS-CoV-2
genes. Divergence ratios, or the mutation count divided by the expected number of sites, were calculated
from the global, SARS-CoV-2 UShER phylogeny for each gene for synonymous (yellow), missense (teal) and
nonsense (red) mutations. These estimated divergence ratios correspond to dN, for missense and nonsense
mutations, and dS for synonymous mutations. The expected number of sites was estimated using substitution
rates inferred from the 4-fold degenerate sites.
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3.5 SUPPLEMENTAL MATERIAL

S3.5. dN/dS values split out by mutation type for all SARS-CoV-2 genes. dn/dS values were calculated
from the global, SARS-CoV-2 UShER phylogeny for each gene split out by missense (teal) and nonsense (red)
mutations. Substitution rates were inferred from all sites in the SARS-CoV-2 genome in 202074.
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S3.6. Distribution of cluster size and days circulated by mutation type for mutation clusters in ORF8,
Spike and ORF1a in UShER global phylogeny. Cluster size is all descendants following a synonymous
(yellow), missense (teal), or nonsense (red) mutation on the UShER SARS-CoV-2 global phylogeny. Days
circulated was determined by subtracting the first date a descendant was sampled from the last date a
descendant was sampled. For ORF1a, we additionally split out missense mutations into mutations associated
with increased fitness (black) by a hierarchical logistic regression model developed by Obermeyer et al and all
other missense mutations (silver)19.

92

https://paperpile.com/c/6AV8uN/i3x0


3.5 SUPPLEMENTAL MATERIAL

S3.7. Cluster growth rates split out by mutations associated with increased fitness in Obermeyer et
al. We estimated the fold change in nonsynonymous cluster growth rates relative to synonymous using
negative binomial regression for ORF8, Spike, and ORF1a, splitting out mutations by those with increased
fitness inferred by Obermeyer et al19. Nonsynonymous mutation clusters were split into four categories:
missense mutations with previously inferred increased fitness (teal triangles), nonsense mutations with
previously inferred increased fitness (red triangles), missense mutations without a previously inferred fitness
benefit (teal squares), and nonsense mutations without a previously inferred fitness benefit (red squares). Bars
indicate the 95% confidence interval.
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S3.8. ORF8 dN/dS and geometric mean cluster size ratios for missense and nonsense mutations by
SARS-CoV-2 clades. For each Nextstrain clade with more than 500 samples in the SARS-CoV-2 UShER
phylogeny, we estimated the following for ORF8: (A) dN/dS ratio and (B) the geometric mean size for
nonsynonymous mutation clusters over geometric mean size for synonymous mutation clusters. Each
estimate is split out by missense (teal) and nonsense (red) mutations. Panel (C) displays a scatterplot of the
two estimates. Error bars represent 95% confidence intervals which were calculated by bootstrapping across
nodes in each clade.
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3.5 SUPPLEMENTAL MATERIAL

S3.9. Clinical effect size of ORF8 knockout and model fit robust to cluster size. Odds ratio (A) and
model Akaike Information Criterion (B) by cluster size required to define a knockout for GLMs of
hospitalization (light blue) and death (dark blue). To calculate cluster size, we built three lineage-specific
(Delta, Alpha, and other non-Omicron), SARS-CoV-2 maximum likelihood phylogenies enriched for ORF8
knockouts in WA and reconstructed parsimony clusters of ORF8 knockout. Breakdowns were chosen such
that all ORF8 knockouts sequenced in WA could be placed in an appropriate phylogenetic context of at least
75% background sequences.
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Table S3.1. Long deletions confirmed by PCR and Sanger sequencing

GISAID accession Pango Lineage Deletion Size

EPI_ISL_1715660 B.1.1.348 344

EPI_ISL_735487 B.1.126 344

EPI_ISL_1346492 B.1.126 344

EPI_ISL_1341325 B.1.126 344

EPI_ISL_570553 B.1.126 344

EPI_ISL_570557 B.1.126 344

EPI_ISL_570554 B.1.126 344

EPI_ISL_570555 B.1.126 344

EPI_ISL_570556 B.1.126 344

EPI_ISL_1405092 B.1.126 344*

EPI_ISL_1341426 B.1.2 372

EPI_ISL_1209055 B.1.243 411

EPI_ISL_1346578 B.1.243 411

EPI_ISL_756232 B.1.243 411

EPI_ISL_756225 B.1.243 411

EPI_ISL_756208 B.1.243 411

EPI_ISL_837509 B.1.243 411

EPI_ISL_1601458 B.1.243 411

EPI_ISL_1110034 B.1.243 103+411

EPI_ISL_1620944 B.1.427 344*

*low quality Sanger sequence, Ct 29.15 and 34.14

Table S3.2. Negative binomial regression of cluster size by mutation type in ORF8,
excluding clusters with a G8* or Q27* mutation with log(time) observed as an offset.

Variable Odds Ratio 95% CI

Missense
mutation

1.86 1.77-1.96

Nonsense
mutation

2.52 2.30-2.76
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Table S3.3. Clinical characteristics for sequenced SARS-CoV-2 samples in Washington
Disease Reporting System stratified by ORF8 knockout.

ORF8 intact
(N=49912)

ORF8 knockout
(N=10089)

Overall
(N=60001)

Hospitalized?

No 21022 (42.1%) 5363 (53.2%) 26385 (44.0%)

Yes 1906 (3.8%) 383 (3.8%) 2289 (3.8%)

Missing 26984 (54.1%) 4343 (43.0%) 31327 (52.2%)

Died?

No 49002 (98.2%) 9960 (98.7%) 58962 (98.3%)

Yes 910 (1.8%) 129 (1.3%) 1039 (1.7%)

Variant of concern?

No 10601 (21.2%) 593 (5.9%) 11194 (18.7%)

Yes 39311 (78.8%) 9496 (94.1%) 48807 (81.3%)

Age group

0-4 1785 (3.6%) 431 (4.3%) 2216 (3.7%)

5-17 7439 (14.9%) 1887 (18.7%) 9326 (15.5%)

18-44 22675 (45.4%) 5006 (49.6%) 27681 (46.1%)

45-64 9677 (19.4%) 1887 (18.7%) 11564 (19.3%)

65-79 3239 (6.5%) 448 (4.4%) 3687 (6.1%)

80+ 992 (2.0%) 112 (1.1%) 1104 (1.8%)

Missing 4105 (8.2%) 318 (3.2%) 4423 (7.4%)

Sex assigned at
birth

Female 22199 (44.5%) 4730 (46.9%) 26929 (44.9%)

Male 22757 (45.6%) 4890 (48.5%) 27647 (46.1%)

Other 49 (0.1%) 13 (0.1%) 62 (0.1%)

Missing 4907 (9.8%) 456 (4.5%) 5363 (8.9%)
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Vaccinated

No 37146 (74.4%) 8957 (88.8%) 46103 (76.8%)

Yes 12766 (25.6%) 1132 (11.2%) 13898 (23.2%)
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STUDY DESIGN BRACKETS POWER OF GENOMICS TO
INFER UNIQUE P. FALCIPARUM INFECTIONS AND
UNDERSTAND MALARIA IMMUNITY

This chapter is in preparation for publication.

ABSTRACT

Naturally acquired immunity provides near complete protection against symptomatic malaria,but its
development remains poorly understood. Pathogen sequence data represents a promising tool to
dissect strain-specific versus strain-transcendent immune effects by recording the genetic diversity of
infecting parasites. However, best practices for applying sequencing to questions in malaria immunity
are unknown. Here, we report results from sequencing of a highly polymorphic region of the apical
membrane antigen 1 (AMA1) gene in 745 P. falciparum infected blood samples in 82 individuals from
a birth cohort in Uganda. Surprisingly, we found little evidence of parasite densities or fever
thresholds changing with increasing inferred infections or antigen-specific exposures. To understand
these results, we built a multi-locus, multi-allele, longitudinal model of blood-stage P. falciparum
infections. Simulations demonstrated that incident infections can only be accurately inferred with
sequencing assays which have low limits of detection and/or studies with very frequent, active,
asymptomatic case detection. Signals of inferred infection exposures on anti-parasite and
anti-disease immunity can be recovered when either of these criteria are present. Separately, in our
simulations the impact of antigen exposure on disease outcomes was an insensitive metric for
identifying malaria antigens, highlighting the importance of validating antigen discovery methods
from genetic data. Haplotype diversity calculated within-person or at a population level could
sensitively distinguish antigenic loci; however, longitudinal study design offered little advantages over
cross-sectional study design. Overall, P. falciparum sequencing has the potential to help resolve
questions surrounding the development of naturally acquired immunity to malaria, but careful study
design is necessary to maximize its full potential.

99

4



STUDY DESIGN BRACKETS POWER OF GENOMICS TO INFER UNIQUE P. FALCIPARUM INFECTIONS AND
UNDERSTAND MALARIA IMMUNITY

4.1 INTRODUCTION

Over the past two years, the approval and rollout of the world’s first two malaria vaccines mark
exciting milestones in the fight against P. falciparum 1,2. We desperately need these new tools as, over
the past 5 years, gains made against malaria earlier this century leveled off. The COVID-19
pandemic interrupted malaria control efforts 3–6, and we face widespread insecticide resistance 7–14,
evolution of mosquito behavior to become daytime biters 15,16, and spreading drug resistance to
artemisinin and partner drugs 17–22. However, despite the immense value of new vaccines, they do
not approximate protection provided by naturally acquired immunity, which affords near complete
protection from symptomatic falciparum malaria.

Vaccines are unlikely to replicate the efficacy of naturally acquired immunity as the mechanisms
underlying its development remain poorly understood 23. Increasing age and transmission intensity
are associated with multiple measures of anti-disease and anti-parasite immunity, including fewer
cerebral malaria cases, lower probability of symptomatic malaria, higher fever thresholds, and lower
parasite densities 24–31. But we do not know if these trends result from cumulative exposure or if
other complicating factors are at hand. Do polyclonal infections, which are abundant in
high-transmission settings, boost or hinder development of immunity 32? Does the age at which
individuals are exposed to a parasite impact outcomes due to age-specific immune system capacity
33? Is malaria to immunity primarily strain-transcendent or strain-specific, i.e. do you need only
repeated infections, regardless of the genetic composition of those infections, to develop immunity
or do you need to develop antibodies to antigens from genetically diverse infections due to limited
cross-immunity? A growing body of work suggests that immunity to malaria is strain-specific 34,35.
Exposure to specific PFEMP1 antigens protects from severe disease 36–40, and both vaccine-induced
immunity and naturally acquired immunity are reduced with genetic mismatch 41,42. However, many
of these effects are short-lived, so it is unclear how much they contribute to the complete protection
provided by naturally acquired immunity. Disentangling strain-specific effects from repeated
exposure alone is also difficult since both are correlated with age and transmission intensity.

Pathogen sequence data, which can resolve unique P. falciparum infections even in high transmission
intensities, proffers itself as an ideal tool to study these questions 43,44. Sequencing records the
genetic diversity of infecting parasites, so it neatly disentangles strain-specific exposure from
repeated exposure alone, in a way that other methods, such as serology, cannot easily do 45,46.
However, since much of our understanding of malaria immunity stems from serological data, we do
not know the best approaches to use genetic data to answer immunological questions 47–51. For
example, what kind of sampling strategies or study designs are appropriate? Is it possible to
disentangle genetic complexity of exposure to make meaningful conclusions? If so, what type of
analysis methods should be used to identify the antigenic exposures necessary to develop protective
immunity?
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4.1 INTRODUCTION

In this manuscript, we address these questions by first employing amplicon sequencing to deeply
profile the AMA1 haplotypes in longitudinal blood samples from three birth-cohorts representing a
range transmission intensities in rural Uganda. We use sequence data to search for evidence of
anti-disease and anti-parasite immunity developing with general and antigen-specific exposure. Then
to contextualize our results and develop best practices for applying genetica data to understand
malaria immunity, we build a multi-locus, multi-allele, longitudinal model of blood-stage P. falciparum
infections. This model is used to identify study designs and analysis methods in which pathogen
sequence data can successfully infer incident infections and de novo score the contributions of
proteins to P. falciparum immunity.

4.2 RESULTS

4.2.1 AMA1 sequencing of PRISM cohort

To quantify the contribution of general exposure versus age, COI, and antigen-specific exposure on
development of immunity to malaria, we performed AMA1 sequencing on longitudinal P.
falciparum-infected blood samples from 85 children in 79 households in birth cohorts collected in
three sub-counties with varying transmission intensities in Uganda from 2011-2018. The birth
cohorts were nested in a larger longitudinal household study which included passive and active
detection (routine visits every 1-3 mos) and included any children enrolled in the study at under <1
year of age who were followed until they had at least one asymptomatic P. falciparum infection 52,53.
Parasitemia was identified using microscopy and a LAMP assay, with sensitivity of ~10 parasites/uL.
Table 4.1 describes the characteristics of the birth cohort, and Fig 4.1A shows example study
timelines from individuals in the cohort.

Two individuals were excluded from the cohort due to unavailable samples, so we attempted
sequencing on 1075 samples from 83 people and 851 parasite (+) study visits. We successfully
duplicate sequenced and called AMA1 haplotypes in samples from 82 individuals across 745 parasite
(+) study visits (Fig S4.1). On average, we sequenced 9.1 parasite(+) visits per person, or 81.0% of
an individual’s parasite (+) visits during the study time period. (Fig S4.2A). Sequencing was more
successful in samples with parasite density ≥ 100 parasites/uL (Fig. S4.1B), so symptomatic visits
were slightly enriched, with 88.0% of all symptomatic visits per individual sequenced on average (Fig
S4.2A). We identified 62 unique AMA1 haplotypes in our cohort, with each sample containing two
haplotypes on median (range:1-18). Haplotypes were relatively unique, present in only 8 samples on
median. We planned to use individual haplotypes to infer unique infections, so sequencing
underwent extensive quality control to avoid miscalling by contamination or PCR error (see methods
& Fig S4.1). After filtering out plates (n=4/28) with signals of contamination and samples with
signatures of error, we observed a 0.982 Pearson’s Correlation coefficient between haplotype
replicate frequencies (Fig S4.1D). In general, samples with qPCR >=100 parasites/uL were more
successful (Fig. S4.1B), somewhat biasing the dataset toward higher parasite density infections.
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Table 4.1. Characteristics of PRISM birth cohort stratified by study site.

Walukuba Kihihi Nagongera All

Number of people 19 34 32 85

Female 8 15 14 37

Male 11 19 18 48

Number of
households

16 32 31 79

Mean EIR (sd) 6.01 (5.78) 19.1 (31.4) 48.2 (91.9) 30.5 (68.0)

Mean maximum age
(sd)

4.19 (1.10) 4.62 (0.99) 5.47 (1.58) 4.84 (1.36)

Mean number of
asymptomatic
parasitemia (sd)

3.29 (3.85) 4.44 (3.35) 6.28 (5.08) 4.93 (4.33)

Mean number of
symptomatic
malaria (sd)

2.20 (1.42 8.42 (6.80) 8.39 (6.21) 7.23 (6.34)

Unique infections were inferred as the presence of a haplotype not seen in the previous sequenced
sample. We employed two diverging approaches to parasite (+) visits with missing genotyping: (1)
We simulated haplotypes from cohort haplotype frequencies. This approach biases toward
overestimating unique infections since it does not account for chronic infections persisting across
multiple study visits. However, among successfully sequenced samples, we observed short-infections,
consistent with the frequent malaria episodes and treatment of young children (Fig S4.2B). (2) We
omitted parasite (+) visits. This approach assumes that unsequenced infections represent chronic
infections continued from the last sequenced time point and biases toward underestimating unique
infections. In general, we present results from (1), but analyses were checked for sensitivity using
results from (2). We inferred 93% of all parasite (+) visits as new infections with a median infection
number of 7 per person (range=1-38) (Fig S4.2C). We identified increasing infections in children
with increasing transmission intensity and duration in the study.

Given unique infections, we aimed to estimate the impact of general exposure on disease outcomes
and look for evidence of antigen-specific protection at the C1L epitope, a locus previously
associated with antigen-specific immunity 41. However, we found no correlation between number of
infections and parasite density (Pearson’s Correlation: 0.012, p=0.72) and between number of
exposures to C1L haplotype and parasite density (Pearson’s Correlation: 0.019, p=0.59) (Figs
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4.1B,C). We found a weak correlation between number of infections and age (Pearson’s Correlation:
-0.10, p=0.004), but no correlation between number of C1L haplotype exposures and temperature
(Pearson’s Correlation: -0.037, p=0.28) (Fig S4.3).

Fig 4.1. Malaria outcomes not altered by increasing general or C1L-specific exposure in PRISM birth
cohort. (A) Random sample of 10 individual trajectories in PRISM birth cohort showing visits with
symptomatic malaria (red), visits with asymptomatic microscopy (+) parasitemia (orange), visits with
asymptomatic LAMP (+) parasitemia (yellow), visits with negative blood smear (teal) and visits without a
blood smear (gray). Log10 parasites/uL are not altered with increasing number of infections (B) or number
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of exposures to C1L haplotype (C). Lines with shaded 95% confidence intervals show the relationship
estimated by a general additive model. (D) Univariate linear mixed effect models split out by age estimate the
impact of number of infections (green) or number of exposures to C1L haplotype (magenta) on temperature.
The best fitting general linear mixed effect model of parasite density is shown in (E) and the best fitting
general linear mixed effect model of temperature is shown in (F). Coefficients are shown for simulating
haplotypes in unsequenced parasite(+) visits (black) versus omitting unsequenced parasite (+) visits (silver).

To identify predictors of parasite density and temperature given infection, we applied univariate
linear mixed models with random effects for individuals, considering 19 different predictors
associated with individual traits, general exposure, waning immunity, or antigen-specific exposure
(Fig S4.4). For parasite density, measures of waning immunity (days since last infection, and number
of infections in the past three months) were strongly significant predictors (p < 0.01). Sickle cell
trait/disease was even more strongly significantly protective (p < 0.001), and monthly entomologic
inoculation rates (EIR, or rate of being bitten by a P. falciparum-infected mosquito) was strongly
associated with increasing parasite density (p < 0.001). None of the other measures of general
exposure, such as age or unique AMA1 clones seen before, nor any of the antigen-specific exposures
were predictive of parasite density. For temperature, monthly EIR and sickle cell trait/disease were
again highly significant predictors (p<0.001) as were measures of waning immunity (infections in
past three months: p < 0.001, days since last infection: p < 0.01, infections in past six months: p <
0.05). Other measures of general exposure were also strongly significant predictors, including age,
number of AMA1 clones seen before, infection number, and number of previous malaria episodes (p
< 0.001). When controlling for individual effects, antigen-specific exposures were also predictive of
temperature (proportion of C1L haplotypes in the infection seen previously: p < 0.01, number of
exposures to C1L haplotype: p < 0.05).

Thus, as existing literature hypothesizes, it appeared that the number of infections and the C1L
epitope might be associated with anti-disease immunity in this cohort, if not anti-parasite immunity.
However, when stratifying univariate models by age these associations disappeared (Fig 4.1D). In
our best fitting joint linear mixed effect models of temperature and parasite density, measures
derived from sequence data, such as unique infections or exposures to C1L haplotypes, were
completely absent. In the best fitting model of parasite density given infection, sickle cell
trait/disease was associated with reduced parasite density, and increasing time since the last parasite
(+) visit and increasingly monthly EIR were associated with increased parasite densities (Fig 4.1E).
In the best fitting model of temperature given infection, increasing parasite densities were associated
with increasing temperatures, increased age was associated with decreasing temperatures, and sickle
cell trait/disease was independently protective (Fig 4.1F). These results were robust for both ways of
handling missing sequence data, and for imperfect detection of AMA1 haplotypes (Fig 4.1E,F, S4.5).

These results were incongruent with decades of research on malaria immunity. Both age and
increasing transmission intensity are independently associated with lower parasite densities and
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reduced cases, and the field presumes that number of infections is the primary mediator, regardless
of strain-specific versus strain-transcendant immunity 24,28,29,31. Instead, in our data, age swallowed
any signal from infection number or clones seen previously. Clones seen previously provided an
alternative measure of infection number if what we considered polyclonal infections instead were
distinct infection events. The lack of signal at the C1L epitope also contradicted previous work,
which has found reduced risk of symptomatic malaria when re-infected by a homologous C1L
haplotype, though those effects do noticeably wane 35,41. While possible, it was unlikely these results
stemmed from miscalling of AMA1 haplotypes, given the extensive quality control of sequence data,
including genotyping in replicate, and the robustness of these results to missing data or imperfect
detection of haplotypes. Therefore, we turned to the controlled framework of simulations, building a
new model of blood-stage P. falciparum infections and exploiting it to understand how our results
might be congruent with existing literature.

4.2.2 Design and validation of within-host model

Parasite antigenic diversity, both in number of antigens presented during the parasite life cycle and in
genetic diversity of those antigens, is hypothesized to contribute to slow immune development.
However, few models of P. falciparum infection explicitly model parasite diversity at multiple loci 54–58.
Those that do primarily focus on antigenic diversity during a single infection, rather than across
multiple infections. To explore the contribution of parasite genetic diversity to development of
immunity, we developed a multi-loci, multi-allele, longitudinal model of blood-stage P. falciparum and
used it to simulate parasite densities and malaria episodes longitudinally in individuals from 0-8 years.

Fig 4.2 provides an overview of model design (A) and fitting (B), and the supplement describes
both in detail. Each parasite inoculation contains a unique combination of alleles across multiple loci
drawn from population allele frequencies. Upon infection, individuals develop allele-specific
immunity, which decays upon infection clearance. Parasites grow logistically, and growth rates are
modified by the sum of allelic immunity to that parasite. When parasite densities reach a specific
fever threshold that increases with age and transmission intensity, symptomatic malaria occurs 24. We
modeled individuals across a range of EIRs (10-250), number of antigenic loci (2-100), and alleles
per locus (2-40), allele frequency skews (1-3), and immune half-lives (100-1000) using Latin
hypercube sampling across 50,000 simulations to identify the parameter space recapitulating
age-infection trends observed in the real-world. We considered simulations successful if cases and
parasite density decreased with age, and at least some children in simulated cohorts developed
symptomatic malaria in the final simulation year.

In order for simulations to be successful across all simulated transmission intensities, the model
needed to include some type of individual variability in immunity growth rates. (Fig 4.3A).
Specifically, after boxing parameter space, only simulations with individual variability in allele
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immunity growth, individual and locus variability in allele immunity growth, and simulations with
variability in immunity growth rates across all alleles in all people (total variability) reached 50%
success rates across the simulated range of transmission intensities. Even after boxing parameter
space, including to less realistic scenarios of few antigenic loci and many distinct, non-cross
protective alleles, simulations with only locus variability, allele variability, or no variability in
immunity growth rate were less than 10% successful at EIR <40.

Fig 4.2. Design and fitting of the multi-loci, multi-allele, longitudinal model of P. falciparum
infections. (A) shows the design of novel longitudinal model of P. falciparum tracking allele-specific parasite
densities and immunity, and total parasite densities and symptomatic malaria episodes from ages 0-8. (B)
shows the general approach to identify reasonable parameter space for the model.
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Fig 4.3. With individual variability in immunity development, models recapitulate anti-parasite and
anti-disease immunity. (A) shows the proportion of simulations successful in the final, boxed parameter
space for models with different variabilities in immunity growth rates: yellow = no variability, red = variability
across loci pink = variability across alleles, blue = variability across people, purple = variability across people
and loci, and green = total variability for each allele at each locus in each person. Simulations are considered
successful if cases and parasite densities decrease with age, but at least some children in the simulated cohort
develop symptomatic malaria in the final simulation year. Using parameters from the final, boxed parameter
space, infection and disease trends by age from a single simulated cohort are shown in (B)-(E) for the total
(green), person (blue) and person and locus (purple) relative to cross-sectional data from the full PRISM
cohort (black), pre-insecticide residual spraying. Heatmaps show parasite density given infection (F) and
percent of symptomatic parasite (+) study visits (G) by age (x-axis) in simulated cohorts with EIRs ranging
from 10-250 (y-axis). EIR is plotted on a log10 scale.
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Successful parameter space across all transmission intensities existed for the models with individual
variability, but each model required further constraints on the immunity half-life, number of loci, or
number of alleles in order to achieve this, even after initial boxing of nuisance parameters (Fig
S4.6A,B). In the model with total variability, immunity half-life was constrained to >250 days to
achieve success rates of 60% while in the model with person variability, immunity half-life was
constrained to >400 days to achieve similar success rates. The model with person and locus
variability required immunity half-life constraint to >600 days. Success for the model of total
variability increased with ≤ 50 antigenic loci, but success was consistent across all simulated
antigenic loci for the other two models. For all models, the number of alleles was a sensitive
parameter. The model with person variability performed poorly for all EIRs with <10 alleles while
the model with person and locus variability performed poorly at low EIRs with > 15 alleles. The
model with complete variability in immunity growth rates performed worse at high EIRs with few
alleles.

The models including some type of individual variability, which promised the most success, were
further fit to age trends for case counts, parasite densities, percent symptomatic infections, and
percent parasite (+) visits in published data from the cross-sectional PRISM cohort, pre-insecticide
residual spraying 24,52,53. Specifically, we looked for parameter space with correlation coefficients
greater than 0.5 to trends in the real data. The supplement describes results and methodology in
detail, but in brief, number of alleles remained a sensitive parameter for all models (Fig S4.6C). For
the models with person or person and locus variability in immunity growth rates, we observed
separate peaks for parasite density trends versus all other measured trends, with fewer alleles being
more successful at reproducing parasite density trends by age. The result being that final parameter
space was associated with narrow ranges of allele numbers for each model, with 10-15 as the
overlapping range for all models. Since the general approach employed does not include
cross-immunity, this number would correspond to an average of 10-15 distinct antigenic niches for
each antigenic locus.

Using the final parameter space, we found that all models with individual variability in immunity
growth rates were successfully able to recapitulate relative case count trends by age in the PRISM
cross-sectional dataset, with individual and locus variability recapitulating absolute case count trends
(Fig 4.2B). All models were able to recapitulate relative trends in percent parasite (+) visits by age
(Fig 4.2D). However, only the model with individual & locus variability and the model with total
variability were able to recapitulate relative parasite density trends (Fig 4.2C). All models struggled to
recapitulate percent symptomatic infection trends, likely the absolute number of percent of parasite
(+) visits was too high (Fig 4.2D,E).

Overall, both individual and locus variability and total variability models best replicated the PRISM
data. Conceptually, individual variability in immunity growth rates corresponds to established
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different inherent abilities in developing immunity to malaria, due to host genotypic effects, like
sickle cell trait 59. Locus variability in immunity growth rates is consistent with the range of
immunogenicity across P. falciparum proteins described in the literature 46. The total variability could
be consistent with the observation that naïve antibody repertoires vary widely across individuals,
determined in much by their genotypes 60. However, we are not aware of evidence for P. falciparum
suggesting that the diversity of initial antibody repertoire results in meaningful differences in
immunity growth rates. Thus, we decided to move forward with the individual and locus variability
model as it was more grounded in biological realism. This model also recapitulated previously
identified trends of anti-disease and anti-parasite immunity developing faster with increasing
transmission intensity (Fig 4.2F,G) 24,29. While parasite densities and percent of symptomatic study
visits decreased with age across all transmission intensities, they decreased more rapidly at higher
EIRs than low ones.

4.2.3 Best practices for inferring infections from parasite genetic data

Having developed a model replicating known anti-parasite and anti-disease immunity trends, we set
about using the model to understand why measures of these immunity types did not develop with
increasing infection number in the sequenced, longitudinal PRISM birth cohort. We simulated
AMA1 sequence data from the model by specifying a visit periodicity=84, limit of detection=10
parasites/uL, and a minimum haplotype frequency=0.5% to match conditions in the PRISM birth
cohort. For this simulation, we allowed 10 antigenic loci, which each contributed 10% to immunity,
and each locus had 10 alleles occupying distinct antigenic niches. We mimicked the extensive
haplotype diversity at AMA1 by simulating 5 additional haplotypes for each allele, such that at this
locus, there were 50 different haplotypes. We then inferred infections as done for the real data by
considering haplotypes not observed in the previous parasite (+) visit to be a new infection.

Using this approach, total estimated infections did not correlate with actual infections (Pearson’s R:
0.03) (Fig 4.4A). Instead, estimated infections correlated with malaria episodes (Pearson’s R: 0.87)
(Fig 4.4B). Comparing estimated and actual infection numbers for each infection in specific
individuals, we observe that while infection number is correlated per individual, we identify
infections at a different rate for each individual. Additionally, we identify fewer infections with
increasing true infection number (Fig 4.4C).

To see if we could improve the correlation between estimated and actual infections, we simulated
correlations across a range of haplotypes (range=5-80), number of loci to sequence (range:1-4),
routine visit frequency (range: 2 weeks - 3 months), limit of detection range: 0.01 - 1000
parasites/uL), changes in allele frequency skew (range: 1-3), and minimum haplotype frequency
(0.5-5%) (Fig 4.4D,S4.7). We observed no increases in correlation with changing allele frequency
skews or minimum haplotype frequencies. Once a locus had 20 haplotypes, we did not observe
additional increases in infection correlation from more haplotypes. At this number of haplotypes, we
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Fig 4.4. Estimated infections only correlate with actual infections and exposure dynamics with a low
limit of detection and/or frequent visits. We simulated AMA1 sequence data and inferred infections
applying the same approach as for the PRISM birth cohort (routine visit frequency=84 days, limit of
detection=10 parasites/uL, minimum haplotype frequency=0.5%). For each individual, (A) shows the
correlation between estimated total infections and actual total infections while (b) shows the correlation
between estimated total infections and symptomatic malaria cases. (C) shows the relationship between
estimated infection and actual infection number for each infection colored by the simulated person. (D)
displays average correlation coefficients between actual and estimated infections for 30 simulated cohorts
across varying numbers of haplotypes, numbers of loci, limits of detection, or visit frequencies. General
additive models show the relationship between estimated infection number and parasite density at varying
limits of detection (E) and visit frequencies (F).

also observed no additional benefit from sequencing additional loci. Decreasing the limit of
detection to ≤1 parasites/uL, however, greatly increases correlation between estimated and actual
infections to an average Pearson’s R of 0.7. Independently, infection correlations increased with
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increasing frequency of routine visits, going from an average Pearson’s R of 0.11 with 3-month visits
to an average Pearson’s R of 0.68 with monthly visits. If visits are pushed even higher to 14 weeks,
the average correlation between estimated and actual infections increases to 0.84 but the
practicalities of such a study are limited.

Estimating the relationship between parasite density and infection number using general additive
models across a range of detection limits, we found that it is possible to observe no relationship
between infections and parasite densities at a limit of detection=100 parasites/uL (Fig 4.4E). A
higher limit of detection results in a weakly increasing relationship between infection number and
parasite density whereas lower limits of detection are associated with a negative correlation between
parasite density and infection number. The relationship does not steepen past a limit of detection =
1 parasite/uL, which is also where the correlation between estimated and actual infection plateaus.
Similarly, if we increase visit frequency, we can recover a negative relationship between parasite
density and infection number, though not to the same degree as by decreasing the limit of detection
(Fig 4.4F).

These simulated results suggest that our inability to detect a relationship between inferred infections
and disease outcomes in the PRISM birth cohort likely stems from an inability to accurately detect
infections, rather than a difference in the relationship between exposure and immunity. To recover a
relationship, we must either increase the frequency of routine visits or lower the limit of detection.
Coincidentally, 100 parasites/uL, the limit of detection with no relationship between parasite density
and number of infections, also represents the parasite density at which sequencing quality fell off.
Thus, although we were able to detect parasitemia to ~10 parasites/uL, our ability to reliably
sequence haplotypes, which is what matters for identifying infections, was very similar to the flat
simulated results.

4.2.4 Identifying antigenic loci

Having used simulations to simultaneously explain the lack of signal in our data and optimize
approaches for accurately inferring unique infections from longitudinal genetic data, we next used
simulations to optimize analysis methods to de novo identify and score antigenic loci from P. falciparum
sequence data.

We initially hypothesized that different impacts of haplotype exposure on disease outcomes could
distinguish antigenic from non-antigenic loci. In simulations, with a limit of detection=1
parasite/uL, parasite density decreased with increasing number of exposures to haplotypes at an
antigenic locus, mirroring the results observed for infection number (Fig 4.5A). However, parasite
density also decreased with increasing number of exposures to haplotypes at a control locus, which
contributed 0% to immunity. In fact, the relationship between exposure number and parasite density

111



STUDY DESIGN BRACKETS POWER OF GENOMICS TO INFER UNIQUE P. FALCIPARUM INFECTIONS AND
UNDERSTAND MALARIA IMMUNITY

was identical for the antigenic and control loci (Fig 4.5A). Concerned this result was a unique feature
of our disease outcome and/or antigenic exposure measures, too small a cohort size, or too weak an
antigenic locus, we tested this approach more broadly.

Fig 4.5. Antigenic locus differentiated by selection for diversity, not altered disease outcomes with
exposure. (A) Repeated LOESS curves showing the relationship between parasite density (y-axis) by number
of exposures to a haplotype at antigenic loci contributing 20% of immunity (salmon) and control loci
contributing 0% of immunity (purple). (B) Heatmap displays sensitivity and specificity of regressions with
predictors of haplotype exposure on disease outcomes to distinguish between antigenic loci contributing 50%
of immunity and control loci contributing 0% to immunity. These metrics were calculated from 20
simulations with cohorts of 1000 individuals. (C) The distribution for within-person haplotype diversity for
100 individuals at antigenic loci (salmon) with varying contributions to immunity (x-axis) compared to control
loci (purple) with no contribution to immunity. (D) Average haplotype diversity (y-axis) from a cohort of 100
individuals calculated at a population level or a within-person level by locus contribution to immunity (x-axis).
Shaded regions show 95% confidence intervals.

We simulated 20 cohorts of 1000 individuals; parasite genotypes in each simulation contained an
extremely antigenic locus, with 10 alleles contributing 50% to immunity, and a control locus, with 10
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alleles contributing 0% to immunity. We looked for distinct relationships between haplotype
exposure and disease outcomes by antigenic and control loci. We tested four different measures of
exposure at a locus – number of times a haplotype was previously seen, whether or not a haplotype
had ever been seen, the time since a haplotype was last seen, and the proportion of haplotypes at
that locus in infecting parasites seen previously – against four different predictors of disease
outcome – parasite density, the rate of symptomatic malaria, probability of symptomatic malaria, and
the parasite density of individual clones. The final exposure was not used to predict clonal parasite
densities

In general, we found that using exposure to haplotypes at a locus to predict a disease outcome had
limited power to distinguish between antigenic and control loci, even in conditions strongly biased
toward having power to detect differences. While most regressions were sensitive for identifying a
significant effect by increased exposure to an antigenic locus (avg sensitivity: 0.90, std:0.19), they all
were entirely unspecific to the antigenic locus (avg specificity: 0.00, std: 0.00) (Fig 4.5B). This result
suggests that in our simulations the average exposure at non-antigenic loci increases at the same rate
as the average exposure to antigenic loci.

We did observe a selection for increased diversity sooner at antigenic loci versus non-antigenic loci.
The age at which an individual was exposed to all circulating haplotypes at an antigenic locus was
sooner than the age at which an individual was exposed to all circulating haplotypes at a
non-antigenic locus (Fig S4.7). This result could be quantified by calculating a within-person
haplotype diversity (wHd) for a locus and comparing the distribution of wHd for an antigenic locus
versus control locus. Antigenic loci had higher haplotype diversities, and in a cohort of 100, we were
able to distinguish antigenic loci contributing 12.5% to immunity from a non-antigenic locus
(Wilcoxon Test, p<0.001) (Fig 4.5C). This suggests that haplotype diversity could be an appropriate
way to use longitudinal data to identify and score antigenic loci. However, power is limited. We were
not able to distinguish an antigenic locus contributing 6.25% of immunity from a non-antigenic
locus (Wilcoxon Test, p>0.05) (Fig 4.5C). Comparing a longitudinal study design to a cross-sectional
study design, the rate of increase in within-person haplotype diversity by an antigenic locus’s
contribution to immunity is similar to the rate of increase of cross-sectional haplotype diversity (Fig
4.5D). This result suggests that using haplotype diversity to de novo score loci by their antigenicity is a
similarly powered approach in a longitudinal study versus a cross-sectional study.

4.3 DISCUSSION

P. falciparum sequence data represents an inexpensive and promising tool to answer unresolved
questions about naturally acquired immunity to malaria. Sequencing has the potential to both resolve
unique P. falciparum infections, even in high transmission intensities, and record the genetic diversity
of infecting parasites 44,61–63. Thus, genomic methods are well-poised to disentangle
strain-transcendent from strain-specific immunity, determining how age and polyclonality interact
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with general and antigen-specific exposure in the development of malaria immunity. However, when
we profiled AMA1 haplotypes in longitudinal blood samples from a birth cohort in Uganda and
used sequence data to infer incident infections, we found limited evidence of anti-parasite or
anti-disease immunity developing with increasing infection number or antigen-specific exposure (Fig
4.1). This result was in direct contrast to decades of research in this space, so we set about to
understand why this result might occur using a novel, longitudinal, multi-locus, multi-allele
mode24,28,29,35,41.

Using this model, we found that with a routine visit frequency of 3 months and a limit of detection
associated with successful AMA1 sequencing (10-100 parasites/uL), estimated incident infections in
a longitudinal cohort did not correlate with actual infections. As a result, it was possible to identify a
flat relationship between estimated infections and parasite density. In order for estimated infections
to correlate with actual infections and to observe a relationship between general exposure and
parasite density, the limit of detection had to drop or the visit frequency needed to increase. Thus, in
order to accurately infer incident infections from longitudinal P. falciparum sequence data ideally both
sequencing assays must be highly sensitive and applied to studies with frequent active detection of
asymptomatic parasitemia. If the sequencing limit of detection is fixed, frequent routine visits (≤
monthly) can recover estimates of incident infections to some degree. This observation helps explain
why we failed to find a negative relationship between P. falciparum exposures and disease outcomes
using routine visits of 3 months while others have recovered relationships using monthly routine
visits 35. In contrast with measurements of relatedness or COI, we found little improvement in
identifying incident infections from sequencing additional loci if the sequenced loci had at least 20
haplotypes, even in the context of substantial allele frequency skew. This argues that given an
appropriately low limit of detection or frequent enough visits – single amplicon sequencing is
appropriate for identifying unique infections. It also replicates the initial work by Ross et al
proposing using haplotypes to identify infections 44.

In simulations, we were unable to distinguish antigenic loci from non-antigenic loci by differences in
the impact of exposure patterns on disease outcomes. Given the same number of haplotypes
circulating in a population, exposure patterns for antigenic and non-antigenic loci are on average
identical. Every parasite must contain haplotypes at all loci, so if the population-level number of
haplotypes and haplotype frequencies are identical as in our simulated populations, the average
exposure will be the same at all loci. This result suggests that differences in malaria outcomes by
haplotype exposure previously identified could stem from population differences in haplotype
diversity, rather than contribution of immunity 35,41.

In simulations, we did find evidence for selection of diversity at loci, with increasing haplotype
diversity associated with increasing contribution to immunity. This suggested that within-person
haplotype diversity can be used to identify antigenic loci. However, within-person haplotype diversity
did not provide additional information compared to population-level haplotype diversity calculated
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from cross-sectional data. It suggests that the haplotype diversity of P. falciparum genes from
cross-sectional cohorts in young children can provide important information on the contribution of
loci to immune development 34,64. An advantage is that cross-sectional data is much cheaper to
generate than longitudinal data. Additionally, in our simulations, we assumed an identical number of
haplotypes at all loci, irrespective of their antigenicity. In real data proteins under immune pressure
are under balancing selection, which cross-sectional measures of haplotype diversity already account
for, so cross-sectional approaches may be even more powered to score contribution to immunity
than our model suggests.

In our analysis of AMA1 data in the PRISM birth cohort, we found an important role of waning in
anti-parasite immunity and thus anti-disease immunity, with an 0.28 decrease in log10 parasite
densities for each 10-fold change in days since infection. This result is consistent with already
existing evidence highlighting the importance of waning immunity to malaria 46,65. However, it does
not necessarily imply that frequent infections result in more protection: increased transmission
intensity measured by monthly household entomological surveys were associated with increased
parasite densities, and thus, symptomatic infections.

In order to successfully model anti-disease and anti-parasite immunity across a range of transmission
intensities, we had to include individual variability in immunity growth rates in our models. This
finding was consistent with existing evidence of the importance of individual heterogeneity in
developing immunity to malaria, driven by factors like host genotype effects such as sickle cell trait
59,66–70. It adds value to existing modeling literature by arguing that individual heterogeneity needs to
be included in malaria models 71,72.

As previously noted, modeling malaria immunity is difficult due to its many unknowns 54. Here we
used a model to better understand how to collect real data, but conversely, we can design better
models with improved real data. Thus, this work has important limitations: One the model focused
on multi-infection dynamics in young children; results observed in this age group may not transport
to older individuals. We did not model the effect of maternal antibodies, though this framework
could conceivably be extended to do so. As a result, we only fit our data to timepoints > 1 year of
age. Thus, the accuracy of infection dynamics in infants could be improved by modeling maternal
immunity. Since the model focused on blood-stage infections, pre-erythrocytic control did not
enhance with time; this is an undeniably wrong assumption, and increased model flexibility might be
provided if pre-erythrocytic immunity was included. Since we were interested in using the model to
understand immunity to single-copy antigens, which could conceivably be vaccine targets, we did not
attempt to model multi-copy antigens expressed at var. These genes likely contribute to long
infection persistence; instead the model generated long-persistence times by tuning the final parasite
growth rate. Thus, the model would provide an inappropriate framework to explore factors driving
differential infection persistence.
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In conclusion, we found that while AMA1 sequencing was not very informative for understanding
development of malaria immunity in the PRISM birth cohort, our results by no means imply that
genetic data is not informative to understand malaria immunity in general. Instead, it argues for the
importance of study design and analysis methods in applying genomics to questions of malaria
immunity. Specifically, prioritizing highly sensitive sequencing assays to P. falciparum (+) samples
from studies with frequent active detection of parasitemia is key to distinguish unique infections and
disentangle their impacts on immunity. In order to identify antigenic loci, our work suggests that a
cross-sectional study design rather than a longitudinal approach may be more efficacious, given the
decreased cost and limited observed advantages of longitudinal dataset. However, the analysis
methods tested were by no means exhaustive, and it argues for the importance of interrogating
methods for specificity before assuming efficacy.

4.4 MATERIALS ANDMETHODS

4.4.1 Data and code availability

Visit and entomological data for the PRISM Cohort has been previously published at ClinEpiDB:
https://clinepidb.org/ce/app/workspace/analyses/DS_0ad509829e/new/details. Visit and
entomological data for the PRISM2 Cohort has been previously published at ClinEpiDB:
https://clinepidb.org/ce/app/workspace/analyses/DS_51b40fe2e2/new/details. Code used to
analyze sequence and metadata for the PRISM birth cohort is at:
https://github.com/blab/pf-s3timulate-ama1. Model code is available at:
https://github.com/blab/pf-longitudinal. Code was written in both Python 3.11.0 and R 4.1.2.

4.4.2 Sample collection and study design

We used longitudinal visit data, entomological surveys, and blood samples from a subcohort of 85
children in the Program for Resistance, Immunology, Surveillance and Modeling of Malaria in
Uganda (PRISM) study who were under <1 year of age at time of enrollment in the study with at
least one episode of asymptomatic parasitemia 53. Nine children in the PRISM study were
subsequently enrolled in the consecutive PRISM2 study, and we included any additional data for
these individuals 73. Overall, our subcohort included data from August 2011 - October 2019.

The PRISM study has been described elsewhere, but briefly, it was an observational, longitudinal,
household cohort study from 2011-2018 run in three different sub-counties of Uganda – Walukuba
in Jinja District, Kihihi in Kalungu District, and Nagongera in Tororo District – with varying
transmission intensities (annual entomologic inoculation rates ranging from: 2-300) 24,52,53,74.
Households with a child between 0.5-10 years of age randomly selected and invited to participate,
and cohorts were dynamic, so additional children in enrolled households were invited to participate
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as they became eligible. Unless participants were withdrawn from the study, voluntarily or due to
failure to comply with study visits, children were followed until the study’s end or reaching age 11.
The study included active (routine evaluations every 1-3 months) and passive follow-up (evaluation
upon illness). At routine visits, children were tested for asymptomatic parasitemia using thick blood
smears, evaluated by two experienced microscopists. At sick visits, children with a reported fever in
the past 24 hours or with a tympanic temperature > 38.0°C were tested for malaria using a thick
blood smear. Patients with positive smears were diagnosed with symptomatic malaria and treated
with artemether-lumefantrine (AL), the recommended first-line treatment in Uganda at the time.
Complicated or recurrent malaria within 14 days of therapy was treated with quinine. Dried blood
spots collected from all visits were later further tested for asymptomatic parasitemia using a
previously described LAMP assay, with a sensitivity of detection around 10 parasites/uL 75.
Additionally, mosquito surveys were conducted every month at all study households using miniature
CDC Light traps (Model 512; John W. Hock Company). Female anopheles mosquitoes were tested
for sporozoites using an ELISA technique, allowing for calculation of entomological inoculation
rates across time 74. Individuals were genotyped for four polymorphisms associated with altered
malaria risk: sickle hemoglobin, ɑ-thalassemia due to 3.7 kb deletion, G6PD deficiency, and CD36
T118G heterozygosity as previously described 76. Briefly genes of interested were amplified;
amplicons for all but ɑ-thalassemia were subject to mutation-specific restriction endonuclease
digestion; reaction products were resolved by electrophoresis, and genotypes were determined based
on reaction product size.

The subsequent PRISM2 study has also been described elsewhere 61,73,77. Format was similar to the
original PRISM study, except it only enrolled 80 households from the Nagongera sub-county in
Tororo County; individuals were not genotyped for polymorphisms associated with altered malaria
risk; routine visits were every 28 days, and qPCR rather than LAMP was used to detect
submicroscopic, asymptomatic parasitemia. The study ran from October 2017-October 2019

4.4.3 EIR calculation

Annual entomologic inoculation rates (EIRs) were calculated for each month using a three-month
sliding window using the below equation:

𝐸𝐼𝑅 =  𝐻𝐵𝑅 * % 𝑆𝑝𝑜𝑟𝑜𝑧𝑜𝑖𝑡𝑒 (+) *  365

HBR, or household biting rate, was defined as the geometric mean of the number of mosquitoes
caught in light traps in that household during that time window. Given low levels of percent
sporozoite positivity detected, the percent sporozoite positive was calculated from all mosquitoes
tested in a study site during the time window.
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4.4.4 DNA extraction and AMA1 sequencing

We performed amplicon sequencing of apical membrane antigen 1 (AMA1) on dried blood spots
(DBS) or cryopreserved whole blood (WB) for all available samples from a parasite (+) visit. DNA
was extracted from DBS samples using Tween-Chelex extraction as described elsewhere 78. DNA
was extracted from WB samples using QIAamp DNA Mini Kit (Qiagen, CA, USA) following the
manufacturer’s recommendations. Extracted DNA was transferred to a 96-well plate and stored at
−20 °C until processing. Parasite densities were confirmed using varATS ultra-sensitive qPCR as
described previously 79. Hemi-nested PCR was used to amplify a 236 base-pair segment of AMA1 as
described previously 61,62. Within three parasite density categories, samples were randomly assigned
to plates, and in duplicate amplified, indexed with custom combinatorial 12 base-pair dual indexes
(TruSeq), pooled, and purified by bead cleaning. For the second amplification step of the
hemi-nested PCR, samples with a varATS qPCR < 10 parasites/uL were amplified for 25 cycles;
samples with a varATS qPCR ≥ 10 parasites/uL and < 10,000 parasites/uL were amplified for 20
cycles; samples with a varATS qPCR ≥ 10,000 parasites/uL were amplified for 10 cycles. 150 base
pair paired-end sequencing was performed on Illumina NextSeq or NovaSeq.

4.4.5 Haplotype calling and quality control

Data extraction, processing, and haplotype clustering were performed using SeekDeep 80, with
designation of duplicate samples to validate haplotype calls, as previously described 61. Called AMA1
haplotypes underwent additional quality control to detect signals of contamination. PCR plates with
haplotype calls in negative control water samples were excluded from the analysis and re-sequenced.
For each sequencing experiment, the distribution of shared haplotypes in samples adjacent on a plate
was compared to the distribution of shared haplotypes in samples across all plates. Plates with an
elevated number of haplotypes in adjacent samples were excluded from the analysis (Fig. S4.1A). A
minimum read depth of 10, and a minimum frequency cutoff of 0.5% in both replicates was
required for all haplotypes. This frequency cutoff was determined because 97.6% of haplotypes in
samples with ≥ 100 parasites/uL met this cutoff (Fig. S4.1C), and sequencing quality dropped off in
samples with 100 parasites/uL (Fig. S4.1B).

Parasite (+) visits with multiple samples were deduplicated, so AMA1 calls from only a single sample
were included in the analysis. A subset of data (29/169) from parasite (+) visits that did not show
haplotype frequency concordance between samples were removed. For parasite (+) visits with WB
and DBS samples sequenced, data from WB samples was kept. For the remaining multiple samples,
data from the sample with the highest varATS qPCR value was retained.

4.4.6 Inferring infections
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We simulated sequence data for parasite (+) visits with missing sequencing between the first and last
sequenced timepoints. First, we simulated the number of unique haplotypes present (complexity of
infection, or COI) from a negative binomial distribution of COI fit for each study site. The negative
binomial model of COI was fit in R using the MASS package
(https://cran.r-project.org/web/packages/MASS/index.html). Next, that number of haplotypes
were randomly drawn from the overall haplotype frequency in the entire study population. This
approach biases toward simulating new infections. However, our study population consisted of
young children with frequently treated malaria episodes, and thus limited chronic infections (Fig
S2B). In sensitivity analyses, we also considered how robust results were to classifying missing
sequence data as no new infections.

For each individual, a new, incident infection was inferred as the presence of any new AMA1
haplotypes at a parasite (+) visit, not present in the previous parasite (+) visit. Given the extensive
sequence diversity of AMA1, this approach, or a similarly diverse locus is often used to identify
unique infections43,44,61–63,81,82. Given potential within-host fluctuations of parasite densities and
clones across time, in additional sensitivity analyses, we relaxed the assumption that a clone may be
detected in every single parasite (+) visit by allowing a clone to persist for anywhere from 1-5 visits
without being detected. Parasites were considered cleared from visits with microscopic parasite
densities 14 days after treatment and from all LAMP (+) only visits 30 days after treatment. Multiple
new haplotypes were only considered one new infection.

4.4.7 Modeling disease outcomes by exposure

To identify exposures impacting disease outcomes, we tested for significant predictors of disease
outcomes using univariate linear mixed effect models with random effects for each person:

𝑂𝑢𝑡𝑐𝑜𝑚𝑒
𝑖
 =  𝑥

𝑖
β +  𝑧

𝑝
+  ϵ

𝑖

Where xi is the predictor associated with each infection, is the coefficient of the predictor, zp is theβ
random effect for each person, and ϵi is the residual error. Models were fit in R using the package
lme4 (https://cran.r-project.org/web/packages/lme4/vignettes/lmer.pdf). We considered all
combinations of the outcomes and exposures. Outcomes were temperature (℃) given an infection
and Log10(parasite density) given an infection. Parasite densities for infections that were LAMP (+)
were simulated from 10-100 parasites/uL using a uniform distribution. Table 4.2 lists all considered
exposures. Predictors related to individual traits, general P. falciparum exposure, waning immunity, and
antigen-specific exposures were considered. C1L haplotype were defined by eight polymorphic
amino acids at positions 196, 197, 199, 200, 201, 204, 206, and 207 in the AMA1 protein 41. For
samples in which a C1L epitope had not been observed time since last haplotype exposure was
replaced with 3 years, which was greater than the maximum time since last haplotype exposure. In
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regressions, infections that occurred at under 1 year of age were omitted to avoid confounding by
maternal antibodies.

Predictors that were significant in univariate models were tested in joint linear mixed effect models
of form:

𝑂𝑢𝑡𝑐𝑜𝑚𝑒
𝑖
 =  Σ β

𝑗
 𝑥

𝑖𝑗
+  𝑧

𝑝
+ ϵ

𝑖
 

where now xij is a predictor for a specific infection and j is a specific predictor. The best fittingβ
models for parasite density and temperature were identified by ANOVA using an ɑ = 0.05.

Table 4.2: Predictors considered for disease outcomes

Predictor Transformation Variable type Variable category

Sex None Binary

Individual traits

Sickle cell trait/disease None Binary

CD36 heterozygosity None Binary

ɑ-thalassemia None Binary

G6PD deficiency None Binary

COI None Discrete

General exposure

Monthly EIR Log10 Continuous

Cumulative EIR Log10 Continuous

Infection number None Discrete

Number of clones seen previously None Discrete

Age None Continuous

Number of malaria episodes None Discrete

Number of infections in last 3/6
months

None Discrete General exposure &
waning immunity

Days since last infection Log10 Continuous Waning immunity

Fewest days since last seen C1L
haplotype Log10 Continuous

Waning immunity &
antigen-specific
exposure
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Proportion of C1L haplotypes in
infection previously exposed to

None Continuous

Antigen-specific
exposure

Average distance of C1L haplotype
in current infection to previous
infection

None Continuous

Average number of exposures to
C1L haplotype

None Continuous

Seen any C1L haplotype in last 6
weeks

None Binary

4.4.8 Longitudinal, multi-loci, multi-allele, blood-stage model of P. falciparum infections

We developed a multi-locus, multi-allele model of blood-stage P. falciparum infections simulating
parasite densities and clinical outcomes longitudinally in individuals from 0-8 years. The design and
validation of this model are described in detail in Supplementary Materials 2. Briefly, infecting
mosquito bites contain a unique combination of alleles at multiple loci drawn from population allele
frequencies. With each infection, Individuals develop allele-specific immunity that decays after an
allele is cleared. Parasite growth is governed by a logistic growth model, with initial growth rates
modified by the sum of immunity to that parasite. Symptomatic malaria cases occur and are treated
when parasite densities reach a fever threshold. Additional haplotypes at each allele can be simulated
on top of already simulated individual trajectories.

We built 6 different flavors of the original model with each with differing variability in immunity
growth rates: No variability, locus variability, allele variability, person variability, person and locus
variability, and total variability. For each model, Latin hypercube sampling of parameter space was
used to run 50,000 simulations to identify the parameter space resulting in decreasing parasite
densities and cases by age, and cases in at least some children in the final simulation year. Models
containing some type of individual variability were further fit to previously published cross-sectional
infection and disease measures in the full PRISM cohort, prior to insecticide residual spraying 24,52,53.
We boxed parameter space to the marginal distributions which maximized the correlation
coefficients between simulated data and PRISM data for case counts, parasite densities, percent
symptomatic infections, and percent parasite (+) visits by age.

4.4.9 Estimating inferred infections in simulations

To simulate AMA1 sequencing, we first simulated trajectories for 110 children at an EIR from
10-100 from 0-8 years of age using default parameters, including an allele skew=2 and number of
loci=10 with each locus contributing 10% to immunity. The simulated AMA1 locus had 5
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haplotypes per allele for a total of 50 haplotypes at the locus. From these trajectories, we inferred
infections as done in the PRISM birth cohort described above specifying a visit periodicity=84 days,
limit of detection=10 parasites/uL, and a minimum haplotype frequency=0.5% to match conditions
in the PRISM birth cohort. Pearson’s Correlation Coefficient was used to measure the correlation
between estimated infections & true infections and between estimated infections and malaria cases.
We tested if the correlation would improve by increasing the number of loci used to identify a new
infection (1-4), or varying the allele skew (1-3), number of haplotypes at sequenced loci (5-80), visit
frequency (2 weeks - every 3 mos), limit of detection (0.01-1000), and minimum allele frequency
(0.5-5%). We used general additive models inferred using the package gam in R
(https://cran.r-project.org/web/packages/gam/gam.pdf) to test for varyings relationships between
parasite density and estimated infection number by limit of detection and visit frequency.

4.4.10 Identifying antigenic loci in simulations

To determine approaches for de novo identifying and scoring antigenic loci, we simulated individual
trajectories at an EIR=100 with 10 alleles at all loci. Infections were inferred using an AMA1 locus
with 5 haplotypes per allele, corresponding to 50 haplotypes at that locus, using a routine visit
frequency of 84 days and limit of detection of 1 parasite/uL. Contribution of loci to immunity varied
depending on approach, but every simulation contained one control locus contributing 0% to
immunity also containing 10 alleles. Cohort size also varied by approach.

In the initial comparison of parasite density to number of exposures at antigenic versus control, we
used a cohort size of 100 and the test antigenic locus contributed 25% to immunity with each of the
9 other antigenic loci, including the AMA1 locus, each contributing 8.25% to immunity. LOESS
curves were repeatedly estimated from a random sample of 50 infections in Python using the
package statsmodels v0.14.1 (https://www.statsmodels.org/stable/index.html) for the test antigenic
locus and non-antigenic locus.

To more broadly test if the impact of haplotype exposure on disease outcomes varied at antigenic
versus non antigenic loci, we simulated 20 cohorts with 1000 people, using a test antigenic locus
contributing 50% to immunity. All 10 other antigenic loci, including the AMA1 locus, contributed
5% to immunity. We used a general linear modeling approach to estimate relationships between four
outcomes in combination with four different metrics of exposure, adjusting for COI and infection
number:

𝑂𝑢𝑡𝑐𝑜𝑚𝑒 =  β
0
 +  β

1
𝐶𝑂𝐼 +  β

3
𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛 𝑛𝑢𝑚𝑏𝑒𝑟 +  β

3
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 +  ϵ

𝑖

Outcomes included: (1) log10 parasite density, which was modeled using a Gaussian distribution, (2)
the rate at which individuals developed an infection,which was modeled using a Gamma distribution
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with a log-link, (3) probability of symptomatic disease, which was modeled using a binomial
distribution, and (4) parasite density of individual clone, which was modeled using a Gaussian
distribution. Models were fit in Python using the package statsmodels v0.14.1
(https://www.statsmodels.org/stable/index.html). Considered exposures were the number of times
a haplotype had been seen before, whether or not a haplotype had been seen before, the proportion
of alleles in the infecting parasites seen previously, and the time since last exposure to a haplotype.
For the first three infection-level outcomes, we used average exposures. The final exposure was not
modeled for parasite densities of individual clones. We calculated sensitivity from the number of
times a cohort detected a significant predictor of exposure on outcome. Specificity calculated from
the control locus also detected a significant effect by exposure. We used an ɑ=0.05, with a
Bonferroni correction of 20 for the number of cohorts on which each regression was run.

We considered haplotype diversity as an alternative way to identify antigenic loci. For haplotype
diversity simulations we used a cohort of 100 individuals with 11 total antigenic loci. The AMA1
locus contributed 2-10 to immunity, the other 10 loci contributed 2-1 to 2-10 to immunity. Haplotype
diversity was calculated for all inferred infections within a single individual, within Hd, or a random
selection of one infection from each individual in the population, population Hd, using the below
equation:

𝐻𝑑 = 𝑛
𝑛−1  *  (1 −

𝑐𝑙𝑜𝑛𝑒=0

𝑐𝑙𝑜𝑛𝑒=𝑛

∑ 𝑓
𝑐𝑙𝑜𝑛𝑒
2 ) 

where n = the number of samples and fclone = the number of samples in which a clone was identified
divided by n.
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S4.1. Quality control of AMA1 sequencing. (A) We considered AMA1 amplification plates to be
contaminated if adjacent samples on plates (purple) shared a higher than expected proportion of haplotypes
compared to samples on different plates (blue) and/or compared to non-adjacent samples on the same plate
(red). For the 1021 remaining samples after removing contaminated plates, (B) shows the percentage of reads
used in haplotype clusters called by SeekDeep versus the qPCR value of the sample’s extracted DNA. For the
2444 haplotypes in those samples, (C) shows the minimum frequency in either replicate compared to the
qPCR value of the sample’s extracted DNA colored by the difference in frequency across replicates. The
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dashed line shows the minimum frequency cutoff, 0.5%, used to filter haplotypes. (D) After filtering out
contaminated plates and applying a minimum frequency cutoff, haplotype frequencies were highly correlated
across replicates.

S4.2. With the majority P. falciparum (+) visits sequenced, new Infections inferred by the presence of
a new AMA1 haplotype. (A) For each of the 82 individuals with any AMA1 sequencing in the PRISM birth
cohort, we calculated the percentage of symptomatic malaria episodes (navy) and parasite (+) visits (teal) with
successful AMA1 sequencing. (B) Example timeline for a densely sequenced individual in the demonstrating
frequent new AMA1 haplotypes. Parasite densities determined by microscopy and/or LAMP assays are
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shown above. Thin dashed lines represent study visit dates, and thick dashed lines show symptomatic malaria
episodes. Colored dots represent the AMA1 haplotypes sequenced. Connecting lines denote haplotypes which
appear in consecutive visits. New infections were identified by new haplotypes unseen in the previous
parasite(+) visit. Haplotypes were simulated for unsequenced parasite (+) visits in-between sequenced visits.
(C) shows the total number of infections inferred for 82 individuals with any AMA1 sequencing by an
individual’s maximum age in the study. Points are colored by the average monthly EIR during the study
period.

S4.3. Number of infections and number of exposures to C1L haplotypes by temperature. For inferred
infections in the PRISM birth cohort, we show the relationships between temperature (℃) on the y-axis and
number of infections (green) or number of exposures to C1L haplotype (magenta). Lines with 95%
confidence intervals depict the relationship inferred by a general additive model.
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S4.4. Univariate models of disease outcomes by individual trait, general exposure, waning immunity,
and antigen specific predictors. Univariate linear mixed effect models with random effects for individuals
were fit for disease outcomes of temperature (℃) (dark) and Log10(Parasite density) (light). Models were fit
on infections inferred from AMA1 genotyping of the PRISM birth cohort for disease outcomes. Predictor
variables specified on the y-axis are colored by their categories: individual trait (blue), general exposure
(green), waning immunity (purple), and antigen specific (red). Coefficients significantly different from zero at
are denoted by: • = 90% CI,＊= 95% CI,＊＊= 99% CI, and＊＊＊= 99.9% CI.
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S4.5. Best fitting models of parasite density and temperature robust to missed detection of AMA1
haplotypes. We tested if the best fitting linear mixed effect models of parasite density (A) and temperature
(B) for inferred infections in the PRISM birth cohort were robust to undetected haplotypes. We relaxed the
assumption that a clone may be detected in every single parasite (+) visit by allowing a clone to persist for
anywhere from 1-5 visits without being detected. Each color shows coefficient estimates from inferred
infections with a different number of visits for which a clone could be undetected.
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S4.6. Simulation success is differentially parameterized by the immunity-half life, number of loci,
and number of alleles for models with different variabilities in immunity growth rate. (A) shows the
proportion of successful simulations after boxing nuisance parameters across immunity half-life and number
of loci in models with different variabilities in immunity growth rates: yellow = no variability, red = variability
across loci pink = variability across alleles, blue = variability across people, purple = variability across people
and loci, and green = total variability for each allele at each locus in each person. Simulations are considered
successful if cases and parasite densities decrease with age, but at least some children in the simulated cohort
develop symptomatic malaria in the final simulation year. Heatmaps in (B) display the proportion of
successful simulations after boxing nuisance parameters by number of alleles (x-axis) and EIR (y-axis) for the
individual variability (blue), individual and locus variability (purple), and total variability (green) models. For
the same models, (C) shows the marginal density for number of alleles with ≥ 0.5 correlation to age trends for
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number of malaria episodes (dot-dash), parasite density given infection (dash), % symptomatic visits (dot) ,
and % parasite positive visits (solid) in the cross-sectional PRISM dataset.

S4.7. Correlation coefficients between actual and estimated infections do not improve with altered
minimum haplotype frequencies or skews in allele frequency. We simulated AMA1 sequence data,
inferred infections, and calculated the Pearson’s Correlation coefficient between estimated and actual
infections for 30 simulated cohorts for a range of minimum haplotype frequencies and skews in allele
frequency.

S4.8. Exposed to haplotype diversity at antigenic loci faster than at control loci. In a simulated cohort
of 100 individuals at EIRs ranging from 10-100, we show the age at which individuals were exposed to all 10
haplotypes at an antigenic locus contributing 50% to immunity (salmon) versus the age at which individuals
were exposed to all 10 haplotypes at a control locus contributing 0% to immunity.
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4.6 SUPPLEMENTARY MATERIALS 2

DESIGN AND FIT OF A MULTI-LOCUS, MULTI-ALLELE, LONGITUDINAL MODEL OF
BLOOD-STAGE P. FALCIPARUM INFECTIONS

We desired a model of P. falciparum to understand how exposure patterns to malaria antigens will
impact disease outcomes and how we might use genetic sequencing to de novo identify antigens as
well as unique infections. Rather than focusing on antigens encoded by multi-copy var genes, a
common focus of many malaria models, we wanted to focus on single-copy malaria antigens for
which vaccines can reasonably be developed [1]. We were specifically interested in how the
magnitude of the locus's contribution to immunity and the genetic diversity (number of haplotypes)
at the locus might impact our ability to detect it. We additionally aimed to determine what kind of
sampling approach and sequencing strategy would be necessary for using genetic data in this way.
However, pre-existing malaria models did not include the multi-allele, multi-locus framework
necessary. Pinkevych et al modeled multi-strain malaria by age, but it only did so at a single locus [2].
McKenzie and Bossert modeled multi-allelic, multi-loci dynamics but only at two loci each with four
alleles [3]. Their model was fit to individual infections from the malariatherapy datasets, rather than
longitudinal trajectories of individuals as they age [4–6]. Therefore, we developed an
individual-based model of P. falciparum infections simulating parasite densities and clinical outcomes
longitudinally in individuals from 0-8 years.

4.6.1 Model design

Like McKenzie and Bossert, our model did not encompass the fine-scale dynamics of individual
infections. Since we were interested in single-copy antigens, we did not model switching of antigen
expression at var genes, which are thought to underlie length of infections and cyclical bursts of
parasitemia in a single infection [7]. We also did not model the dynamics of 48-hour parasite life
cycle or red blood cell availability.

Our model focused on the long-term dynamics of blood-stage P. falciparum infections, so we
represented preerythrocytic control by a parameter, limm, representing the proportion of parasite
bites that passed through the prethrythrocytic stage into blood-stage infections. Rather than
modeling a delayed time from parasite bite to blood-stage burst, we modeled merozoites bursting
into the bloodstream at a daily average rate, λ, with time between bursts drawn from an exponential
distribution:

λ =  𝑙𝑖𝑚𝑚 * 𝐸𝐼𝑅
365  

𝑇𝑖𝑚𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑏𝑖𝑡𝑒𝑠(𝑥) =   λ 𝑒−λ𝑥
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where aEIR corresponds to the annual entomologic inoculation rate. Parasites contain some number
of loci, l, and alleles at each locus are drawn from population allele frequencies specified by a power
distribution of shape, s:

𝐴𝑙𝑙𝑒𝑙𝑒 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 𝑃𝑜𝑤𝑒𝑟(𝑠) 

This frequency is then converted into a specific allelic state, by multiplying the frequency times the
number of alleles, a, at a locus and rounding up to the next integer.

𝐴𝑙𝑙𝑒𝑙𝑒 =  ⌈𝑎𝑙𝑙𝑒𝑙𝑒 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 *  𝑎⌉

Thus, each parasite’s genotype, g, is a vector representing the unique combination of alleles at each
locus. In this system, each locus can have a variable number of total alleles. Merozoites burst sizes
were simulated from a log-normal distribution with a variance parameter, mshape, and a scale, mz,
representing the median number of merozoites:

𝑚𝑒𝑟𝑜𝑧𝑜𝑖𝑡𝑒𝑠 =  𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(𝑚𝑠ℎ𝑎𝑝𝑒, 𝑚𝑧)

We fixed mz to = 0.8, per estimates from controlled human malaria infections (CHMI) [8]. Upon
entering the bloodstream, parasites grow under a logistic growth model, per growth rate, r, and
maximum parasite density, K. Per observed parasite densities in malaria naïve individuals, we set
K=106 parasites/uL [5]. The starting r0 each parasite is simulated from a normal distribution with

mean, , and scale, rscale:𝑟
0

𝑟
0
 =  𝑁𝑜𝑟𝑚𝑎𝑙(𝑟

0
, 𝑟𝑠𝑐𝑎𝑙𝑒)

We fixed = 0.9, per estimates from CHMI [9]. Fourteen days after an infection starts, individuals𝑟
0

develop allele-specific immunity, , at an immunity growth rate, ialelle, which wanes upon infection𝐼
𝑎𝑙𝑙𝑒𝑙𝑒

clearance with a half-life, t1/2. The total immunity against a parasite is simply the sum of allelic
immunity to that parasite multiplied by the weight, w, a vector representing the contribution of each
locus to total immunity, where w = 1.Σ
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w g𝐼
𝑝𝑎𝑟𝑎𝑠𝑖𝑡𝑒

=
𝑙𝑜𝑐𝑢𝑠=1

𝑛

∑ (𝑙𝑜𝑐𝑢𝑠) * 𝐼
𝑙𝑜𝑐𝑢𝑠

( (𝑙𝑜𝑐𝑢𝑠))

𝐼
𝑙𝑜𝑐𝑢𝑠 

=  𝐼
𝑎𝑙𝑙𝑒𝑙𝑒=1

 𝐼
𝑎𝑙𝑙𝑒𝑙𝑒=2

 ···  𝐼
𝑎𝑙𝑙𝑒𝑙𝑒=𝑛[ ]

Iparasite modifies the parasite growth rate per the following sigmoidal curve, where rend= final parasite
growth rate, xh= the inflection point for immunity change, and b controls the intensity of the
immune effect:

An effective immune response to P. falciparum must
control the parasite at each stage of its lifecycle, so
we fixed xh=0.5 and b=-1, so that parasite growth
rate does not = 0 until Iparasite is >0.95 (Fig. S4.9).
Malaria cases occurred when parasite densities
reached a specific fever threshold. We used
age-varying and transmission intensity-varying
fever thresholds as previously estimated [10]. Since
we were modeling children in a study cohort, we
assumed all malaria cases were treated. Thus, when
parasite densities reached the fever threshold for
that age and transmission intensity, treatment
wiped all parasites out, resetting parasite density to
zero. We updated immunity and parasite densities
daily, and when a parasite strain reached the Pgone

threshold=0.001 parasites/uL, it was cleared from the person.

We considered five different ways to model the rate at which individuals develop allele-specific
immunity, iallele:

1. No variability across all individuals, loci, and alleles. As the simplest case, this requires the
least assumptions.

𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

=  𝑖
𝑒𝑓𝑓𝑒𝑐𝑡

138

Fig S4.9. Initial parasite growth rate
modulated by total immunity to alleles
in a parasite.
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2. Locus variability: No variability across individuals, but a different immunity growth rate for
each locus pulled from a Beta distribution. This case is consistent with literature describing a
range of immunogenicity across P. falciparum proteins [11].

𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

 =  𝑖
𝑙𝑜𝑐𝑢𝑠

 

𝑖
𝑙𝑜𝑐𝑢𝑠

 =  𝐵𝑒𝑡𝑎(α, β)

β =
α × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡

3. Allele variability: No variability across individuals but a different immunity growth rate
drawn from a Beta distribution for each allele at each locus. This case extends
immunogenicity variation observed across proteins to specific haplotypes of those proteins.

𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

 =  𝐵𝑒𝑡𝑎(α, β)

β =
α × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡

4. Individual variability: Each individual develops immunity at a different rate drawn from a
Beta distribution, but in that individual, the rate is the same for all loci and all alleles. This
case accounts for an individual’s different inherent abilities to develop immunity, due to host
genotypic effects, like sickle cell trait [12].

𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

 =  𝑖
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

𝑖
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

 =  𝐵𝑒𝑡𝑎(α, β)

β =
α × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡

5. Individual and locus variability: Each individual develops immunity at a different rate
drawn from a Beta distribution and at each locus, immunity is developed at a different rate
drawn from a Beta distribution. For all alleles at a locus, the rate at which immunity is
developed is the product of the individual and locus rates. This case combines variation in
immunogenicity of proteins and host genotypic effects.
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𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

 = 𝑖
𝑙𝑜𝑐𝑢𝑠

×  𝑖
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

𝑖
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

 =  𝐵𝑒𝑡𝑎(α
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

, β
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

)

β
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

=
α

𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙
 × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙

𝑖
𝑙𝑜𝑐𝑢𝑠

 =  𝐵𝑒𝑡𝑎(α
𝑙𝑜𝑐𝑢𝑠

, β
𝑙𝑜𝑐𝑢𝑠

)

β
𝑙𝑜𝑐𝑢𝑠

=
α

𝑙𝑜𝑐𝑢𝑠
 × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡 𝑙𝑜𝑐𝑢𝑠
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡 𝑙𝑜𝑐𝑢𝑠

6. Total variability: For each allele in any locus in any individual, immunity develops at a
different rate from a Beta distribution. This case stems from the observation that naive
antibody repertoires vary widely across individuals, determined in much by their genotypes
[13]. This case hypothesizes that individuals will differ in their ability to develop protective
immunity to the same protein variant due to their antibody repertoire.

𝑖
𝑎𝑙𝑙𝑒𝑙𝑒

 =  𝐵𝑒𝑡𝑎(α, β)

β =
α × (1−𝑖

𝑒𝑓𝑓𝑒𝑐𝑡
)

𝑖
𝑒𝑓𝑓𝑒𝑐𝑡

In this model, alleles do not have cross-immunity. But substantial sequence diversity exists at genes
encoding for antigenic proteins that do not facilitate immune escape [14]. Thus, alleles and
sequences are unlinked. In order to simulate additional sequence diversity, we introduce a new
parameter, x, a vector with the number of haplotypes per allele at each locus. Haplotypes within the
same allele have complete cross-immunity, so different haplotypes will identically interact with
immunity, resulting in the same parasite growth rates across time, i.e. haplotype are exchangeable.
After simulating individual trajectories, we simulate additional haplotypes for each allele, randomly
reclassifying infections for each allele by haplotype and splitting out parasite densities by haplotype:

𝐻𝑎𝑝𝑙𝑜𝑡𝑦𝑝𝑒
𝑎𝑙𝑙𝑒𝑙𝑒

 =  𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝑥
𝑎𝑙𝑙𝑒𝑙𝑒

)

4.6.2 Identifying model parameter space

For each of the six models with different approaches to developing immunity, we used Latin
Hypercube sampling to generate parameter combinations for 50,000 simulations to identify
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parameter space recapitulating immunity trends in real data [10,15]. Table 4.3 lists all simulated
parameter ranges. We classified simulations as reasonable if cases and parasite density decreased with
age, and at least some individuals had symptomatic malaria in the last simulated year. Cases went
down if a Wald Test was significant for the linear regression of:

𝑐𝑎𝑠𝑒𝑠 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟 =  β
0

+ β
1
𝐴𝑔𝑒

Similarly parasite densities were determined to be decreasing if a Wald test was significant for the
linear regression of:

𝑃𝑑𝑒𝑛𝑠𝑖𝑡𝑦 =  β
0

+ β
1
𝐴𝑔𝑒

Linear models were fit using Scipy v1.11.4. We used a significance level of ɑ=0.05. For these
simulations, the weight at each locus was proportional to the number of loci:

w(𝑙𝑜𝑐𝑢𝑠) = 1
𝑙

Successful parameter ranges were initially narrowed by maximizing the range of EIR, number of
alleles, number of loci, allele skew, and immunity half-life. After narrowing parameter space for all
other parameters, we then narrowed parameter space for number of alleles, number of loci, allele
skew, and immunity half-life. Figs S4.10-15 show the simulated parameter space and the successful
parameter range for all parameters by EIR in each model. Models without individual variability
lacked a parameter space reasonable across all transmission intensities.

Models 4-6, which all contained some type of individual variability, were further fit to infection and
disease age trends in published data from the cross-sectional PRISM cohort, pre-insecticide residual
spraying [10,16,17]. Specifically, for each simulated parameter combination, we calculated the
Pearson’s correlation coefficient of simulated data to PRISM data for median cases by age, median
parasite density by age given infection, median percent symptomatic visits by age, and median
percent parasite (+) visits by age, including visits identified prompted by both active and passive
detection. Since we did not model maternal antibodies, we limited the correlation to age>1 to avoid
bias from maternal immunity in the real data. Site-level transmission intensities for the PRISM
cohort during this time frame maxed at 51, so we limited simulated data to EIR <= 50 [10]. We also
limited simulated data to parameter combinations from the initial narrowing of successful parameter
range for nuisance parameters, but allowed the full parameter space for number of alleles, number of
loci, allele skew and immunity half-life. The marginal distributions of parameters resulting in trends
with at least a 0.5 correlation to PRISM data are shown in Fig S4.16-18.

Marginal parameter correlations were most divergent for parasite densities relative to all other
measurements, especially for number of alleles, immune half-life, and EIR in all three models. Most
parameters performed consistently well across the space compared. Number of alleles, however, had
distinct peaks. We further boxed the number of alleles by the region overlapping for all measured age
trends. The final parameter spaces for all models are shown in Table 4.3.
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Fig 4.10. Simulated and successful parameter space by transmission intensity for model 1 with no
variability in development of immunity. Here, we show parameter ranges (y-axis) by EIR (x-axis) for
50,000 simulations of the model without any variability in the development of immunity. Reasonable
simulations are colored blue while unreasonable simulations are colored in orange. Black boxes show
narrowed parameter spaces maximizing successful simulations.
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Fig 4.11. Simulated and successful parameter space by transmission intensity for model 2 with locus
variability in development of immunity. Here, we show parameter ranges (y-axis) by EIR (x-axis) for
50,000 simulations of the model with locus variability in the development of immunity. Reasonable
simulations are colored blue while unreasonable simulations are colored in orange. Black boxes show
narrowed parameter spaces maximizing successful simulations.
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Fig 4.12. Simulated and successful parameter space by transmission intensity for model 3 with allele
variability in development of immunity. Here, we show parameter ranges (y-axis) by EIR (x-axis) for
50,000 simulations of the model with allele variability in the development of immunity. Reasonable
simulations are colored blue while unreasonable simulations are colored in orange. Black boxes show
narrowed parameter spaces maximizing successful simulations.
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Fig 4.13. Simulated and successful parameter space by transmission intensity for model 4 with
individual variability in development of immunity. Here, we show parameter ranges (y-axis) by EIR
(x-axis) for 50,000 simulations of the model with individual variability in the development of immunity.
Reasonable simulations are colored blue while unreasonable simulations are colored in orange. Black boxes
show narrowed parameter spaces maximizing successful simulations.
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Fig 4.14. Simulated and successful parameter space by transmission intensity for model 5 with
individual and locus variability in development of immunity. Here, we show parameter ranges (y-axis) by
EIR (x-axis) for 50,000 simulations of the model with individual and locus variability in the development of
immunity. Reasonable simulations are colored blue while unreasonable simulations are colored in orange.
Black boxes show narrowed parameter spaces maximizing successful simulations.
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Fig 4.15. Simulated and successful parameter space by transmission intensity for model 6 with total
variability in development of immunity. Here, we show parameter ranges (y-axis) by EIR (x-axis) for
50,000 simulations of the model with total variability in the development of immunity. Reasonable simulations
are colored blue while unreasonable simulations are colored in orange. Black boxes show narrowed parameter
spaces maximizing successful simulations.
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Fig 4.16. Marginal distribution of parameter space correlated with median PRISM age trends for
model 4 with individual variability in development of immunity. We calculated the marginal density of
parameters with >= 0.5 correlation to age trends for number of malaria episodes (blue), parasite density given
infection (orange), % symptomatic visits (green) , and % parasite positive visits (red) in the cross-sectional
PRISM dataset.
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Fig 4.17. Marginal distribution of parameter space correlated with median PRISM age trends for
model 5 with individual and locus variability in development of immunity. We calculated the marginal
density of parameters with >= 0.5 correlation to age trends for number of malaria episodes (blue), parasite
density given infection (orange), % symptomatic visits (green), and % parasite positive visits (red) in the
cross-sectional PRISM dataset.
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Fig 4.18. Marginal distribution of parameter space correlated with median PRISM age trends for
model 6 with total variability in development of immunity. We calculated the marginal density of
parameters with >= 0.5 correlation to age trends for number of malaria episodes (blue), parasite density given
infection (orange), % symptomatic visits (green), and % parasite positive visits (red) in the cross-sectional
PRISM dataset.

150



4.6 SUPPLEMENTARY MATERIALS 2

Table 4.3: Parameter ranges simulated and successful for P. falciparum model

Parameter Parameter description
Simulated
parameter
range

None 1:
Final
parameter
range

Locus 2:
Final
parameter
range

Allele 3:
Final
parameter
range

Persons 4:
Final
parameter
range

Person &
Locus 5: Final
parameter
range

Total 6: Final
parameter
range

eir entomologic inoculation rate 10 - 250 10-250 10-250 10-250 10-250 10-250 10-250

a number of alleles 2 - 40 20-40 5-40 15-30 10-30 5-15 2-20

l number of loci 2 - 100 2-25 2-30 2-20 2-100 2-100 2-50

s allele frequency skew 1 - 3 1-3 1.5-3 1-3 1-3 1-3 1-3

mshape var of merozoite burst size 0.2-2 0.2-2 0.2-2 0.2-2 0.2-2 0.2-2 0.2-2

rscale var of initial growth rate 0.1-1 0.5 - 1 0.5-1 0.4-1 0.1-0.75 0.3-0.7 0.3-1

t1/2 half life in days of immunity 100-1000 200-700 200-750 250-1000 400-1000 600-1000 250-1000

rend growth rate at full immunity -0.1 - -0.01 -0.1 - -0.045 -0.1 - 0.04 -0.1 - 0.03 -0.05- -0.01 -0.04-0.01 -0.05 - 0.01

limm preerythrocytic immunity 0.1-0.9 0.3 - 0.5 0.25 - 0.5 0.4-0.6 0.5-0.9 0.5-0.9 0.4-0.9

ieffect mean immunity growth rate 0.01-0.5 0.05 - 0.5 0.1-0.4 0.08-0.3 0.1-0.3 N/A 0.2-0.5

α
controls shape of immunity
growth rate distribution 0.8-2 0.8-2 0.8-2 0.9-1.5 1-1.5 N/A 0.95-1.2

ieffect individual
mean immunity growth rate
for individual 0.01-0.5 N/A N/A N/A N/A 0.2-0.4 N/A

ieffect locus
mean immunity growth rate
for locus 0.01-0.5 N/A N/A N/A N/A 0.25-0.5 N/A

individualα

controls shape of individual
immunity growth rate
distribution 0.5-2 N/A N/A N/A N/A 1.25-1.55 N/A
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locusα

controls shape of loci
immunity growth rate
distribution 0.5-2 N/A N/A N/A N/A 1.2-2 N/A
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5.1 DATA SHARING FACILITATES RESPONSE

The COVID-19 pandemic demonstrated the power of real-time sharing of pathogen genomes. Early
sequence sharing from Wuhan indicated that SARS-CoV-2 recently emerged in humans and was
spreading rapidly 1. In Washington State, early sequence sharing identified ongoing community
spread, helping to trigger a lockdown, which likely saved hundreds if not thousands of lives 2,3. Later,
global genomic surveillance alerted scientists, public health agencies, and governments to the spread
of Variants of Concern, and shared sequences enabled real-time calculations of R(t)

4–8. The increased
transmissibility of these variants prompted public health responses to reduce case counts while
vaccines were administered 9. Sequence sharing additionally enabled local outbreak investigation –
linking cases across state lines to a motorcycle rally and identifying outbreaks associated with a
meatpacking plant 10,11. This rapid sequencing and data sharing may now seem routine, but it
required building new sampling, sequencing, and analysis pipelines. We have many scientists and
public health practitioners to thank for their hard work and service to their communities.

Personally, I learned the power of data sharing when comparing SARS-CoV-2 viral load across the
spike D614G mutation, as detailed in Chapter 2. In early May 2020, we shared the initial analysis
showing increased viral load associated with the 614G variant on GitHub and Twitter. Our results
and those reported at the same time by another research group launched a host of cell-based
experiments to validate and determine a biological mechanism behind the finding 12. Numerous
studies citing our GitHub repository identified increased viral loads in vitro with the 614G variant,
and structural analysis showed how 614G stabilized pre-fusion Spike, boosting infectivity 13–15. The
experience taught me as a young scientist how sharing science early can spark others’ research, which
may help the scientific community more broadly to understand the evolution of a new human virus.

Large-scale SARS-CoV-2 data sharing also enabled work that would have been impossible with
smaller datasets. Neher and Bloom used millions of publicly available sequences to quantify negative
selection constraints in SARS-CoV-2 because the sheer number of sequences shared allowed the
identification of all non-deleterious mutations 16. Harari et al used big sequence data to understand
evolution within chronic infections, which are important sources of SARS-CoV-2 evolution of which
we have a limited understanding 17. My own research on the selection pressures underlying ORF8
knockout described in Chapter 3 would have been difficult without the publicly available UShER
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tree. Given the relatively few single base pair substitutions that can introduce a premature stop
codon, the number of nonsense mutations observed in our Washington dataset was too small to
identify a significant effect.

As genomic surveillance continues to expand to new pathogens, cultivating a data-sharing ethos is
only possible when sequence sharing adds benefits to sequence submitters. Often incentives align in
the opposite direction. For example, South Africa was a leader in genomic epidemiology over the
pandemic, and yet early communication about the Beta Variant of Concern resulted in international
travel bans from South Africa, which lasted long after the lineage had spread globally 5,18. To their
credit, South African scientists continued to share their SARS-CoV-2 data, but we should be
encouraging, not penalizing, sequence sharing given the large positive externalities. Encouraging
global sequence sharing also requires respecting the rights of data generators by not using shared
data to perform parachute science. Instead, sequence generators need the tools and expertise to lead
scientific analyses on their own data.

5.2 PATHOGEN GENOMICS NEEDS TO EMPHASIZE TRAINING

The SARS-CoV-2 research contained in this thesis were collaborations with Washington sequence
submitters: UW Virology, the Seattle Coronavirus Assessment Network, and the Washington
Department of Health. For these projects, working directly with the data generators was key to their
success. For example, the D614G viral load analysis would have much less power if we had not
controlled for the myriad of primer sets used to measure Ct. For the ORF8 knockout analysis, we
were able to screen for large deletions in SARS-CoV-2 sequences by pioneering a screen in our own
samples, for which we had access to full assemblies. Even though the screen identified false
positives, we were able to quantify the accuracy of the screen by testing our samples for deletions
using PCR and Sanger sequencing. Data generators understand and can account for data intricacies
of which other individuals are not aware.

In order for data generators to be involved in sequence analysis, we need to increase the
bioinformatics and statistical methods capacity of our genomics workforce. In the United States, we
have done a decent job of scaling sampling, sequencing, and assembly pipelines. The actual number
of scientific insights generated from these data pales in comparison. This is partly because we do not
have the workforce skilled in phylogenetic reconstruction and genomic analysis to work with this
data. As sequencing becomes a routine part of public health in the United States, it is important that
public health practitioners have the necessary skills to analyze this data. Efforts to train and share
knowledge widely during the pandemic, such as through the SPHERES consortium, are laudable
and should continue to be expanded 19. Development of tools, such as CZ GenEpi, that enable
genomic epidemiology without coding are an alternative way to eliminate analysis barriers 20. Efforts
to scale up sequencing in Africa, Asia, and South America for P. falciparum and host of other
pathogens must similarly include efforts to increase bioinformatic and computational biology
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capacity to actually gain insights from these data sources. This work is ongoing through
organizations such as Africa CDC’s Institute of Pathogen Genomics, and it remains vital if we are to
realize the true potential of this field 21.

5.3 METHOD DEVELOPMENT SHOULD SCALE WITH SEQUENCING

One of the surprises of working on SARS-CoV-2 during the pandemic was how much time it took
to keep standard tools working as data size scaled. In 2020-2021, I maintained real-time phylogenetic
trees of SARS-CoV-2 in Washington State for six months before passing responsibility off to a
bioinformatician at the Washington Department of Health. Much of the challenge of the work was
adapting the pipeline to the thousands of SARS-CoV-2 generated in Washington State. We had to
continually update sample selection criteria and alignment workflows in order for the pipeline not to
break. It made me realize how important it is to build tools with an expectation for large data sizes.

As described above, UShER has enabled many outbreak analyses by providing a framework in which
millions of SARS-CoV-2 genomes can be analyzed. However, Bayesian phylogenetics has not scaled,
and we need to find alternate ways to work with this data. At the minimum, guidance on how to
downsample datasets in order to use existing tools is necessary. Sampling strategies are dictated by
the research questions at hand, and more work is necessary to understand what strategies are
appropriate for which questions 22.

The research described in Chapter 4 of this thesis, trying to identify new ways of using genomic data
to understand P. falciparum immunity, was my first foray into this space. I firmly believe this kind of
work must continue if we are to realize the potential of sequence analysis in malaria and other
eukaryotic pathogens. As described in Chapter 1, genomic epidemiology of eukaryotic pathogens is
still a niche field, ripe with opportunities for method development in order to answer some of the
many important and interesting basic biology questions that can help us control these pathogens.

5.4 GENOMICS IS BEST WHEN PAIRED WITH FUNCTIONAL BIOLOGY

This thesis has, I hope, illustrated some of the power of pathogen genomics, but I would like to
underscore the importance of continuing to pair sequencing efforts with functional biology studies.
The D614G variant analysis may have identified increased viral load, but in vitro cell biology and
cryo-electron microscopy were necessary to demonstrate how the mutation actually stabilized the
virus. These experiments underscored the importance of stable Spike protein on virus infectivity.
Just around the time I was finishing my ORF8 knockout work identifying positive selection, an in
vitro paper was published showing a putative mechanism to explain my in silico results. Here, the
synergy of the two approaches convinced me there was an effect.
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Building a within-host model of repeated P. falciparum infections as described in Chapter 4 was
challenging because of how little we actually understand about P. falciparum immunity. As with all
models, we made multiple simplifying assumptions. Additional experimental work here could better
determine which areas can be ignored and which cannot, thus, improving the accuracy and power of
models. For example, accurate models of malaria immunity can help allocate vaccines given their
limited efficacy.

In my PhD, I have largely transitioned from an experimental biologist to a computational biologist.
However, I think these two disciplines are best when paired together. If we want to use pathogen
genomics to its full potential, we need to identify continued options to meld the two.
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