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High-throughput experiments, including deep sequencing and deep mutational scanning

(DMS), provide insight into the genotypic and phenotypic landscapes traversed by an evolv-

ing virus. However, interpreting the large amount of data produced by these techniques

requires a robust computational strategy. Recognizing this challenge, in my dissertation, I

describe how I used a computational approach to tackle three distinct but interconnected

aspects of viral evolution.

In the first chapter, I characterize the adaptive progression that enables measles to infect

the brain. Ordinarily, a Measles infection is acute and self-limiting. However, through

unknown mechanisms, Measles can persist after acute infection, remain undetected in the

body, migrate to the brain, and become neurotropic. Previous studies of measles infections

of the brain have been limited by low genetic resolution and restricted sampling schemes.

Using the most comprehensive spatially-sampled neurotropic measles dataset to date, our

study offers compelling clues into the evolutionary processes that allowed measles to colonize

the brain in a patient who succumbed to this rare disease.

In the next chapter, I determine how superspreading influences the transmission of SARS-

CoV-2 viral diversity between hosts. Most studies of the impact of transmission on shared

viral diversity for respiratory viruses involve household or nosocomial transmission scenar-



ios. In contrast, the dynamics of shared viral diversity in superspreading events are poorly

understood, despite playing a significant role in the global spread of viruses. To address

this, I investigated the spread of viral diversity during a SARS-CoV-2 superspreading event

on a fishing boat to see if circumstances highly conducive to transmission exhibit unique

patterns of viral evolution. I found that superspreading imposed a narrow bottleneck on

viral diversity between hosts despite the unique transmission scenario.

In the final chapter, I describe an interactive visualization tool to help analyze large

mutation-function datasets from high-throughput experiments like deep-mutational scan-

ning. The mutation-based data generated by these approaches is often best understood in

the context of a protein’s 3D structure. However, current approaches for visualizing mutation

data in the context of a protein’s structure are cumbersome and require multiple steps and

software. To streamline the visualization of mutation-associated data in the context of a pro-

tein structure, I developed a web-based tool called dms-viz. With dms-viz, researchers can

easily create, analyze, and share customized visualizations of their mutation-based datasets

with the broader research community.

In my graduate research, I developed and applied computational methods to study viral

evolution. First, I explored how virus evolution can occur within an individual host. Then,

I characterized the impact of transmission between hosts on viral evolution. And finally, I

developed a computational tool to help analyze large mutation-based datasets to help answer

a myriad of evolutionary questions.
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Chapter 0

Introduction

Viruses evolve rapidly, accumulating mutations that escape immunity, improve transmission,
and enable adaptation to their hosts. This rapid evolution makes it difficult to develop suc-
cessful vaccines and therapies. However, by studying viral evolution, we can try to anticipate
adaptive mutations and develop more effective strategies for prevention and treatment.

High-throughput technologies like deep sequencing and deep mutational scanning are
crucial parts of this effort, providing detailed insights into the viral genome and proteome.
Deep sequencing allows us to identify genetic variation within viral populations, while deep
mutational scanning links viral variants to their functional consequences. Together, these
tools offer a comprehensive picture of how viruses adapt and resist therapeutic interventions.
In my graduate work, I built upon these two techniques by developing and employing compu-
tational tools to contribute novel insights into the mechanisms that govern virus evolution.

0.1 High-throughput experiments in viral evolution

High-throughput experiments provide a systematic view of viral evolution that was pre-
viously unachievable using more directed, low-throughput approaches. In parallel, com-
putational biology is necessary to fully make sense of the vast datasets produced by these
experiments. This synergy between experiment and computation has led to significant break-
throughs in our understanding of the evolutionary pressures that shape viral fitness. In my
dissertation, I will focus on two high-throughput techniques; deep sequencing and deep mu-
tational scanning.

The power of deep sequencing lies in its ability to identify viral variants and quantify
their abundance even if they constitute a small fraction of the viral population. By mapping
the distribution of these genetic variants over time and space, sequencing can reveal the
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dynamics of viral evolution at the scale of individual infections. However, these experiments
are often limited to naturally occurring mutations. With deep mutational scanning (DMS),
we can go beyond deep sequencing by exploring the functional impact of a massive number
of viral mutations in parallel.

In this chapter, I’ll provide an overview of what we’ve learned from these two techniques,
and explain how my graduate work fits into the broader field.

0.1.1 Deep sequencing: studying viral evolution at multiple scales

The development of genomic sequencing is tightly linked with the study of viruses. The
very first genome sequenced was that of a virus, the bacteriophage ΦX174 [128]. Over four
decades later, access to affordable deep sequencing has revolutionized the study of viral evo-
lution by enabling us to capture high-resolution snapshots of the viral population. This
resolution is particularly important for studying RNA viruses, which are the focus of the
work presented here. RNA viruses have high mutation rates, leading them to exist within
a host as a diverse ensemble of viral genomes [39]. This genetic diversity is an important
feature of viral infections that couldn’t be easily explored with previous sequencing methods.
For example, Sanger sequencing only captures a consensus sequence that doesn’t necessarily
reflect the underlying population of viral variants. Although Sanger sequencing individual
viral clones isolated from an infection can provide a more detailed picture of a viral popu-
lation, this approach is cumbersome and still provides only limited resolution. In contrast,
deep sequencing can accurately identify viral variants that constitute even a minuscule frac-
tion of a sample, opening up the door to study the dynamics of viral populations at the scale
of individual infections [14].

Exploring viral dynamics within individual hosts

During a viral infection, error-prone replication leads to an accumulation of genetic diversity
[69]. Evolutionary forces like selection and genetic drift act on this viral diversity to shape
viral evolution in the host. For instance, the viral population might be confronted with
selective pressures like an immune response or an antiviral therapy. Even in the absence of
treatment, the viral population has to contend with a complicated spatial structure of host
cells, many of which cannot be infected [51]. However, the breadth and influence of selective
forces acting on the viral population depends on the circumstances of the infection.

Given the numerous selective pressures acting in a host, a reasonable expectation is that
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we will observe signatures of selection in most infections. However, in studies of acute,
rapidly cleared infections like those caused by SARS-CoV-2 and Influenza, selection is rarely
observed [37, 38, 91, 96]. Instead, genetic drift appears to be dominant in these infections,
which is likely the result of several factors. For one, these infections tend to accumulate
limited genetic diversity. In clinical samples isolated from patients with SARS-CoV-2 and
Influenza, it’s typical to identify fewer than 10 unique viral variants, most of which make
up a small fraction of the total viral population [19, 91, 93, 96, 150]. Despite the high error
rate of RNA viruses, the short length of acute infections does not provide enough time for
the viral population to accumulate mutations that can be measured by deep sequencing
[162]. Another factor that has been hypothesized to contribute to the lack of apparent
selection in acute infections is the lag between the timing of peak viral load and the peak of
adaptive immunity or antiviral treatment [101]. Finally, recent evidence suggests that the
viral population faces significant population bottlenecks within hosts [4]. All of these factors
play a role in the stochastic nature of viral evolution during acute infections.

Occasionally, viruses that cause short-lived infections can persist in the host due to factors
like a weakened immune system. In contrast to acute infections, these chronic infections
provide a viral population ample opportunity to diversify in the presence of selective pressures
like host immunity and treatments. Chronic infections have acted as a natural experiment
to study how viruses evolve to escape host immunity, develop drug resistance, and adapt
to the host environment [31, 34, 45, 63, 76, 162]. Additionally, samples can be collected
longitudinally from chronic infections, allowing for a detailed analysis of the viral population
over time using deep sequencing. For instance, longitudinal samples collected from a study of
chronic influenza infections identified viral variants with antigenic mutations that parallelled
antigenic drift in the global population [163]. Studies of chronic SARS-CoV-2 infections have
observed similar patterns [34, 63, 76]. Chronic infections are postulated to be the origin of
some SARS-CoV-2 ‘variants of concern’ that evade population-level immunity and transmit
more easily [63]. While the exact role that chronic infections play in global evolution has yet
to be fully determined, it is appreciated that these infections provide valuable insight into
the forces shaping viral evolution.

Despite the utility of using deep sequencing to study viral evolution within hosts, there are
some significant limitations to these kinds of experiments. To get an accurate measurement
of viral diversity, one must account for errors from sequencing and PCR amplification [13,
94]. When possible, using an experimental design that controls for mutations is preferred.
Additionally, it has been shown that samples with low viral load, or low ‘effective depth,’
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can lead to significantly skewed estimates of the frequency of variant alleles [71]. Sequencing
samples in replicates from separate RT-PCR reactions and avoiding targeted amplification
can help mitigate these issues [162]. Finally, no matter what the experimental design is, it’s
necessary to take a careful computational approach to remove false positives [13].

Another issue facing many deep sequencing studies of viral infections is the lack of in-
formation about the linkage between mutations. The most common sequencing approaches
produce short reads ranging between 150 and 300 nucleotides long [140]. Using these short
reads, it’s very difficult to phase mutations and determine if mutations arose on the same
viral genomes. Although it is possible to augment short reads with long read approaches
like PacBio or Oxford Nanopore sequencing, the high cost and high error rates are limit-
ing factors. To combat this, there have been several computational approaches aimed at
determining the linkage of single mutations from short reads [21, 77, 90]. However, these
approaches are limited by low sensitivity and high rates of false positives [43]. It’s not sur-
prising then that most studies of viral populations within hosts consider all mutations as
independent. This is a significant blind spot that can make it difficult to uncover phenomena
like clonal dynamics and phylogenetic relationships.

In the work presented in Chapter 1, I’ll discuss how we used deep sequencing data
from a chronic Measles infection to characterize the adaptation of Measles to an atypical
tissue niche, the brain. Metagenomic sequencing was performed on samples collected from
spatially distributed regions of a human brain. Although we performed short-read Illumina
sequencing, we developed a computational approach to take advantage of spatial sampling
to resolve viral haplotypes and determine their phylogenetic relationship. Oxford Nanopore
sequencing was then used to confirm the identity of the major haplotypes. Our haplotype-
resolved approach made it possible to shed light on clonal dynamics that might have enabled
Measles to spread in the brain.

Uncovering the role of transmission on global viral evolution

Transmission links the evolutionary dynamics within a host to evolution in the global popu-
lation. Viruses like SARS-CoV-2 and Influenza evolve by fixing mutations that allow them to
evade population-level selective pressures like immunity and antiviral treatments. At some
point, these adaptive mutations originated as de novo mutations within individual infections.
Upon transmission to a new host, this genetic diversity is subjected to a bottleneck, which
determines how viral variants developed within a host are transmitted. Specifically, I will
refer to the transmission bottleneck as the size of the founding population of virions that
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establishes lineages leading to a new infection in a recipient host [141]. This bottleneck’s
size profoundly impacts the efficiency of selection. If the bottleneck is “loose”, the genetic
diversity that arose in the first host will be preserved in the infected host, maintaining the
selective pressures that acted in the previous infection. However, if the bottleneck is “nar-
row”, the effective population size transferred between hosts is small, and genetic drift will
dominate as the primary evolutionary force, minimizing the effect of within-host selection
[95].

Deep sequencing has made it possible to experimentally assess the size of the transmission
bottleneck. To illustrate this, imagine that we have identified a contact pair where one
individual, the donor, has infected another individual, the recipient. By sequencing the viral
population of this donor-recipient pair, we can identify the variant alleles in each population
of viruses. If we assume that transmission represents a sampling process from the viral
population in the donor, we can determine the size of that sampling event by comparing the
variants present in the donor to the variants present in the recipient. If the majority of viral
variants are observed in both the donor and recipient, we can assume that the bottleneck is
quite “loose”, since a large sample, or founding population would be needed to preserve the
population structure of the donor. In contrast, if most variants are not shared, or if some
variants randomly become fixed in the recipient, this indicates a small sample, or a “narrow”
bottleneck.

Several methods have been developed to quantitatively measure the size of the transmis-
sion bottleneck. One of the most widely used approaches, developed by Sobel-Leonard et.
al., uses a beta-binomial model that treats transmission as a binomial sampling process
while accounting for stochastic variation in the viral population between the time of infection
and the time of sequencing [141]. Using this approach and others, the transmission bottle-
neck has been estimated for a wide array of viruses, including Influenza, SARS-CoV-2, HIV,
and various plant viruses [16, 19, 75, 93, 96, 103, 125, 127, 153, 160]. In nearly all cases, the
bottleneck is narrow, restricting the founding population to anywhere between 1 to 15 suc-
cessfully established virions. However, existing methods only consider the variants that are
present in the donor while ignoring the de novo genetic variants that arise in the recipient.
By restricting themselves to the genetic variation generated in the donor, these methods are
very susceptible to stochastic changes in the donor population that would lead to an underes-
timation of the true bottleneck size. Recently, the developers of the beta-binomial method
addressed this by creating an approach to estimate the transmission bottleneck by modeling
the accumulation of clonal variants in the recipient as a multi-state branching process [135].
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Despite accounting for possible underestimation of the bottleneck size, Shi et. al. confirmed
that the transmission bottleneck for both SARS-CoV-2 and Influenza is narrow.

Although there have been many advances made in the methods used to calculate the
transmission bottleneck, there remain some significant limitations to these studies. For
instance, recurrent sequencing errors can lead to significant overestimations of the bottleneck
size [94, 160]. As a result, stringent heuristic filters are often applied to the identified
variants to remove false positives. Although these filters are successful at removing false
positives, overly stringent filters could lead to underestimations of the true bottleneck size.
Furthermore, as mentioned in the previous section, there is often limited and stochastic
genetic diversity in acute infections which reduces the power to calculate the bottleneck
size [19, 91, 93, 96, 150]. Some groups have engineered additional viral diversity to more
easily estimate the transmission bottleneck [50]. However, these experiments are necessarily
limited to animal models of transmission which don’t necessarily recapitulate the dynamics
of natural infections in humans. Finally, most approaches used to estimate the transmission
bottleneck consider all mutations to be independent, potentially causing their estimates
to be confounded by the linkage between variant alleles. As a result, a method has been
developed to augment the beta-binomial approach with information about the linkage
between mutations [54]. However, for reasons stated in the previous section, it’s often difficult
to accurately phase viral haplotypes from short reads. Despite these limitations, there is
strong evidence that transmission imposes a narrow bottleneck.

There remain many gaps in our understanding of transmission bottlenecks. One of the
most glaring is how the circumstances of transmission impact the size of the bottleneck.
The majority of bottleneck estimates are from cohorts in household or hospital settings.
These scenarios have the advantage of straightforward contact tracing. However, they aren’t
necessarily reflective of the transmission events that drive the global spread of viruses. For
instance, super-spreading events may have played an outsized role in the global spread of
SARS-CoV-2 [82, 88]. We hypothesized that the same factors that cause super-spreading
events – close quarters, prolonged contact, and higher viral loads – could lead to a wide
transmission bottleneck. In Chapter 2, we tested this by investigating how viral diversity
spread among crew members from a commercial fishing boat that experienced an outbreak of
SARS-CoV-2 with a high attack rate. To avoid issues stemming from low template diversity,
we used a metagenomic sequencing approach and performed sequencing on replicates from
separate reverse transcription reactions. Additionally, we used a stringent computational
approach to remove false positive variants. Despite the scenario being highly conducive to
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transmission, we identified all of the hallmarks of a narrow bottleneck.

0.1.2 Deep mutational scanning: systematically profiling the im-
pact of viral mutations

Deep mutational scanning (DMS) is an experimental approach used to determine the phe-
notype of a massive number of protein variants simultaneously [48]. In contrast with earlier
techniques, DMS is not limited to analyzing a set of mutations selected using a priori knowl-
edge about their possible significance. Instead, DMS provides an unbiased approach to profile
the effects of every possible mutation in a protein sequence. The unbiased nature of DMS
allows for the systematic investigation of phenotypes ranging from biochemical properties to
evolutionary constraints [47]. In this section, I’ll focus on how DMS has been used to study
viruses.

An overview of the design of deep mutational scans

The design of a mutational scan involves three general steps; creating a library of protein
variants, imposing a selective pressure, and comparing the library’s composition before and
after selection. This procedure can be adapted to address specific questions in the context
of unique experiments. For example, multiple approaches are available to generate the
mutant library, including random mutagenesis, codon-directed mutagenesis, and mutant
oligonucleotide synthesis [20]. Additionally, there are infinite types of selection to apply to
the mutant library, each of which dictates the genotype-phenotype relationship. Finally, the
method for calculating the impact of each genotype on the measured phenotype depends on
the library design, type of selection, and sequencing approach.

There are several methods developed to perform deep mutational scans of viral proteins.
One of the most straightforward approaches uses reverse genetics to create a library of viruses
expressing the mutant protein of interest. This library can then be used to infect cells under
a wide array of conditions. Reverse genetics systems have been used to perform DMS on
a variety of viral accessory, structural, and receptor proteins [60, 134, 142, 148]. However,
making mutations in ‘live’ viral genomes poses risks of the creation and accidental release
of more virulent strains, leading to serious biosafety concerns. In contrast, surface display
offers a safe, alternative, approach to perform DMS on viral proteins. In this case, DMS is
achieved by displaying a library of mutant peptides on the surface of a cell, or virus, while
maintaining the link between genotype and phenotype. There are many types of surface
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display and each has its advantages and disadvantages. Yeast can display large libraries
of mutant peptides, but the maximum size of the displayed peptide is smaller than most
viral proteins [145]. Bacteriophage are another popular choice due to its superior library
size and ability to map mutations on an entire protein [52]. However, the large library size
comes at the cost of using small linear peptides that lack the structural context of the folded
protein. Finally, mammalian cells can display entire viral proteins while preserving their
structure and relevant post-translational modifications [73]. However, as with all surface
display methods, mammalian cell display is limited to measuring biophysical properties like
binding and stability rather than infection. Recently, an approach has been developed to
perform deep mutational scanning on viral glycoproteins using lentiviral pseudotyping [36].
Unlike surface display methods, this pseudotyping approach can capture the effect of mutants
on infection. However, due to the restricted replication of pseudotyped lentiviruses, this
system lacks the biosafety concerns of using a ‘live virus’.

Deep mutational scanning has contributed significantly to our understanding of
viruses

Each of the DMS approaches has contributed significantly to our understanding of viruses
and viral evolution. For example, reverse genetics systems have been used to systematically
map the effect of mutations to viral proteins on fitness for diverse viruses like HIV, Influenza,
and Zika, revealing the mutational constraints on viral proteins, many of which are the target
of therapeutic interventions [60, 134, 142, 148]. Additionally, surface display methods have
been used to measure the effect of mutations in viral glycoproteins on host receptor affinity,
antibody binding, and stability [145, 143, 55]. More recently, pseudotyped lentivirus, along
with a biophysical model of antibody binding, has been used to map the antibody binding
footprints of polyclonal sera for viruses like HIV and SARS-CoV-2 [36, 118].

The information generated by these experiments can shed light on the dynamics of viral
evolution. For example, yeast display of the SARS-CoV-2 receptor binding domain was used
to prospectively identify mutations that could escape therapeutic antibodies while maintain-
ing receptor binding [143]. The mutations identified in this study were subsequently found
in patients treated with these therapies and in the global population. DMS has also been
used to identify mutations that shift host specificity and therefore could increase the risk of
zoonosis. For example, DMS of a pandemic influenza virus identified residues that shifted
host specificity to human [142]. Furthermore, DMS can be used to identify epistasis in viral
protein evolution. For example, by performing DMS on the SARS-CoV-2 receptor bind-
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ing domain in multiple strains, combinations of mutations have been identified that have
non-additive effects on receptor binding [144].

Overcoming hurdles in the analysis of mutational data

Although DMS has proven incredibly useful for studying viruses and viral evolution, there
are still some significant limitations. For instance, the number of mutant sequences in the
library pales in comparison to the sequence space available to an evolving protein. Moreover,
the effects of mutations often combine in non-additive ways due to epistasis. This poses an
issue because epistasis plays a significant role in viral evolution. For example, it’s been shown
that epistasis between mutations in SARS-CoV-2 Spike has allowed it to evade immunity
while retaining high binding affinity to the host receptor [144]. There have been statistical
models developed to infer the shape of global epistasis from DMS data [108]. However, a
model alone doesn’t provide mechanistic evidence for epistasis.

Another limitation of DMS stems from the complexity of the analysis. Given the vast
number of experimental designs and questions, it’s challenging to develop a consistent ap-
proach for analyzing mutational scanning data. As a result, the analysis can impose a signif-
icant bottleneck for those lacking computational expertise. There have been attempts to de-
velop user-friendly software to address these hurdles. For example, programs like dms-tools
and Enrich provide consistent statistical frameworks for inferring the impact of mutations
from DMS data [17, 46]. Additionally, libraries like mutagenesis_visualization are aimed
at simplifying the visualization steps of the analysis. However, until recently, there wasn’t a
straightforward approach for visualizing mutation-based data in the context of a 3D protein
structure. This oversight is problematic because the interpretation of many DMS experi-
ments requires structural context. For example, one needs structural context to determine
whether residues that are functionally tolerated, as identified by a deep mutational scanning
(DMS) experiment, interfere with the binding of a therapeutic ligand. To address the fact
that researchers were forced to take an ad hoc approach involving multiple steps and soft-
ware to perform these analyses, our lab developed dms-view, a web-tool that integrates key
visualizations with an interactive 3D protein structure [66].

In Chapter 3, I’ll discuss how I designed a new web-based tool – dms-viz – for visualizing
mutational data in the context of an interactive 3D protein model. I built dms-viz to be
customizable and comprehensive to handle a wide diversity of experimental designs and
questions. Additionally, I created a command line tool called configure-dms-viz to make it
straightforward to automate the process of formatting mutation-based data for visualization.

https://mutagenesis-visualization.readthedocs.io/en/latest/
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Because dms-viz is capable of handling data from diverse experimental designs, it can be
used to visualize a wide range of mutation-based datasets with ease.
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Acquiring Brain tropism: the spatial dynamics and
evolution of a measles virus collective infectious unit
that drove lethal subacute sclerosing panencephalitis

A version of this chapter is in press as:

Iris Yousaf*, William W. Hannon*, Ryan C. Donohue, Christian K. Pfaller,
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sition: the spatial dynamics and evolution of a measles virus collective
infectious unit that drove lethal subacute sclerosing panencephalitis,
PLOS Pathogens, in press, 2023

1.1 Abstract

It is increasingly appreciated that pathogens can spread as infectious units constituted by
multiple, genetically diverse genomes, also called collective infectious units or genome col-
lectives. However, genetic characterization of the spatial dynamics of collective infectious
units in animal hosts is demanding, and it is rarely feasible in humans. Measles virus (MeV),
whose spread in lymphatic tissues and airway epithelia relies on collective infectious units,
can, in rare cases, cause subacute sclerosing panencephalitis (SSPE), a lethal human brain
disease. In different SSPE cases, MeV acquisition of brain tropism has been attributed to
mutations affecting either the fusion or the matrix protein, or both, but the overarching
mechanism driving brain adaptation is not understood. Here we analyzed MeV RNA from
several spatially distinct brain regions of an individual who succumbed to SSPE. Surpris-
ingly, we identified two major MeV genome subpopulations present at variable frequencies
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in all 15 brain specimens examined. Both genome types accumulated mutations like those
shown to favor receptor-independent cell-cell spread in other SSPE cases. Most infected
cells carried both genome types, suggesting the possibility of genetic complementation. We
cannot definitively chart the history of the spread of this virus in the brain, but several ob-
servations suggest that mutant genomes generated in the frontal cortex moved outwards as a
collective and diversified. During diversification, mutations affecting the cytoplasmic tails of
both viral envelope proteins emerged and fluctuated in frequency across genetic backgrounds,
suggesting convergent and potentially frequency-dependent evolution for modulation of fuso-
genicity. We propose that a collective infectious unit drove MeV pathogenesis in this brain.
A re-examination of published data suggests that similar processes may have occurred in
other SSPE cases. Our studies provide a primer for analyses of the evolution of collective
infectious units of other pathogens that cause lethal disease in humans.

1.2 Introduction

Acute viral infections are typically cleared by the host’s innate and adaptive immune re-
sponses, but even non-integrating RNA viruses can persist [56, 120]. Neurons of the central
nervous system are a privileged location for persistence because the host cannot deploy the
cytolytic and inflammatory defense mechanisms that control infections in renewable cell
types [79, 97]. Subacute sclerosing panencephalitis (SSPE) provides a prime example of a
persistent brain infection caused by a human RNA virus. SSPE, which occurs in about 1
in 10,000 individuals typically 5-10 years after they experience an acute infection as a child
[15, 72, 157], starts with subtle signs of intellectual and psychological dysfunction and pro-
gresses to sensory and motor function deterioration that ultimately leads to death [41, 124].
There are no effective treatments for SSPE, however, nonspecific antivirals (interferons, rib-
avirin, and inosine pranobex) have been used [58]. Although vaccination against measles
prevents SSPE, this lethal disease is resurging due to vaccine hesitancy and missed immu-
nizations due to COVID-19-related disruptions [1, 110].

In the brain MeV genomes spread, presumably trans-synaptically, without assembling
infectious particles or forming visible syncytia [81, 109, 130]. This occurs even though neither
of the canonical MeV receptors, signaling lymphocytic activation molecule (SLAMF1) or
nectin-4, are expressed [104, 147]. In the absence of these receptors, the membrane fusion
apparatus is activated by brain-specific isoforms of the cell adhesion molecules CADM1 and
CADM2 when it reaches the plasma membrane of infected cells [137, 146].
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The ability of MeV to spread in this manner is the result of mutations affecting the fusion
(F) and the matrix (M) genes. In more than half of SSPE cases, mutations impair the M pro-
tein particle assembly organization function [6, 11, 22, 28, 26, 27, 29, 44, 62, 133, 156, 159].
In addition, in almost every SSPE case mutations alter the F protein function: cer-
tain mutations destabilize the ectodomain and allow receptor-independent fusion activation
[5, 74, 155, 154], while others truncate the cytoplasmic tail, disconnecting F from fusion
inhibition exerted by the M protein [106, 107, 131]. Brain injections of recombinant MeV
in rodent models have confirmed the relevance of these specific classes of mutations in neu-
ropathogenesis [7, 8]. Both MeV lacking a functional M protein and MeV with a truncated
F protein cytoplasmic tail lost acute pathogenicity but penetrated more deeply into the
brain parenchyma than standard MeV [23, 112]. However, animal models do not faithfully
replicate the selective environment of the human brain [121].

Alternatively, the events driving MeV spread in the human brain could be reconstructed
through high-coverage sequencing data of complete MeV genomes collected from different
regions of the brain. However, when SSPE cases were more prevalent, sequencing technology
was in its early stages, and only partial sequences of some genes were obtained from a limited
number of cases [6, 28, 26, 27, 29, 44, 62, 133, 159]. The widespread adoption of the measles
vaccine almost eliminated SSPE, diminishing the likelihood of obtaining autopsy material
capable of providing complete coverage of MeV genomes replicating in multiple brain regions.
Thankfully, a frozen SSPE brain autopsy was donated to the Center for Disease Control and
Prevention, making this analysis possible.

We analyzed MeV RNA from 15 spatially distinct brain regions of an individual who
succumbed to SSPE, both by deep sequencing and at the single-cell level. The combined
sequencing data from all brain specimens covers the 15,894 bases MeV genome 0.89 million
times. We made the following insights into SSPE progression in this brain. First, viral
replication was extensive in most regions. Second, multiple lines of evidence support the
initiation of brain spread in the frontal cortex. Third, in all 15 brain specimens analyzed,
we detected not just one, but two distinct major MeV genome subpopulations, each showing
extensive spatially restricted diversification. Lastly, during brain adaptation, putative driver
mutations affecting the cytoplasmic tails of both envelope proteins – F, and hemagglutinin
(H) – fluctuated in frequency across regions, suggesting convergent evolution for modulation
of fusogenicity.
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1.3 Results

1.3.1 Robust MeV transcription in two brain specimens

A US resident born in Central America succumbed to SSPE when he was 24 years old. At
autopsy, the entire brain was frozen and donated to the Center for Disease Control and
Prevention (CDC). Two specimens (SSPE1 and SSPE2) were removed from the surface of
the frozen brain for a pilot analysis. RNA quality was adequate, as demonstrated by partial
preservation of the 28S and 18S ribosomal bands (Figure 1.1A-B, left panels).

The presence of MeV transcripts and genomic RNA was confirmed using specific probes
(Figure 1.1A-B, right panels). Probe N(+) detects the 2 kilobases (kb) nucleocapsid
(N) mRNA, and the 3.5 kb N-P mRNA which also includes the phosphoprotein (P) gene.
The complementary strand probe L(-) detects 16 kb negative strand genomes and shorter
defective genomes. N(+) analyses of both SSPE1 and SSPE2 documented robust N tran-
scription, reaching similar levels as in a control infection of HeLa cells. L(-) analyses detected
full-length genomes in both SSPE1 and SSPE2 and shorter molecules that may represent
defective genomes.

We assessed the relative amount of viral and cellular RNA in both SSPE specimens by
RNA sequencing after depletion of ribosomal RNA. Roughly 15% of the non-ribosomal RNA
in SSPE1, and 8% of the non-ribosomal RNA in SSPE2, was of viral origin (Figure 1.1C).
For comparison, the peak level of MeV RNA in HeLa cells is about 25% [26].

Analyses of the polarity and distribution of the sequencing reads showed MeV transcript
levels decreasing in concert with the distance of the six genes from the 3’ end of the nega-
tive strand genome (Figure 1.1D, blue line), reflecting transcriptional attenuation at gene
junctions, as observed in lytic infections [26]. The negative strand reads were more evenly
distributed except for an accumulation near the 5’ end of the genome (Figure 1.1D, red
line, peaks at right) as observed in some lytic infections and consistent with the presence of
short defective genomes [115].

1.3.2 Two distinct genome populations in both specimens

We then analyzed the MeV genomes replicating in specimens SSPE1 and SSPE2. Ideally,
mutations are identified by comparison with the sequence of the virus that infected the
individual. However, this information is not available. To overcome this limitation, since
diagnostic sequencing identified a D3 genotype, we generated a reference genome sequence
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including information from D3 genomes circulating at the time of infection.
We used this reference to identify single nucleotide variants (SNVs) in each sample down

to 2% frequency. Figure 1.2 illustrates the frequency and genomic location of the nu-
cleotides differing between the MeV genotype D reference sequence at each position in the
MeV population replicating in both pilot samples. In SSPE1, there were 264 variable po-
sitions. Among these, three clear groups emerged; 130 SNVs present at >90% frequency
(yellow dots), 35 SNVs at 60-75% frequency (blue dots), and 21 SNVs at 30-40% frequency
(red dots). In the SSPE2 sample, we observed the same groups of mutations, but their
average frequencies were slightly different at 70% and 30%, respectively.

This data led us to two significant observations about the MeV population in the brain.
First, the presence of 130 SNVs that were nearly fixed in the virus population of both speci-
mens suggested that these mutations are ancestral to all the sampled virus sequences. This
group of SNVs has been termed the Candidate Brain Ancestor (CBA, including the 130
positions detected at >90% frequency). However, it is important to note that although
the presence of these SNVs in both tissues is consistent with the hypothesis that they are
ancestral to the virus in the brain, we cannot definitively determine if these variants were
acquired before or after brain entry. Second, the presence of two populations of SNVs at
congruent frequency in SSPE1 and SSPE2 suggests the existence of two distinct genomes in
these specimens. We hypothesize that both specimens had these two distinct viral subpopu-
lations coexisting and that both subpopulations possessed all 130 CBA variants, along with
their specific mutations. The subpopulation with the 35 higher frequency variants has been
named Candidate Genome 1 (CG1), while the one with the 21 lower frequency variants is
referred to as Candidate Genome 2 (CG2).

1.3.3 Potential drivers of neurotropism acquisition

To focus further analyses, we assessed whether mutations present in proposed sequences
CBA, CG1, or CG2 were similar or identical to mutations previously shown to drive brain
spread in other SSPE cases. We identified two mutations, M-W125* and F-L454M, fixed
on nearly all MeV genomes (black symbols in Figure 1.2, yellow line on top). M-W125*
introduces a stop codon interrupting the M protein reading frame after 124 of its 335 amino
acids, and F-L454M changes an amino acid that controls the activation energy of the F
trimer for cell-cell fusion [74]. Since these two mutations are present at >99% frequency,
they were considered to be part of CBA.

Two other potential driver mutations were detected at lower frequencies. F-Q527*, which
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introduces a stop codon in the F protein cytoplasmic tail, was detected in three other SSPE
cases [131]. Since it was at 35-40% frequency, it was assigned to CG2 (Figure 1.2, CG2,
black triangle). M-F50S, originally identified in a wild-type MeV variant not linked to SSPE,
changes an amino acid that modulates the interaction of M with filamentous actin (F-actin)
[152]. Since it was at 65-75% frequency, it was assigned to CG1 (Figure 1.2, CG1, black
dot).

1.3.4 Most cells are infected by both genome populations

Having hypothesized that two distinct genome populations exist, we sought to document how
often both genomes are present in the same cell. To accomplish this, we used allele-specific
amplified fluorescence in situ hybridization (ampFISH), a technique that can discriminate
RNA molecules with single nucleotide differences [92]. Supplemental Figure 1.9 shows
a schematic of this method. In addition to using genome-specific probes (ampCG1 and
ampCG2), we generated a set of control single molecule fluorescent in situ hybridization
(smFISH) probes recognizing sequences identical in both genomes (MeV), and stained nu-
clei by DAPI. The confocal images from 5ţm tissue slices from the temporal and occipital
lobe (Supplemental Figure 1.10A-B) show that in both tissues both genomes frequently
replicate in the same cell. Supplemental Figure 1.10C shows a negative control. Fur-
thermore, successful hybridization provided further evidence for the existence of CG1 and
CG2.

We then measured the CG1 and CG2 signal intensities in about 100 cells from three
additional specimens: temporal lobe, occipital lobe, and brainstem. Supplemental Fig-
ure 1.11A shows a confocal image from the temporal lobe, Figure 1.3B shows quantitative
data from the marked cells panel A, and Table 1 summarizes all the data. In all specimens,
co-replication was detected in about 90% of the cells, but the CG1 signal was stronger in
the brainstem while the CG2 signal was stronger in the occipital and temporal lobes. Higher
resolution analyses identified perinuclear clusters of both CG1 and CG2 replication centers
(Figure 1.3, left panel). These genome-specific clusters were occasionally spatially segre-
gated (Figure 1.3, right panel). Thus, CG1 and CG2 co-replicated in about 90% of the
cells from three distal brain areas, which indicates frequent co-existence and suggests the
possibility of genetic complementation.
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1.3.5 Robust MeV transcription in most forebrain specimens

The high levels of MeV RNA observed in the SSPE1 and SSPE2 specimens were unexpected,
as previous studies documented restricted MeV transcription and protein expression in au-
topsy specimens from other SSPE cases [59, 86]. To further characterize MeV transcription
in this brain, we thawed it and extracted RNA from 13 specific, spatially distributed regions.
Due to thawing, RNA integrity was reduced (Supplemental Figure 1.12, top and middle
panel). Nevertheless, deep sequencing analysis revealed N to L gradients of transcript abun-
dance in most sampled regions, confirming active transcription (Figure 1.4, plus strand
reads frequencies shown by blue lines; the vertical axis uses a logarithmic scale).

Total viral RNA levels were high. In two of the frontal cortex specimens and the parietal
lobe specimen, the viral reads accounted for 19-20% of the total reads. In six other specimens,
between 4-12% of reads were viral. In the internal capsule and brain stem, about 2-3% of
reads were viral, and the two cerebellum specimens had fewer than 1% reads mapping to
MeV (Supplemental Figure 1.13). Even considering a bias for preferential protection of
encapsidated genomes from RNAse degradation during thawing, these data imply robust
viral replication in most forebrain specimens.

1.3.6 Abundant defective genomes in some specimens

Analyses of MeV negative strand-reads indicated that, in some specimens, they were more
abundant than the plus strand-reads (Figure 1.4, red lines and circular insets). These
analyses also revealed an overrepresentation of reads aligning proximally to the genome 5’
end in the parietal lobe and hippocampus (Figure 1.4, left column, first and third panel
from top). These are the two specimens in which very high levels of 1-2 kb defective genomes
were detected by Northern blot analyses (Supplemental Figure 1.12, bottom panel). This
confirms that short defective genomes abounded in certain specimens.

1.3.7 Both MeV genome populations are ubiquitous

To determine the distribution of the candidate genomes, CG1 and CG2, across the brain,
we expanded our analysis to include data from 13 additional tissue samples. In total, we
obtained around 95 million, 2x150bp long MeV reads for an average coverage of 0.89 million
reads/base of the 15,894 bases MeV genome (Supplemental Data Table 1). The MeV
genome reads from these thawed tissues included about 45 times more reads than the SSPE1
and SSPE2 samples (90 versus 2 million, Supplemental Data Table 1).
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By jointly analyzing variants across all 15 specimens, we were able to discern which
mutations in CBA, CG1, and CG2 were specific to SSPE1 and SSPE2 and which mutations
were truly ubiquitous in the brain. We used an unbiased approach to cluster all mutations
whose frequencies were strongly correlated in each tissue. Mutations on the same viral
molecules should appear at roughly the same frequencies across specimens. This method
confirmed the existence of CBA, CG1, and CG2 and revealed mutations unique to SSPE1
and SSPE2, suggesting localized differentiation. Nevertheless, the three sequences differed
only minimally from those of the candidate genomes. We named these sequences BA (Brain
Ancestor), G1, and G2 to differentiate them from those derived solely from SSPE1 and
SSPE2 data.

In addition to our frequency-based haplotyping approach, we also sought evidence for G1
and G2 within single sequencing reads. First, we adopted an approach from the haplotyping
algorithm CliqueSNV to assess linkage among G1 and G2 SNVs on Illumina reads as either
“linked” or “forbidden” (i.e., unlinked) based on the number of reads possessing both SNVs
[77]. Although the read length only permitted us to assess the linkage between nearby
SNVs, we found strong support for the G1 and G2 haplotypes. Bridging reads nearly always
classified pairs of G1 SNVs as statistically “linked”, and never classified them as statistically
“forbidden.” Similar results were found for G2. In contrast, pairs in which one SNV was G1
and the other was G2 never showed statistical linkage and were also found to be “forbidden”
approximately 36% of the time (Supplemental Figure 1.14). Second, we obtained longer
reads by nanopore sequencing two specimens with adequate RNA preservation: frontal cortex
1 and hippocampus. Analyses of hundreds of sequencing reads spanning 900 or more bases
over the M gene brought additional physical evidence of the linkage between the mutations
attributed to G1 and G2 (Supplemental Figure 1.15).

Using BA as our reference, we identified 535 distinct variants with a frequency above 2%
in all samples. Supplemental Figure 1.16 illustrates the position of each variant on the
MeV genome by specimen, and Figure 1.5 displays all variants by specimen and frequency.
In this figure, G1-related variants are blue, G2-related ones are red, and unlinked variants are
gray. This shows that both genomes were found in all brain regions, but their distribution
varied considerably. Notably, except for the case of frontal cortex 2, G1 and G2 mutations
appear at comparable frequencies, consistent with the genetic linkage we hypothesized.
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1.3.8 An early G1 ancestor left descendant genomes only in frontal
cortex 2

To investigate whether the genetic similarity of the MeV population was correlated with their
spatial proximity, we conducted a principal component analysis (PCA) on the frequency
of each SNV in each tissue. Rather than focusing on individual sequenced genomes, this
approach examines a matrix where each row signifies a spatial location, and every column
indicates the SNV frequency in that location. Supplemental Figure 1.17A shows the
relative similarity of each specimen’s MeV population given by the first and second principal
component, and Supplemental Figure 1.17B juxtaposes this similarity with the brain
location of the specimen from which the RNA was isolated. For the most part, specimens
isolated from nearby regions were more likely to have similar MeV populations. One major
exception is the frontal cortex 2 specimen, which has a very distinct MeV genome population
from neighboring specimens (Supplemental Figure 1.17A, top).

A closer examination of the frontal cortex 2 specimen revealed two clusters of mutations
that separated it from the other samples. One cluster included 10 G1 mutations at substan-
tially reduced frequencies compared to the other G1 mutations (Figure 1.5, frontal cortex 2,
bottom), while the other cluster contained 11 mutations that were largely absent from other
specimens, yet they were present at nearly the frequency of the remaining G1 mutations in
frontal cortex 2. A phylogenetically parsimonious explanation of these observations is that
an ancestor to G1, which we call G-01, underwent two divergent evolutionary histories. In
one, it acquired a set of 10 mutations, which we call G-01b, to form G1. In another, it
acquired a different set of 11 mutations, which we call G-01a, to form a separate genetic
background which we call G-FC2 to indicate that it is found nearly exclusively in frontal
cortex 2.

These observations are visualized in Figure 1.6: G-01b is shown as a dark blue line
joining 10 dark blue mutations (where mutations are represented as dots), G-01a is shown
as a black line joining 11 black mutations; G-01 is shown as a light blue line joining light
blue mutations; and the G2 mutations are shown as red mutations joined by a red line.
Except for frontal cortex 2, all G1 (G-01 plus G-01b) mutations are detected at the same
frequency in every specimen, suggesting their concurrent spread through the brain on a single
genetic background. Among the mutations present in the spatially ubiquitous G1 genomes
but absent in the spatially restricted G-FC2 genomes is M-F50S, which was previously noted
as a potential driver mutation.
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1.3.9 F cytoplasmic tail truncation mutations occur repeatedly
and vary in frequency spatially

Frontal cortex 2 has a second anomaly: the frequency of F-Q527* is about 95% (Figure 1.5,
black border circles). In contrast, F-Q527* frequency in all other specimens is between 15
and 85% (mean = 58%). Since frontal cortex 2 contains both G2 and G-FC2 at a combined
frequency of about 95% (Figure 1.5), the frequency of F-Q527* requires its presence on
both genetic backgrounds G2 and G-FC2.

However, in other parts of the brain, we have evidence that F-Q527* is present on back-
ground G1 as well. In both the parietal lobe and the internal capsule, F-Q527* is at a higher
frequency than either G1 or G2. Since G1 and G2 together comprise 100% of the population
outside of the frontal cortex, F-Q527* must be on both genetic backgrounds to reach this
frequency (Supplemental Figure 1.18). Furthermore, the frequency of F-Q527* is far
above the frequency of G2 in the temporal lobe, occipital lobe, and hippocampus, providing
additional evidence that F-Q527* is present on the G1 background.

Close examination of F-Q527*’s allele frequencies across different spatial locations
(Figure 1.5, black border circles) reveal that it is not fixed with respect to either the
G1 or G2 background (i.e., there are both G1 and G2 genomes that do not possess the F-
Q527* mutation). If a mutation is fixed with respect to a particular genetic background, its
frequency must be equal to or greater than the frequency of that genetic background in all
locations. F-Q527* is at a lower frequency than G1 in the midbrain, upper brain stem, brain
stem, cerebellum, cerebellum nucleus and both SSPE 1 and 2, and is at a lower frequency
than G2 in the temporal lobe. As a result, F-Q527* is present but not at 100% frequency
on both G1 and G2. There are two potential explanations for these observations that are
described at greater length in the discussion: F-Q527* was either gained multiple times on
multiple genetic backgrounds, or F-Q527* was gained on the ancestor of G1 and G2 and was
reverted (i.e., F-*527Q) multiple times on multiple genetic backgrounds.

Furthermore, a different F cytoplasmic tail truncation mutation than F-Q527*, F-E526*,
also spread in the Internal Capsule and Brain Stem. However, F-E526* was on a different
genetic background: among 11941 reads overlapping F-Q527* and F-E526*, 5634 contained
only F-Q527*, 1361 contained only F-E526* and 1 contained both. Collectively, these results
demonstrate that mutations prematurely truncating the cytoplasmic tail of F arose to de-
tectable frequency multiple times but rarely fixed with respect to their genetic backgrounds.
Notably, F-Q527* was observed at intermediate frequency in MeV RNA from three other



30

SSPE cases [131].

1.3.10 Recurrent mutation on the H cytoplasmic tail

To assess if other mutations elsewhere in the MeV genome showed similar dynamics, we re-
analyzed the joint dataset from all 15 specimens. In addition to F-Q527*, the frequency
of the 8th residue of H did not correlate well with the frequencies of either G1 or G2
(Supplemental Figure 1.18). H is the MeV transmembrane glycoprotein that binds the
receptors [106], and H-I8T is a residue of its cytoplasmic tail that interacts with M to control
activation of the membrane fusion apparatus, similar to the F cytoplasmic tail [24, 100].

As with F-Q527*, H-I8T’s frequency analyses reveal its linkage to both genetic back-
grounds (Supplemental Figure 1.18, segmented black line): in most forebrain specimens
its frequency correlates with G1, but in three hindbrain specimens (brain stem, cerebellum,
and cerebellum nucleus) its frequency correlates with G2. Note that the above frequencies
do not require H-I8T to be fixed on either background; instead, they could emerge from
H-I8T existing at a lower frequency on both backgrounds simultaneously. H-I8T is at a
very low frequency in the frontal cortex 2 sample and we also note that the frequencies
of F-Q527* and H-I8T are anti-correlated across specimens, although not significantly so
(Pearson correlation = -0.27, p = 0.36, Supplemental Figure 1.18).

1.3.11 Spatial dynamics of the collective infectious unit

The variation of mutation frequencies across specimens suggested to us that distinct G1
and G2 subpopulations may diversify locally. We reasoned that we could exploit correlation
among groups of lower frequency alleles to reveal secondary haplotypes on the background of
G1 or G2 and thus chart this local diversification. This approach mirrors clonal deconvolution
methods from cancer genomics and is necessary because the allele frequencies alone do not
otherwise reveal the relationships among different correlated groups of SNVs (i.e., are they
on the same or different genetic backgrounds).

To clonally deconvolve the MeV samples, we developed a four-step approach that (1)
calculates correlations in frequency among groups of mutations across all specimens, (2)
clusters mutations with similar frequencies across specimens using k-medoids, (3) applies
clonal deconvolution methods to derive all evolutionary trees that can explain the cluster
frequencies across all sampled locations with minimal mathematical constraints on the cluster
frequencies (Materials & Methods) [42], and (4) filters candidate trees by retaining only those
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supported by reads spanning positions with mutations at two loci on distinct mutational
clusters. This process identified 12 well-supported clusters of mutations present at similar
frequencies across specimens (Supplemental Figure 1.19, Supplemental Data Table
2).

The left panel of Figure 1.7A shows the evolutionary tree of the 12 clusters: six de-
scended directly from G1 and five directly from G2, reflecting few shared SNVs beyond those
on the G1 and G2 backgrounds; the only exception was cluster 1a that descended from clus-
ter 1. Supplemental Figure 1.20 reports the frequencies of the eight G-01 clusters (top
panel, the seven G1 descendant clusters and G-FC2) and the five G2 (bottom panel) clusters
in all 15 specimens. Figure 1.7B reports these frequencies for the 13 specimens of known
location on a brain drawing; the frequency of each cluster is indicated by the width of a
corresponding color-coded slice in the pie chart.

These analyses revealed extensive MeV genome heterogeneity across brain specimens.
For example, while frontal cortex 1 and 3, the parietal lobe and five specimens in the lower
brain region (midbrain, upper brain stem, brain stem, cerebellum, and cerebellum nucleus)
all were dominated by G1, the descendant sub-clusters were different. Frontal cortex 1 and
3 were composed largely of un-clustered G1 descendants and cluster 1 and 1a; the parietal
lobe was largely composed of cluster 3, and cluster 2 was the largest cluster in most lower
brain regions.

While certain clusters were constrained to localized regions (cluster 5 in the parietal lobe,
internal capsule and hippocampus and cluster 6 in the brain stem and cerebellum), others
were not (for example, cluster 4 in the brain stem and upper brain stem, and in frontal cortex
1 and 2), suggesting possible longer-range viral dispersal across neuronal connections. Similar
results were observed among G2 descendants, with a mixture of locally grouped and widely
dispersed clusters. Notably, most clusters were found across multiple locations, suggesting
ongoing migration between brain regions after initial spread and local diversification.

1.4 Discussion

Our deep sequencing analysis of MeV RNA from multiple regions of an autopsied brain
has provided important insights into the processes that drove lethal panencephalitis. Viral
replication was robust: MeV reads accounted for 10-20% of the total cellular reads in the
forebrain and for 0.1-5% in the hindbrain. This finding was unexpected because in an
SSPE case examined by quantitative in situ hybridization, MeV RNA reached only 0.1-
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1% of the peak level of MeV RNA in Vero cell infections, leading to the suggestion of a
specific replication block in the final phase of SSPE [59]. In three other SSPE cases, MeV
nucleocapsid gene transcription levels measured by quantitative Northern blots averaged 1-
3% of the peak transcription levels in HeLa cell infections [25]. In the forebrain specimens we
studied, 12-20% of total ribosomal RNA-depleted reads were viral, a level only 2-3 times lower
than at the peak of HeLa cell infection [26]. Thus, viral replication proceeded unhindered.

Four lines of evidence suggest that a MeV collective infectious unit with migratory capac-
ity emerged in the frontal cortex of this brain. First, the forebrain has the highest frequencies
of MeV RNA, potentially consistent with the longest residence. Other reports have docu-
mented high MeV genome levels in the frontal cortex [10, 80]. An alternative hypothesis
is that low levels of RNA in the hindbrain reflect longer-term residence and associated de-
pletion of host cells. This appears unlikely because the hindbrain produces and regulates
respiratory activities [70], and extensive viral replication in this area may interfere with
respiratory rhythm generation essential for survival.

Second, we can trace one of the earliest detectable diversification events on the evolution-
ary tree, that separates G1 and G-FC2, back to the frontal cortex 2 specimen (Figure 1.7).
While it is possible that G-FC2 migrated to the frontal cortex after emergence elsewhere, its
strong regional localization suggests it may have limited migratory capacity relative to the
G1 and G2 descendant clusters, all of which were found at >5% frequency in two or more
specimens. If G-FC2 is non-migratory as its distribution suggests, this links the ancestral
population pre-dating G-FC2’s emergence to the frontal cortex as well.

Third, descendants of this G-FC2 and G1 ancestor that possess putative driver mutation
M-F50S are found at high frequency throughout the brain but at very low frequency in
the frontal cortex 2. A potential interpretation is that the genetic background possessing
M-F50S emerged at initially low frequency in the frontal cortex and reached high frequency
elsewhere due to the founder effect as it colonized new brain regions.

Fourth, the historical branching event leading to the creation of a spatially restricted
G-FC2 is challenging to explain if we assume the ancestral MeV initially entering the brain
was not capable of brain spread. While we cannot unambiguously determine the site of brain
tropism acquisition from the data, the weight of evidence is strongest for a frontal cortex
emergence versus any other specific location.

We have constructed a hypothesis of the events favoring MeV genome expansion in this
SSPE brain that is consistent with all observed patterns and is illustrated in Figure 1.8.
Because genomes lacking driver mutations were likely constrained to their point of brain
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entry, the ancestral MeV genome, or collective infectious unit, may have entered the brain in
the frontal cortex, possibly via the oropharyngeal route and the olfactory nerve [53] (point
1). Note, that this does not preclude the possibility that MeV entered via one or more
additional routes that did not leave descendants contributing to the sampled population.

During replication in the frontal cortex, three driver mutations were selected: M-W125*,
F-L454M and F-Q527*. This created the genome background on which G-01 and G2 emerged
(points 2 and 3; again, we note that other genome variants likely emerged but did not leave
descendants that could be detected via sampling). G-01 diversification ultimately produced
genome background G1, including the fourth candidate driver mutation M-F50S (point 4a),
which spread throughout the brain. Locally in the frontal cortex, a sibling G-01 descendant,
G-FC2, came to dominate (point 4b). While these data do not definitively allow us to
reconstruct the interactions between G1 and G2 in vivo, the addition of M-F50S to the G1
background in the frontal cortex may have enabled both G1 and G2 to migrate outwards as
a collective [30, 129] (point 5).

The first SSPE clinical signs were detected at age 22 in this patient, suggesting about
20 years of virus persistence after acute measles. This long incubation period is consistent
with very limited spread until the collective infectious unit had accumulated all four driver
mutations. We further hypothesize that if either G1 or G2 had begun spreading substantially
before the other, we may have been able to locate brain regions infected by one genome but
not the other. We did not observe any such brain regions.

As the collective infectious unit began to move outward, the allele frequency of the driver
mutation F-Q527* decreased from about 95% in frontal cortex 2 to 60-80% in nearby frontal
cortex and lobe regions and as low as 20% in the cerebellum (Figure 1.5). The relative
frequencies of F-Q527* in G1 and G2 suggest that a back mutation (i.e., F-*527Q) rescued
function on both genome lineages at least once (point 6).

Recurrent mutation is a classical signature of selection, bolstering evidence for F-Q527*
as a functionally important position. We hypothesize that the basis of these recurrent back
mutations is stabilizing selection towards an intermediate level of fusogenicity. Cooperative
interactions between more and less fusogenic MeV variants were recently demonstrated to
enhance cell to cell transmission in vitro relative to either variant in isolation [138]. Further,
allelic heterogeneity at F residue 527 was previously observed in three other SSPE cases
from which the F mRNA was directly sequenced, where at least 30% of the sequence was
wild type [131]. All these observations are consistent with the hypothesis that revertants
in regions proximal to the frontal cortex may have contributed to the spread toward the
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brainstem (point 7).
In the brainstem the reverted full length F cytoplasmic tail was truncated by a different

mutation, F-E526*, further suggesting that an adjusted ratio of full length to truncated
F cytoplasmic tails may be critical for spread leading to panencephalitis (point 8). Since
the lower brainstem and the hindbrain produce and regulate respiratory activities [70], it is
possible that viral replication in these areas interfered with respiratory rhythm generation
essential for survival, causing death 14 months after the first clinical signs.

A limitation of our study is that we cannot unambiguously eliminate other explanations
of the spatial dynamics of MeV spread in this brain. For example, rather than being gained
in an ancestral population and then lost multiple times on multiple backgrounds (G1 and
G2), F Q527* could have been gained independently on G-FC2, G1 and G2. Given that
numerous mutations can cause premature tail truncation, we consider the independent trun-
cation on multiple genetic backgrounds through the exact same mutation less likely than a
single occurrence with independent reversions. Furthermore, F-Q527* is fixed on G-FC2,
a variant that was not observed to spread throughout the brain, suggesting that F-Q527*
was inherited from an ancestor (G-01) rather than being independently selected on the G-
FC2 background. While sampling at autopsy does not allow exact reconstruction of the
events driving MeV brain tropism acquisition, the hypothesis illustrated in Figure 1.8 is a
parsimonious explanation of all observations.

Other important limitations of our study are that it is confined to the analysis of a sin-
gle SSPE case and that it does not include functional analyses of the proposed drivers of
neuropathogenesis. However, the MeV genomes replicating in this brain did acquire muta-
tions similar or identical to those previously identified in other SSPE cases. The relevance
for neuropathogenesis of two classes of mutations has been confirmed: MeV lacking a func-
tional M protein or with a truncated F protein cytoplasmic tail lost acute pathogenicity
but penetrated more deeply into mouse brain parenchyma than standard MeV [23, 112].
We have generated recombinant MeV with individual amino acid changes proposed to drive
brain tropism acquisition. We are assessing the functional effects of these mutations on the
intracellular transport of viral components, and intercellular spread, in neuronal cell lines,
compartmentalized primary neural cell cultures, and human brain organoids.

Another limitation of our study is that it is, to our knowledge, the sole analysis presenting
data suggesting a key role for collective infectious units in the acquisition of human brain
tropism. However, prior sequence analysis of multiple specimens from another SSPE case
uncovered evidence of five co-replicating MeV genomes [10]. It was also shown that functional
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MeV can evolve by co-packaging two genomes, each carrying an F protein unable to mediate
membrane fusion on its own, but together exhibiting enhanced fusion activity through hetero-
oligomer formation [138]. Also, It was recently shown that cooperation between genomes
coding for wild-type and SSPE-derived mutant F proteins is required for the efficient spread
of MeV in a neuropathogenesis model [136]. Two of the F protein mutations tested in this
model, I62T and I446T, were fixed in the BA sequence, and another tested mutation, F-
Q527*, varied in frequency.

Taken together, these observations suggest that cooperative interactions of MeV collective
infectious units are frequently instrumental for SSPE neuropathogenesis. However, dominant
virus variants may continuously evolve in the same brain, and in different brains, a diverse
combination of mutations may drive lethal panencephalitis. Accordingly, in this brain, we
identified mutations previously monitored in other SSPE cases as well as mutations like
M-F50S and H-I8T, both expected to impact the respective protein function from previous
studies, but not previously identified in other SSPE cases.

It is increasingly appreciated that pathogens can spread as collective infectious units
within and between hosts, and MeV is a prime example of this infection paradigm
[3, 102, 129]. After initial MeV amplification in lymphatic organs, virus-infected lymphocytes
may deliver multiple genomes to airway epithelial cells [49, 83, 89]. MeV genomes spread col-
lectively through localized cell fusion in the airways, as shown in ex vivo infections of human
airway epithelia [139]. Moreover, expulsion by coughing of infectious centers containing hun-
dreds of MeV genomes may contribute to the extremely high measles reproduction number
[67, 87]. However, genetic characterization of the spatial dynamics of collective infectious
units of MeV and other pathogens in animal hosts is demanding, and it is rarely feasible in
humans.

This SSPE case has provided a unique opportunity to gain insights into the spread
of a collective infectious unit in a human host: we found that MeV replication can be
ubiquitous in the brain and that it can be driven by multiple distinct viral genome lineages
that co-colonize even at the single cell level. We present a hypothetical reconstruction of the
evolutionary events driving brain adaptation and spread, beginning with probable infection
emergence in the frontal cortex and resulting in a genetically diverse and widely dispersed
viral population at patient death. We identified putative driver mutations affecting the
cytoplasmic tails of both envelope proteins that appear to be independently and recurrently
selected across brain regions and genetic backgrounds. These mutations seem constrained to
intermediate prevalence by frequency-dependent selection, which recent experimental results
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suggest may permit the virus to achieve optimal fusogenicity for brain spread [136]. Re-
examination of published data implies that similar selection processes occurred in other
SSPE cases. Taken together, these results indicate that collective infectious units can be an
important evolutionary unit for MeV brain colonization and raise profound questions about
the importance of collective infectious units in human disease.
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1.6 Methods

1.6.1 Patient information

This project was reviewed by the CDC Human Subjects Committee and considered research.
It qualified for exemption because the tissue samples were obtained at autopsy from a fatal
SSPE case. Disclosure of following patient information was approved. The patient was a
24-year-old US resident who expired in February 2010. The individual, who was born outside
of the US, presented with clinical signs consistent with SSPE in December 2008. There was
no history of travel, no exposure to measles, and no reports of measles cases in the country
of residence, speaking against an acute encephalitis diagnosis.
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1.6.2 SSPE diagnosis and brain specimens

The brain was harvested at autopsy and shipped to the CDC on dry ice. For diagnostic
purposes, a small section of tissue (approximately 5mm x 5mm) was excised with a sterile
scalpel. Following RNA extraction using an RNA Mini-kit (Qiagen), endpoint RT-PCR
assays targeting the MeV N gene RNA and Sanger sequencing of the PCR product [87]
confirmed the SSPE diagnosis and identified MeV genotype D3. For the pilot experiment,
two specimens were collected from the surface of the frozen brain frontal lobe by using a
scalpel and tissue punch. When the entire brain was thawed, 13 tissue specimens were
collected for RNA extraction and frozen at -70C. Three additional tissue specimens from the
occipital lobe, temporal lobe and brainstem were fixed with formalin and paraffin-embedded
for histological analysis and in situ staining. This activity was reviewed by the CDC and
was conducted consistent with applicable federal law and CDC policy.

1.6.3 RNA extraction

Frozen specimens weighed one to two grams. Six to seven ml of Trizol reagent (Invitrogen)
was added to each tissue and homogenized using a 150 electric homogenizer (Fisher Scien-
tific). Two ml of chloroform was added to the tissue homogenized in Trizol, vortexed and
the resulting approximately 10 ml were aliquoted in 1.5 ml Eppendorf tubes. From here on,
Trizol extraction was as per the manufacturer’s protocol; RNA pellets from all Eppendorf
tubes were pooled and resuspended in diethyl pyrocarbonate-treated water. The RNA con-
centration was assessed using a Nanodrop 200 Spectrophotometer and samples were stored
at -80řC.

1.6.4 Northern blots

Three ţg of SSPE brain or control RNA were separated on 1% (weight/volume) agarose gels
supplemented with 2% (volume/volume) formaldehyde and transferred onto nylon mem-
branes as previously described [115, 113]. Northern blot analysis using the DIG-system
(Roche) was performed as per the manufacturer’s protocol. For detection of N mRNA, a
DIG-labelled ssRNA probe N(+) comprising MeV nucleotides 5-254 (GenBank MH144178)
was generated by in vitro transcription with SP6 RNA polymerase from a plasmid encoding
this sequence under the control of an SP6 promoter. To detect negative-strand genomic
RNA, a DIG-labelled ssRNA probe L(-) was used as previously reported [115].
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1.6.5 In situ hybridization

smFISH probes were prepared from 3’-aminolabeled pooled oligonucleotides as described
earlier [119]. ampFISH probes were obtained from integrated DNA technologies (IDT),
purified via acrylamide gel electrophoresis and snap cooled as described before [92]. To
deparaffinize and hydrate the formaldehyde fixed and paraffin embedded (FFPE) tissue
sections, the slides were serially incubated for 10 min at room temperature in Xylene (twice),
100% ethanol, 90% ethanol, 70% ethanol and finally in hybridization wash buffer [92]. After
equilibrating the section with hybridization wash buffer, tissues sections were incubated with
30ng of each of the ampFISH probes and 25ng of pooled smFISH probes in hybridization
buffer at 37C overnight in a humid chamber. The following day sections were washed thrice
with hybridization wash buffer and then incubated with 2ml of 2.5mM of each of the four
hybridization chain reaction (HCR) hairpins per 50ml of HCR buffer [92] for 4-5 hours at
room temperature. Sections were washed again with hybridization wash buffer and then
mounted with either deoxygenated medium [119] or with fluoroshield mounting medium
supplemented with DAPI (f6057, Sigma-Aldrich) and imaged using Zeiss LSM 980 and 780.
Sequences of all smFISH and ampFISH probes along with the targeted SNV are presented in
a Supplementary Data file. We targeted ten SNV sites using four sets of ampFISH probes.

1.6.6 Confocal microscopy and quantification of G1 and G2 signal

Confocal microscopy for in situ hybridization was carried out using an LSM 980, AxioOb-
server.Z1/7 microscope. Images were collected using a GaAsP PMT detector with 353,
548, 590 and 650 excitation lasers and a C-apochromat 40x/1.20 W Korr objective. Image
processing and analysis was carried out using Zeiss ZEN Lite (Blue edition) version 3.5.

For quantification of signal raw TIFF images for each channel were exported and analyzed
in ImageJ. To correct for background noise, signal intensity from uninfected cells was also
determined and subtracted from that of infected cells. For each cell, the percentage of G1
and G2 signal was calculated by adding the corrected signal intensity of both channels and
dividing individual channel intensity by it.

1.6.7 RNA library preparation and Illumina sequencing

The concentration and integrity of the RNA was assessed on an Agilent Bioanalyzer DNA
100 chip (Agilent). cDNA library prep was conducted using Illumina TruSeq Stranded Total
RNA Sample Prep Kit (Illumina) according to the manufacturer’s protocol, which depletes
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ribosomal RNA. DNA fragmentation of 150 bp and two paired end sequencing (2 x 150)
of each library was performed on an Illumina MiSeq or HiSeq4000 platform. The fragment
length averaged across all 15 samples was 194 bases with a standard deviation of 87 bases.

1.6.8 Reference genome

The sequence of the virus that infected the SSPE patient is not known. Since diagnostic
sequencing identified a D3 genotype, we generated a reference genome sequence including
information from the D3 genomes circulating at the time of infection. Chicago-1 is the best
characterized D3 genotype, but for this strain only sequences of five genes are available
(GenBank U01977, AF462049, U01980, M81903, M81895). Thus, we supplemented the gaps
in the Chicago-1 genome with available sequences from two other D3 genomes: Illinois for
the L gene (AF128246), and Tokyo (GQ376027) for the leader, trailer, and intergenic regions.

1.6.9 Processing of sequencing reads

Human-aligned BAM files were obtained from the sequencing core for every tissue specimen.
These BAM files were converted into unaligned FASTQ files using SamToFastq (version
1.126.0), generating FASTQ files for each specimen (split by read group). Processing of these
Illumina sequencing reads from all 15 tissue specimens for variant calling and haplotyping
was performed using a Snakemake pipeline that is available on GitHub – https://github.
com/jbloomlab/MeV_SSPE_Dynamics [99].

First, the unaligned FASTQ files were trimmed of adaptor sequences using the program
fastp (version 0.22.0) [33]. In addition to adaptor trimming, fastp was used to remove reads
with an abundance of low-quality bases (> 40% of bases with a phred score < 15). Follow-
ing quality control, viral reads were extracted from the unaligned FASTQ files by matching
31-base long kmers to the composite MeV reference sequence described above using the pro-
gram BBduk (version 39.01) (https://jgi.doe.gov/data-and-tools/software-tools/
bbtools/bb-tools-user-guide/bbduk-guide/). The percentage of MeV RNA reads that
remained after filtering is reported in Supplemental Figure 1.13.

After filtering and quality control, the MeV reads were aligned to the composite ref-
erence sequence described above using BWA mem (version 0.7.17) [84]. Following align-
ment, a custom python script was used to make a patient-specific MeV reference genome
by incorporating fixed viral mutations into the composite reference genome. Briefly,
we used the python/samtools interface pysam (version 0.17.0) (https://github.com/

https://github.com/jbloomlab/MeV_SSPE_Dynamics
https://github.com/jbloomlab/MeV_SSPE_Dynamics
https://jgi.doe.gov/data-and-tools/software-tools/bbtools/bb-tools-user-guide/bbduk-guide/
https://jgi.doe.gov/data-and-tools/software-tools/bbtools/bb-tools-user-guide/bbduk-guide/
https://github.com/pysam-developers/pysam
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pysam-developers/pysam) to count the number of occurrences of each base for every posi-
tion in the genome. We only counted bases if they had a phred quality score greater than 25.
Additionally, we only considered sites with more than 100 reads covering that position. We
considered a mutation fixed with respect to the MeV sequences isolated from the patient’s
brain if they were present at greater than 90% frequency in 12 or more of the 15 sequenced
tissue specimens. These mutations were considered ‘ancestral’ to the MeV sequences ob-
served in the brain and were incorporated into the patient-specific reference. We realigned
the processed FASTQ files to this patient-specific reference genome using BWA mem as we
did previously. These aligned BAM files were used in the subsequent variant calling and
haplotyping analyses.

For strand base analysis, positive or negative strand reads were filtered from aligned
BAM files using samtools view (version >0.1.10) to filter for reads with the alignment flags
163/83 (for positive strand reads) or 99/147 (for negative strand reads). We used samtools
depth to calculate the coverage over the MeV genome for positive and negative strand reads.

1.6.10 Variant calling and filtering

To identify MeV single SNVs with respect to the patient-specific reference described above,
we use two variant calling programs – lofreq (version 2.1.3.1) and varscan (version 2.4.0)
[78, 158]. Where possible, we used the same heuristic filters in each program. The minimum
phred score was 25, the minimum read coverage was 200, at least 10 reads needed to contain
a given variant, and the minimum SNVs frequency was 2%. If filters could not be applied in
either program, we standardized these filters post-hoc in R. We annotated the coding effect
of each SNV using the program SnpEff (version 5.1) [35]. Neither insertions nor deletions
were included in our analyses.

We called variants from the aligned BAMs as well as BAMs split by the positive or neg-
ative sense origin of the reads. There was no appreciable difference between SNVs identified
in the positive or negative sense reads. Therefore, all subsequent analyses were performed
on variants identified from the full BAM files.

We then unified the SNVs identified by both lofreq and varscan into a single set of variants
for downstream analyses. Roughly 89% of variants were identified by both programs. In
consolidating the data from both callers, our intention was to eliminate variants found by
only one method to reduce potential false positives. However, we observed cases where a
variant was detected by both methods in one tissue, but only by one method in another
tissue. Given that these variants were recognized by both callers in certain tissues, they

https://github.com/pysam-developers/pysam
https://github.com/pysam-developers/pysam
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are likely genuine variants. Excluding them based solely on their absence in one method
for a specific tissue could lead to false negatives. To address this, we retained all variants
identified by both callers in any tissue, even if they were detected by only one method in
another tissue. This resulted in a final set of 535 unique nucleotide mutations in the brain.

1.6.11 Haplotype phasing and processing

To reconstruct viral haplotypes, we used an approach that leverages the fact that we have
multiple autopsy specimens isolated from distinct spatial regions in the brain. We expect
that mutations present on the same viral molecule – or haplotype – will be present at similar
frequencies in each of the sequenced specimens. We took advantage of this correlation in
frequency to cluster SNVs that are on the same viral haplotype.

We first took variants that were identified at greater than 2% frequency in all 15 tissue
samples. We computed a correlation matrix on the frequencies of these SNVs using the Pear-
son method. Most variant frequencies were either strongly positively correlated or strongly
negatively correlated. We computed a distance matrix from the Pearson coefficients and
used k-medoids clustering to partition the SNVs into 3 putative haplotype clusters. The
degree of clustering was chosen via visual inspection.

After identifying and clustering SNVs present in every specimen, we extended this anal-
ysis to SNVs that were missing from one or more specimens. We partitioned the remaining
variants based on their average frequency in each sample. SNVs with higher average al-
lele frequencies are likely to have a larger variance in their frequency across specimens,
and therefore true correlations are easier to distinguish from noise. The first bin we used
included SNVs present at greater than or equal to 25% allele frequency in at least one spec-
imen. After identifying putative haplotypes using the method described above, we moved
on to a second bin comprising variants with frequencies between 5% and 25% in at least
one tissue. SNVs that were never identified at greater than 5% frequency in a single spec-
imen could not be clustered with this approach due to the difficulty of distinguishing cor-
relation from noise. The full analysis and a more detailed description of the method can
be found in this notebook – https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/
main/results/notebooks/phase-subclonal-mutations.html.

https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/results/notebooks/phase-subclonal-mutations.html
https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/results/notebooks/phase-subclonal-mutations.html
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1.6.12 Assessing physical linkage in Illumina reads

We used a statistical framework adopted from the haplotyping approach CliqueSNV to deter-
mine if SNV co-occurrence on individual Illumina reads supported the existence of haplotypes
G1 and G2 [77]. Specifically, CliqueSNV asks if two SNVs, A and B, are linked by estimating
the probability that the number of reads spanning the two loci that contain both A and B

is at least the observed number, OAB, under the assumption that the AB haplotype is very
rare (i.e., frequency below τ). If this probability is low, the AB haplotype cannot be read-
ily explained by sequencing errors, and A and B are classified as linked. Mathematically,
CliqueSNV asks if

Pr(x ≥ OAB|TAB ≤ τ) = 1− Pr(x < OAB|TAB ≤ τ)

1−
OAB−1∑
i=0

(
n

i

)
τ i(1− τ)n−i ≤ 0.05

N

where TAB is the true frequency of the AB haplotype, n is the total number of reads
spanning the two loci (regardless of allelic identity) and N is the total number of pairs of
sites compared. When this equation is true, SNVs A and B are classified as linked.

Bridging reads can also provide strong evidence that two SNVs occur on different hap-
lotypes. Specifically, CliqueSNV calculates the probability of observing at most OAB reads
spanning A and B under the assumption that the AB haplotype is common (i.e., frequency
above τ). If this probability is low, the hypothesis of a common AB haplotype is rejected,
and A and B are classified as forbidden. Mathematically, CliqueSNV asks if

Pr(x ≤ OAB|TAB ≥ τ) =

OAB∑
i=0

(
n

i

)
τ i(1− τ)n−i ≤ 0.05

N

where all terms are defined as in the previous definition. When this equation is true,
SNVs A and B are classified as forbidden. Note, that failure to classify two SNVs as forbidden
does not imply that they are linked.

For all putatively G1 or G2 SNVs, we collected all reads across all tissues that bridged
any two SNVs and considered all pairs of SNVs with at least 10 bridging reads. Of the
212 SNV pairs, 138 were composed of two putatively G1 SNVs, 58 were composed of two
putatively G2 SNVs or 16 were composed of one putatively G1 SNV and one putatively
G2 SNVs for separate plotting. For each pair of SNVs, we tested separately if they were
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statistically linked and forbidden for τ = 0.05.

1.6.13 Phylogenetic analysis

After identifying clusters of SNVs forming putative haplotypes, we used the algo-
rithm SPRUCE as implemented in the software tool MACHINA (https://github.com/
raphael-group/machina) to find all phylogenetic trees that could explain the genetic re-
lationships between these haplotypes and were also consistent with the average haplotype
frequencies across the specimens [42].

In brief, SPRUCE accepts the frequencies of clusters of mutations (partial haplotypes)
across multiple samples and exhaustively considers all tree-like relationships between these
partial haplotypes. It then systematically eliminates potential trees that violate any of the
following three assumptions: (1) if partial haplotype A descends from partial haplotype B,
the frequency of A must not exceed the frequency of B in any sample, (2) the total frequency
of all haplotypes cannot exceed 1 in any sample, and (3) the genetic relationships among
partial haplotypes are the same across all samples. Trees must be constructed in this way
(as opposed to classical phylogenetic approaches) because we cannot directly measure full
haplotypes – we must infer them jointly with the tree itself. We calculated an inclusive error
threshold around each mean haplotype frequency by taking the minimum and maximum
frequency of haplotype SNVs in each specimen. There were 36 candidate trees that plausibly
described the phylogenetic relationship among haplotype clusters.

To narrow down the space of possible trees, we leveraged reads that bridged segregating
loci on pairs of haplotype cluster backgrounds to test whether the co-occurrence of haplotype-
specific SNVs supported linkage between the two clusters [77]. We first applied this approach
to assign all haplotype clusters to either the G1 or G2 background. Specifically, for each
cluster, we identified all SNVs on the focal cluster with reads overlapping either a G1 or
G2 SNV. Because G1 and G2 are mutually exclusive, the absence of a G1 allele implies the
presence of a G2 allele. For a given SNV on cluster c in a given specimen s, we identified all
read counts x11, x10, x01, and x00, where x11 represents the number of reads overlapping the
cluster allele and G1, x10 represents the number of reads overlapping the cluster allele and
G2, x01 represents the number of reads overlapping the non-cluster allele and G1 and x00

represents the number of reads overlapping the non-cluster allele and G2. If the cluster allele
is on G1, the likelihood of observing the distribution of overlapping reads is multinomially
distributed:

https://github.com/raphael-group/machina
https://github.com/raphael-group/machina
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lik(x11, x10, x01, x00|c on G1 in s) =
(x11 + x10 + x01 + x00)!

x11!x10!x01!x00!
fx11
G1,11f

x10
G1,10f

x01
G1,01f

x00
G1,00

where fG1,11 = fc,s+ϵ

1+4ϵ
, fG1,10 =

max(0,fG1,s−fc+ϵ)

1+4ϵ
, fG1,01 = ϵ

1+4ϵ
, and fG1,00 = 1 − fG1,11 −

fG1,10−fG1,01 and fG1,s is the frequency of G1 in specimen s and fc,s is the frequency of cluster
c in specimen s. The frequency of a cluster (or G1 or G2) in a specimen was calculated as
the average frequency of all component SNVs of that cluster. For these analyses, we chose
ϵ = 0.01 to incorporate sampling error in our estimated frequencies. Alternatively, if the
cluster allele is on G2, the likelihood of observing the distribution of overlapping reads is
given by:

lik(x11, x10, x01, x00|c on G2 in s) =
(x11 + x10 + x01 + x00)!

x11!x10!x01!x00!
fx11
G2,11f

x10
G2,10f

x01
G2,01f

x00
G2,00

where fG2,11 = ϵ
1+4ϵ

, fG2,10 = fc+ϵ
1+4ϵ

, fG2,01 = 1 − fG2,11 − fG2,10 − fG2,00 , and fG2,00 =

max
(
0,

1−fG1,s−fc+ϵ

1+4ϵ

)
We then assess the weight of evidence for a SNV on cluster c belonging

to a G1 or G2 background across the set of all specimens S based on read overlap via AIC:

AICG1 = −2
∑
s∈S

log lik (x11, x10, x01, x00 | c on G1 in s)

AICG2 = −2
∑
s∈S

log lik (x11, x10, x01, x00 | c on G2 in s)

We can then assign the SNV as supporting assignment of cluster c to G1, G2, or neither
via the relative likelihood ratio framework. We tested each SNV on cluster c independently,
and assigned a cluster to G1 or G2 if all cluster SNVs supported the assignment. The only
cluster unable to be assigned in this way was cluster 12, which had 232 SNV pairs assigned to
G1, 5 assigned to G2 and 25 inconclusive. The 30 SNV pairs not supporting G1 assignment
were in the highly mutated M region where recurrent mutations are likely, and all 5 SNV
pairs supporting G2 were C to T mutations. We therefore assigned cluster 12 to G1.

Using this approach, we were able to filter down the number of plausible trees from 36
trees to only 2 trees. Both trees had identical structures apart from a single prediction that
cluster 6 was descended from cluster 2 on one tree but not the other. Using the approach
described above with reads that bridged segregating loci on cluster 6 and cluster 2, we were
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able to show that cluster 6 was not linked to cluster 2 and therefore could not be descended
from cluster 2. There were 5422 bridging reads over three pairs of SNVs in cluster 2 and
cluster 6 across three tissues (Cerebellum, Cerebellum Nucleus, and Brain Stem) with the
highest coverage over both clusters. Of these 5422 reads, 1928 contained cluster 2 SNVs, 435
contained cluster 6 SNVs, and 0 contained both cluster 2 and cluster 6 SNVs. Thus, only
a single tree predicted by SPRUCE could plausibly explain the phylogenetic relationship of
haplotypes in the brain. The full analysis and a more detailed description of this method
can be found in this notebook on GitHub – https://github.com/jbloomlab/MeV_SSPE_
Dynamics/blob/main/results/notebooks/filter-spruce-trees.html.

1.7 Data availability

The raw Illumina sequencing reads are available on the NCBI Sequence Read Archive under
the BioProject accession number PRJNA1024527. The patient specific reference sequence is
available on GitHub at https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/
config/ref/MeVChiTok-SSPE.fa.

1.8 Code availability

The code used to perform all analysis in the paper is available on GitHub at https://
github.com/jbloomlab/MeV_SSPE_Dynamics. The repository is also archived on Zenodo at
DOI 10.5281/zenodo.8412085

https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/results/notebooks/filter-spruce-trees.html
https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/results/notebooks/filter-spruce-trees.html
https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/config/ref/MeVChiTok-SSPE.fa
https://github.com/jbloomlab/MeV_SSPE_Dynamics/blob/main/config/ref/MeVChiTok-SSPE.fa
https://github.com/jbloomlab/MeV_SSPE_Dynamics
https://github.com/jbloomlab/MeV_SSPE_Dynamics


46

Figure 1.1: Robust MeV replication and transcription in two brain specimens. (A, B, left
panels) Methylene blue stained RNA gels comparing the integrity of RNA extracted from
SSPE brain specimens to that of HeLa cells uninfected or infected with a MeV vaccine strain.
(A, B, right panels) Northern blots of the gels probed using (A) a probe detecting positive
strand MeV N (monocistronic) and N-P (dicistronic) mRNAs or (B) a probe detecting neg-
ative sense genomic RNA. (C) Pie chart showing the number of reads that aligned to MeV
genome, human genome (release #38) and unaligned reads in specimen SSPE1 and SSPE2.
(D) MeV genome coverage plot showing the positive (blue line) and negative (red line) strand
reads in specimen SSPE1. x-axis shows schematic of MeV genome in negative sense orienta-
tion and y-axis represents reads per nucleotide.
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Figure 1.2: Frequency and genomic location of positions at variance between the reference
genome and the SSPE1 (top) and SSPE2 (bottom) sequences. x-axis: MeV genome location.
y-axis: allele frequency. Nucleotide variants detected at nearly 100% frequency are shown
in yellow, those detected at 60-75% in blue, those at 25-40% in red and those at other
frequencies in grey. Variants shown in black are candidate neuropathogenesis drivers. Dots
represent A to G and U to C transitions that may have been introduced by ADAR1 editing
[12, 114], triangles represent other transitions and squares represent transversions.
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Figure 1.3: CG1 and CG2 replicate in the same cells and occasionally form spatially seg-
regated replication centers. In situ hybridization with CG1 (red) and CG2 (green) specific
probes in temporal lobe tissue. Nuclei are counterstained with DAPI (blue). Red box high-
lights the area shown on the right.
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Figure 1.4: Distribution of MeV plus and minus reads in brain specimens. MeV genome
coverage plot showing positive (blue line) and negative (red line) strand reads. x-axis: MeV
genome; y-axis reads per nucleotide on a logarithmic scale. Pie charts show the ratio of
positive (blue) and negative (red) strand reads.
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Figure 1.5: Frequency of G1 and G2 mutations and two potential neuropathogenesis driver
mutations in all brain specimens. X-axis: brain specimens; y-axis; frequencies of G1 mu-
tations (blue), G2 mutations (red) and all other mutations (grey). Black circles highlight
F-Q527* mutations and black squares highlight M-F50S mutations.
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Figure 1.6: Identification of a spatially restricted G1 subpopulation in frontal cortex 2. For
each panel x-axis: MeV genome location; y-axis: allele frequency. SNVs attributed to G-01
are shown in light blue and linked with a line. SNVs attributed to G-01b are shown in dark
blue and linked with a line. SNVs attributed to G-01a are shown in black and linked with a
line. SNVs attributed to G2 are shown in dark red and linked with a line. All other SNVs
are shown in grey. SNVs are defined relative to BA.
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Figure 1.7: Spatial dynamics of G1 and G2 subpopulations in the brain. (A, left panel)
Phylogenetic tree of G1, G2, and their descendants. (A, right panel): location of mutations
attributed to the Brain Ancestor, G-01, G-FC2, G1 and its descendants (top), and G2 and
its descendants (bottom). Crosses represent A to G and U to C transitions, vertical ticks
represent other mutations. (B) Brain drawing with superimposed pie charts indicating the
frequencies of G1 and G2 descendants. The area of pie chart sectors reflects the frequency
of each cluster colored according to the key on the right. Large, intermediate, or small pies
represent specimens with >13%, 5-13% or less than 5% MeV reads, respectively. C, cortex;
L, lobe; U, upper; Int, internal; TN, towards nucleus. Brain image is from BioRender.
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Figure 1.8: Hypothetical reconstruction of the evolution of a MeV collective infectious unit
in a human brain. X-axis: time. Y-axis: population size. Cartoon illustrating hypothesized
MeV brain expansion over time, including the development of G1 (red), G2 (blue), G-FC2
(black) subpopulations, transit among brain regions, and modulation of F tail truncation.
We do not illustrate the simultaneous process of viral diversification forming the G1 and G2
descendant subclusters, or H I8T mutational dynamics.
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Figure 1.9: Schematic of high fidelity ampFISH. (Top) Four probes were used simultaneously
to discriminate at each SNV site. The grey regions of the probes bind to the targets. The
right and left acceptor probes bind on either side of the region encompassing the SNV. Only
one of the donor probes can bind to the SNV region depending on the SNV that is present
in the genome. (Center and bottom) The binding of the left donor-mut to the CG2 target
sequence initiates a strand displacement reaction in the left acceptor that leads to generation
of a green HCR signal using Cy3-labeled HCR hairpins H1 and H2. The binding of the right
donor-wt to the CG1 genome target sequence initiates a strand-displacement reaction in the
right acceptor that leads to generation of a red HCR signal using Cy5-labeled HCR hairpins
H3 and H4. To further improve the signal strength, we targeted a total of nine SNVs in the
genomes using four sets of probes for each genome, where all SNVs in the GC1 gave rise to
red signals and all SNVs in the GC2 gave rise to green signals.
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Figure 1.10: Discrimination of CG1 and CG2 by high fidelity ampFISH. (A-C) Confocal
images showing nuclei in blue, MeV M mRNA in grey, CG1 in red and CG2 in green.
(A) SSPE temporal lobe, (B) SSPE occipital lobe and (C) healthy human cerebral cortex.
Individual channels for the yellow boxed areas are shown in the right panels.
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Figure 1.11: Absolute and relative amounts of CG1 and CG2 in individual infected cells
of a temporal lobe specimen. (A) Eleven infected cells marked for ImageJ analysis; yellow
outlines identify the areas analyzed. CG1 signals are in red, CG2 signals in green. Nuclei
are counterstained with DAPI (blue). (B) Table reporting intensity levels of the CG1 (red
squares) and CG2 (green squares) signals in the 11 cells marked in panel (A). Each square
represents 5 intensity units. For calculating the signal intensity of CG1 and CG2 in each cell,
we divided either CG1 or CG2 signal by the total signal from both probes. As an example,
for cell number 1, CG1 signal intensity is 15 units and CG2 is 20 units so the percentage
of CG1 signal in that cell will be 15/35*100 i.e., 42.8% and the percentage of CG2 will be
57.2%.
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Figure 1.12: Quality of RNA extracted from thawed brain specimens. Specimens analyzed
are listed above each lane. C, cortex; TN, towards nucleus, L, lobe. Top panel: methylene
blue stained RNA gel. The ribosomal 28S and 18S RNA positions are indicated. Middle
panel: Northern blot probed with N(+) probe detecting positive strand RNA. The N and
N-P mRNAs are indicated. Bottom panel: Northern blot probed with L(-) probe detecting
genomic RNA. DI RNA: short defective RNAs.



58

Figure 1.13: Percentage of reads in different SSPE brain specimens that map to MeV. Large,
intermediate, or small circles represent specimens with >13%, 5-13% or less than 5% MeV
reads, respectively. Anatomically closer brain regions are indicated with the same color circle
outlines. L = lobe, C = cortex, U = Upper, Int = Internal and TN = Towards nucleus.
Image was generated in BioRender.
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Figure 1.14: Assessing linkage of G1 and G2 SNVs in Illumina reads. Y-axis: proportion of
SNV pairs with bridging reads showing a statistically significant effect or not for a given test;
x-axis: statistical test determining whether a SNV pair is linked (part of the same haplotype)
or forbidden (mutually exclusive). Green indicates statistically significant evidence, whereas
gray represents the lack of evidence. The absence of evidence for linkage does not imply that
a pair of SNVs is forbidden. The converse is also true, that the absence of evidence for two
SNVs being forbidden does not mean that they are linked. 138 G1/G1 pairs were tested, 16
G1/G2 pairs were tested, and 58 G2/G2 pairs were tested.
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Figure 1.15: Read alignment using the longest, highest quality and error corrected reads
mapped to the M gene [126]. RNA from Frontal Cortex 1 (G1 high) and Hippocampus (G2
high) was used for cDNA synthesis using the template switching RT enzyme mix (New Eng-
land Biolabs) with an N6 TS modified random primer [132]. A single library was generated
(samples were barcoded and pooled) using the native barcoding SQK-NBD-114-96 Q20+
sequencing kit (Oxford Nanopore Technologies, ONT). The ONT library was sequenced in
a single sequencing run using the high-accuracy base-calling model with a minimum Q score
of 10 set on an ONT GridION device using one MinION Flow Cell R10.4.1. Using default
parameters for all software, the corrected reads obtained (Frontal Cortex 1: 8,585; Hip-
pocampus: 7,380) were aligned against the M gene using Muscle 3.8.425 in Geneious Prime
2021.1.1. The M-gene mapped reads (Frontal Cortex 1: 477; Hippocampus: 352), were
further selected based on coverage of >95% of the M protein coding sequence. The longest
reads, namely 57a2eac3-d91e-465f-b823-5cc9c757327f (Frontal Cortex 1) and 25e1cdcf-007f-
4260-843b-abd1f4230a30 (Hippocampus) are shown. These reads correspond to the dominant
haplotypes in each specimen. Blue SNVs are G1 and red SNVs are G2.
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Figure 1.16: MeV mutations at >2% frequency in SSPE brain specimens. Mutations were
called relative to BA. Y-axis: specimen names; x-axis: position of each mutation. Pink
blocks show areas where the read depth was too low to confidently call variants.
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Figure 1.17: The MeV genome population from frontal cortex 2 is genetically distinct from
those in all other brain specimens. (A) Principal components PC1 (x-axis) and PC2 (y-
axis) analysis of MeV genome populations. Five groups of genetically similar specimens are
encircled by color-coded lines. (B) Brain drawing with superimposed circles of the same color
for anatomically close locations. The center of Frontal cortex 2 specimen is indicated in black
to mark that its PC analysis position does not reflect its anatomical position. C, cortex; L,
lobe; U, upper; Int, internal; TN, towards nucleus. (B) was generated in BioRender.
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Figure 1.18: Dynamic modulation of F and H cytoplasmic tail mutations. X-axis: brain
specimens; y-axis; allele frequencies. The mean frequency of G1 mutations +/- the standard
deviation in G1 frequency in each tissue is shown in blue. The same is shown in red for
G2 mutations. The solid black line shows the frequencies of F-Q527* in each tissue and the
black dashed line shows frequencies of H-I8T.
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Figure 1.19: Correlation by frequency identifies genetically linked clusters of mutations. X-
axis: brain specimens; y-axis; allele frequencies. Each facet is a cluster of SNVs identified by
their correlation in frequency across all 15 samples (Materials and Methods). The individual
SNVs are represented as black lines. A colored ribbon represents the mean frequency of each
cluster +/- the standard deviation in each tissue.
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Figure 1.20: Frequencies of G-01, G2 and their sub-clusters in 15 brain specimens. x-axis,
brain specimens; y-axis, allele frequencies. Top panel: frequencies of G-01 (blue line) and
its descendants (shaded areas color-coded according to the key on the right). Bottom panel:
frequencies of G2 (red line) and its descendants (shaded areas color-coded according to the
key on the right).
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2.1 Abstract

The long-term evolution of viruses is ultimately due to viral mutants that arise within
infected individuals and transmit to other individuals. Here we use deep sequencing to
investigate the transmission of viral genetic variation among individuals during a SARS-
CoV-2 outbreak that infected the vast majority of crew members on a fishing boat. We
deep-sequenced nasal swabs to characterize the within-host viral population of infected crew
members, using experimental duplicates and strict computational filters to ensure accurate
variant calling. We find that within-host viral diversity is low in infected crew members.
The mutations that did fix in some crew members during the outbreak are not observed
at detectable frequencies in any of the sampled crew members in which they are not fixed,
suggesting viral evolution involves occasional fixation of low-frequency mutations during
transmission rather than persistent maintenance of within-host viral diversity. Overall, our
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results show that strong transmission bottlenecks dominate viral evolution even during a
superspreading event with a very high attack rate.

2.2 Introduction

The long-term evolution of viruses is due to mutations that arise during replication within
infected hosts and then transmit to new hosts. For viruses like SARS-CoV-2 or influenza that
typically cause short self-limiting infections, evolution occurs over many consecutive rounds
of infection, each interrupted by a transmission bottleneck. If there is a wide transmission
bottleneck then mutations can gradually increase in frequency as a virus transmits from
one host to another. However, a narrow transmission bottleneck means that low-frequency
mutations present in a donor host will typically either be lost or fixed in a recipient host
[95, 166].

So far, efforts to understand how transmission shapes the evolution of SARS-CoV-2 have
mainly focused on small household events or nosocomial pairs [19, 91, 117, 153, 127]. Such
studies point to a narrow transmission bottleneck that significantly reduces viral genetic
diversity at the start of each infection [19, 91, 93, 127, 153]. While exact estimates of the
bottleneck range from 1 to 15 virions, it is clear that a limited number of virions initiate
most human infections. These results are broadly similar to those for influenza, another
heavily studied respiratory RNA virus [95, 149, 160].

However, it seems possible that the transmission of viral genetic diversity could show
different patterns in different settings. For example, superspreading events play a significant
role in SARS-CoV-2’s overall spread [82, 88], and such events could exhibit different patterns
of evolution since they involve settings highly conducive to viral transmission.

Here we investigate the spread of viral genetic diversity during a SARS-CoV-2 super-
spreading event on a fishing boat [2]. We perform high-depth metagenomic deep sequencing
on nasal swabs collected from crew members of the fishing boat to characterize the intra-
host populations of viral variants. Our results demonstrate that epidemiologically-linked
individuals in a superspreading event share little to no intrahost viral diversity even at sites
where mutations fix during the event, corroborating studies reporting narrow transmission
bottlenecks in other settings [19, 91, 93, 127, 153].
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2.3 Results

2.3.1 A large-scale SARS-CoV-2 transmission event on a fishing
boat

We analyzed samples collected from an outbreak on a fishing boat in May 2020 [2]. There
were a total of 122 individuals on the boat. Two days before embarking from Seattle, 120 in-
dividuals participated in pre-departure screening for SARS-CoV-2, and none tested positive.
Despite this, infected crew members must have boarded the boat because a large SARS-
CoV-2 outbreak ensued, eventually forcing the boat to return to shore in Seattle after 16
days at sea (Figure 2.1A). Over 80% of crew members ultimately tested positive for SARS-
CoV-2, indicating an extremely high secondary attack rate aboard the boat (Figure 2.1B).
Of note, only three crew members had neutralizing antibodies before the ship’s departure,
and none of these individuals met the case definition for infection [2]. To confirm that the
secondary attack rate was high on the boat, we calculated the expected percentage of in-
dividuals infected or exposed in 16 days in a hypothetical outbreak, parameterized with a
range of values for the basic reproduction number (R0). The R0 would need to be substan-
tially higher (R0 ≈ 6 - 12 depending on the model used) than was usual in early 2020 (R0
≈ 3) for this fraction of the boat’s crew to have become infected or exposed in only 16 days
(Supplemental Figure 2.6A) [64]. These results suggest that the transmission force was
higher on the boat than the typical setting of SARS-CoV-2 transmission.

Nasal swabs were collected from the crew members two days after the boat returned to
shore. Of the samples that were positive in a SARS-CoV-2 PCR test, 39 had sufficiently high
levels of viral RNA (Ct value less than 26) to assemble consensus viral sequences from deep
sequencing data, as previously described in Addetia et al (Figure 2.1B). These consensus
viral sequences from the boat samples differed on average at fewer than two positions, and
were clearly diverged relative to the non-boat outgroup sample (Figure 2.1C). Over 75%
of the viral sequences from the boat were identical to at least one other sequence from the
boat. When we compared the number of fixed mutations in the viral sequences from the
boat to a theoretical distribution of the number of mutations expected to fix over a range
of transmission intervals, the observed distribution most closely resembled that expected
to accumulate in a single interval (Supplemental Figure 2.6B) [19]. Given the genetic
similarity of viral sequences from the boat and the short time frame for infections, this cohort
resembles a superspreading event where few transmission events separate all crew member
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infections from the introduction of SARS-CoV-2 to the boat.
To place the superspreading event in the larger context of SARS-CoV-2’s genetic diversity,

we inferred a phylogeny using representative sequences from viruses circulating before the
outbreak, including a subset of the most genetically similar viral sequences to those isolated
from the boat. The boat clade is nearly monophyletic, although two surveillance sequences
collected elsewhere in Washington state around the time of the outbreak fall in the same
clade as the boat samples (Figure 2.2). These sequences likely share a close common
ancestor with the virus that seeded the superspreading event on the boat. We also chose
one Washington state sample not from the boat for further sequencing, and as expected
this sample was distinct from the boat clade on the tree. Overall, the nearly monophyletic
nature of the outbreak clade and the fishing boat’s isolation makes this cohort appropriate
for assessing how SARS-CoV-2 genetic diversity transmits among a tightly associated group
of individuals.

2.3.2 High-quality deep sequencing of samples with adequate viral
RNA

We used deep sequencing to measure the intra-host viral genetic variation in the samples col-
lected from infected crew members. We employed several approaches to ensure the accuracy
of these measurements. First, we used a shotgun metagenomic sequencing approach to avoid
potential mutational biases from specific PCR amplification of viral RNA. Of the 39 nasal
swabs described in the previous section, 23 had sufficient viral RNA (Ct value less than 20)
to sequence metagenomically (Supplemental Table 1) [32]. Second, we sequenced repli-
cates starting from independent reverse-transcription reactions from the same initial nasal
swab. In principle, each replicate should sample from the same underlying viral population,
so differences between replicates can indicate limitations due to a lack of underlying viral
template molecules in the swabs due to low viral load. A lack of viral template diversity can
significantly distort variant frequencies inferred from deep sequencing [71, 162]. We used a
stringent cutoff for sequencing depth by only considering sequences with >80% of the genome
covered by 100 reads in one or more replicates in the downstream analysis (Supplemental
Figure 2.7B). There were no biases observed in sequencing coverage across the length of
the viral genome (Supplemental Figure 2.7A).

We compared results between replicates for each crew member and focused our sub-
sequent analyses on the 13 crew members with high concordance between replicates and
adequate sequencing depth (Figure 2.3). Of note, the results were robust to using different
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methods for variant calling (Supplemental Figure 2.8 and Figure 2.9).

2.3.3 The intrahost virus population is relatively homogeneous

After retaining just the samples with high sequencing depth and good replicate-to-replicate
correlations, we assembled a set of intrahost SNPs that were present in 2% of at least 100
reads in both replicates. To determine the extent of within-host diversity in each patient, we
converted any mutation (relative to the reference) above 50% frequency to its corresponding
minor allele and counted the total number of minor allele variants at >2% frequency per
crew member. The diversity of the virus populations within each crew member was limited,
with an average of three intra-host variants per individual (range 0-5, Figure 2.4A). Fur-
thermore, most intra-host variants were at relatively low frequencies, with only a handful
at >10% (Figure 2.4B). This limited within-host diversity and low-frequency-dominated
allele frequency spectrum are consistent with other studies of SARS-CoV-2 intrahost di-
versity that have utilized robust computational and experimental controls (Figure 2.4B)
[19, 91, 93, 150]. There was no correlation between the Ct value of the nasal swab and the
number of SNPs we identified (Supplemental Figure 2.9). Additionally, there was no
discernable pattern in the location of SNPs in the genome (Supplemental Figure 2.10
and Figure 2.11).

2.3.4 Mutations that fix on the boat are not observed at interme-
diate frequencies

We next considered two possible conceptual models for how mutations could spread and
fix on the boat. The first model assumes that the transmission bottleneck is narrow, and
variants will either be lost during transmission or, less frequently, they will fix during a single
transmission event. The second model assumes that the transmission bottleneck is wide, and
variants will transmit between multiple infections and gradually rise in frequency until they
fix (Figure 2.5A).

To determine which conceptual model best describes viral transmission on the boat,
we plotted the frequency of every variant allele for each crew member and sorted the crew
members by allele frequency. We identified variants relative to the inferred ancestral sequence
for the root of the boat clade (which is also the consensus and most common sequence on the
boat, see Figure 2.5C). If the transmission bottleneck is narrow, most non-fixed variants
would be private to single individuals, and at sites with fixed variants the mutations will
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generally be present at ~0% or ~100% frequency. If transmission bottlenecks were wide on
the boat, variants would be observed in multiple individuals at intermediate frequencies.
We observed that most low-frequency variants were private to single individuals, and fixed
variants were never also observed at intermediate frequencies (Figure 2.5B). The lack of a
gradient in the frequency for fixed variants on the boat suggests that viral evolution on the
boat is dominated by a narrow transmission bottleneck.

Although most variants were either fixed or private to single crew members, four
low-frequency alleles were present in multiple individuals on the boat (A4229C, C9502T,
G14335T, and T18402A in Figure 2.5B). However, none of these variants ever reached
more than 5% frequency. Furthermore, several characteristics of these shared low-frequency
variants suggest they are sequencing artifacts rather than true mutations. First, these same
variants are also observed in our deep sequencing of a control sample not collected from the
boat but sequenced in the same run as the boat samples (Supplemental Figure 2.12).
Furthermore, one variant, C9502T, is present in a homopolymeric stretch of thymines, a
known correlate with spurious variant calls in SARS-CoV-2 sequencing data [19, 116]. Addi-
tionally, G14335T and A4229C exhibit significant positional bias in the aligned reads, with
most observations at the beginning of the read. Read position correlates with false-positive
variant calls in experimental studies of viral deep-sequencing data [94]. Finally, T18402A
demonstrates significant divergence in its frequency between replicates. These four shared
variant alleles are therefore likely technical artifacts that survived our quality checks.

2.4 Discussion

This study examined the spread of SARS-CoV-2 genetic diversity during a superspreading
event on a boat. We found low rates of intrahost viral diversity among infected individu-
als, and mutations that did fix appeared to do so during single transmission events. Our
results demonstrate that transmission of intrahost viral diversity is limited even during su-
perspreading events that are highly conducive to transmission. These findings are consistent
with studies of SARS-CoV-2 transmission in other settings such as households or hospitals
[19, 91, 93, 127, 153], suggesting narrow transmission bottlenecks are a common feature of the
virus’s transmission. Similar narrow transmission bottlenecks also dominate the evolution
of influenza virus [96, 149, 160].

A key aspect of our study was sequencing duplicates and rigorous variant calling. False-
positive variants shared between multiple samples significantly biased the results of Popa et
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al., leading to an estimate of the bottleneck nearly 10-fold higher than other studies [93, 117].
Martin and Koelle reanalyzed this data with a more stringent allele frequency filter, and the
bottleneck estimate dropped from greater than 1000 founding viruses to between 1 and 3
founding viruses [93]. Despite our attempts to remove low-frequency false-positive variants,
some survived our quality controls. Further research to determine the cause of shared false-
positive variants in clinical SARS-CoV-2 deep sequencing could further improve the accuracy
of these studies.

Our study has several limitations. First, we were able to obtain high-quality sequencing
for only some of the boat’s crew members. After accounting for samples that passed our
quality controls, only 13 of the 122 crew members were available for analysis. Therefore, we
might be missing instances where a variant rises to fixation over multiple transmission events.
Another limitation of this study is that we cannot quantitatively estimate the transmission
bottleneck because we do not know which passengers infected one another. Finally, we must
also consider that the lack of initial viral diversity in acute SARS-CoV-2 infections and the
possibility of within-host bottlenecks between infection and sampling limits our statistical
power to make claims about the size of the transmission bottleneck. However, the absence of
shared high-frequency alleles, which are highly likely to survive within-host founder effects
and transmit between crew members if the bottleneck is wide, suggests a generally narrow
transmission bottleneck.

Overall, our study corroborates the finding of limited shared intra-host viral diversity that
has been observed in studies of acute infections with SARS-CoV-2 in other settings. There-
fore, even superspreading events in poorly ventilated, close-quarters environments appear
insufficient to alter the dominant role of transmission bottlenecks in shaping the evolution
of SARS-CoV-2.

2.5 Methods

2.5.1 Ethics Statement

The use of residual clinical specimens was approved by the University of Washington IRB
(protocol STUDY00000408) with a waiver of informed consent.
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2.5.2 Sample Collection and Preparation

RNA was extracted from positive SARS-CoV-2 nasal swabs from crew members using the
Roche MagNa Pure 96 [105]. The initial sequencing libraries were constructed as previously
described and sequenced on a 1 x 75 bp Illumina NextSeq run [2]. RNA was DNase treated
using the Turbo DNA-Free kit (Thermo Fisher). First-strand cDNA synthesis was performed
using Superscript IV (Thermo Fisher) and 2.5 ţM random hexamers (Integrated DNA Tech-
nologies), and second-strand synthesis with Sequenase version 2.0 DNA polymerase (Thermo
Fisher). Double-stranded cDNA was purified using AMPure XP beads (Beckman Coulter)
and libraries were constructed using Nextera Flex DNA pre-enrichment kit with 12 cycles
of PCR amplification (Illumina). We re-sequenced samples from these original libraries to
increase their depth if they had a RT-qPCR Ct values less than 20 from an RT-qPCR as
measured in a previous paper [2]. Samples with a Ct value less than 20 were deemed to
have enough RNA to be sequenced without specific amplification of viral RNA by PCR with
targeted primers.

Additionally, we made duplicate libraries starting from the same nasal swabs as the initial
library using independent reverse transcription reactions and identical library preparation
methodology. In principle, each replicate should sample from the same underlying virus pop-
ulation, so differences between replicates can indicate limitations due to a lack of underlying
template molecules in the swabs [162, 160]. Of note, one specimen from the original paper,
10136, was subsequently determined not to have been isolated from the boat but general
viral surveillance in Seattle. We kept this sample and resequenced it as non-boat control.
We obtained an average of 1,113,690 mapped reads per library.

2.5.3 Sequencing Data Processing

All data processing from the raw unaligned sequencing files onwards was handled by our
Snakemake pipeline available on Github – https://github.com/jbloomlab/SARS-CoV-2_
bottleneck [99]. Sequencing reads from the raw FASTQ files from each sequencing run were
trimmed for adaptor sequences and long (>10) homopolymer sequences at the ends of reads
with fastp [33]. Fastp was also used to filter reads from the FASTQ file if they contained
more than 50% unqualified bases (Phred < 15) or were less than 50 base pairs in length.
Following quality filtering, SARS-CoV-2 specific reads were selected from the FASTQ files
by matching 31 base long kmers to the Wuhan-1/2019 reference genome (NC_045512.2)
using BBDuk (https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/

https://github.com/jbloomlab/SARS-CoV-2_bottleneck
https://github.com/jbloomlab/SARS-CoV-2_bottleneck
https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/bbduk-guide/
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bbduk-guide/).
After quality filtering and selection of reads containing SARS-CoV-2 sequences, the

FASTQ files were aligned to the Wuhan-1/2019 reference (NC_045512.2) with BWA mem
[84]. Libraries that were resequenced for greater depth were joined together after alignment
with Samtools merge [84]. The aligned BAM files were checked for quality using Samtools
to obtain average coverage, base quality, and completeness.

2.5.4 Phylogenetic Analysis

We used aligned BAM files to make consensus sequences for each crew member. Individual
consensus sequences were created for each replicate by taking the most represented base at
every position if that position had more than 100 reads with a base quality score of greater
than 25, otherwise, an N was added to the sequence. Then, we combined the consensus
sequences from each replicate and filled in Ns where possible. If the consensus from each
replicate disagreed at a position, an N was inserted. In addition to the consensus genomes
from 23 crew member samples we deep-sequenced in duplicate, we included 16 consensus
genomes from the boat assembled in the previous study downloaded from GISAID [2]. Fol-
lowing the assembly of consensus genomes for each crew member, we aligned the genomes
with MAFFT (Katoh & Standley, 2013). We masked the non-coding 3’ and 5’ portions of
the genome. Using these aligned genomes, we built a phylogenetic tree with IQtree using
1000 bootstrap iterations with an invariable site plus discrete gamma model and ancestral
state reconstruction [68, 98]. The ancestral state reconstruction was used to infer the ances-
tral sequence of the genomes from the boat. The tree was rooted using midpoint rooting as
implemented by the R package phytools and plotted with ggtree [122, 164] (Figure 2.1C).
We collapsed weakly supported branches into polytomies if the branch wasn’t supported in
more than 60 percent of the bootstraps.

To determine where all of the available boat sequences fit in the coincident global phy-
logeny, we downloaded at most 25 genomes from GISAID that met our quality criteria (<5%
Ns, high coverage, complete coverage, and human host) from each of the circulating Nextrain
clades at and before the time of the outbreak on May 5th, 2020 (19A, 19B, 20A, 20B, 20C,
20D, 20E, 20F) (Hadfield et al., 2018). Additionally, to include genomes that were similar to
those on the boat, we built a BLASTN database from all sequences collected in Washington
state at and before the time of the outbreak (May 5th, 2020) that met the same quality
standards described above. We took the 10 closest matches to each of the 24 consensus
genomes to include in the phylogeny. We aligned these sequences using MAFFT, however,

https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/bbduk-guide/
https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/bbduk-guide/
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we also aligned to the Wuhan-1/2019 (NC_045512.2) reference and standardized the length
of each sequence. Following alignment, we masked the sequence before the start of ORF1ab
and after position 29675 to control for sequencing errors at the start and end of the genome.
We built a phylogeny with IQtree using the same parameters as above. The tree was rooted
using outgroup rooting with the Wuhan-1/2019 reference (NC_045512.2) as the outgroup as
implemented by the R package ape and plotted with ggtree with weakly supported branches
also collapsed into polytomies [111, 164] (Figure 2.2).

The code to run all of the phylogenetic analyses is provided on Github here. The GISAID
IDs for sequences used to conduct this analysis are listed in the supplement along with their
submitting lab (Supplemental Table 2).

2.5.5 Variant Calling and Filtering

Variants were identified using a custom Python script located on Github. Briefly, we counted
the coverage of each base at every position in the reference genome using the python/samtools
interface Pysam (https://github.com/pysam-developers/pysam). Bases were only in-
cluded if they surpassed a Phred quality score of 25. After identifying SNPs, our program
goes back through the BAM file and identifies reads that overlap these polymorphic sites. We
record the total number of occurrences of the SNP, the average position in each read, and the
strand ratio. SNPs present after position 29860 in the genome were excluded from the output
to avoid sequencing artifacts. The final SNPs were annotated for coding effect and position
in the genome using another custom script (https://github.com/jbloomlab/SARS-CoV-2_
bottleneck/blob/master/workflow/scripts/annotate_coding_changes.py).

In addition to our custom approach, we also called variants using three different variant
calling programs, ivar, varscan2, and lofreq [57, 78, 158]. Where applicable, the same heuris-
tic filters were used in each program. The minimum base quality score was 25, the minimum
coverage was 100X, at least 10 reads needed to contain a given SNP, and the minimum allele
frequency was 0.5%. Filters that could not be applied in a given program were standardized
post-hoc in R. Variants from each program were standardized into a similar format and
added to a single table. Insertions and deletions were removed as we did not benchmark
our pipeline to detect these. We annotated the coding effect of each SNP using SnpEff [35].
These extra sets of shared variants were used to cross-check the results of our approach with
that of others.

Finally, to identify variants that were shared between individuals on the boat and de-
termine how variants came to be fixed (Figure 2.5), we considered all variants relative to

https://github.com/jbloomlab/SARS-CoV-2_bottleneck/blob/master/workflow/notebooks/Phylogenetic-Analysis.ipynb
https://github.com/jbloomlab/SARS-CoV-2_bottleneck/blob/master/workflow/scripts/process_pysam_pileup.py
https://github.com/pysam-developers/pysam
https://github.com/jbloomlab/SARS-CoV-2_bottleneck/blob/master/workflow/scripts/annotate_coding_changes.py
https://github.com/jbloomlab/SARS-CoV-2_bottleneck/blob/master/workflow/scripts/annotate_coding_changes.py
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the ancestral boat sequence inferred by IQtree using a phylogeny of the boat sequences.
Therefore, the included fixed mutations arose after the introduction of the virus to the boat.

2.5.6 Outbreak Modeling

To support the claim that the outbreak occurred in a high-transmissibility environment
where the total number of secondary cases was larger than the number of primary cases,
we calculated the expected percentage of individuals infected or exposed over 16 days in
a hypothetical outbreak, parameterized with a range of values for the basic reproduction
(R0) number between 1 and 15. We used two standard epidemiological models of infection,
one that calculates the percentage of a population that is susceptible, infected, or removed
(SIR) and one that additionally accounts for latency between exposure and infectiousness
(SEIR). We defined an outbreak with 122 individuals and a single introduction. We used a
latency period of 5.08 days and 8 days of infectiousness until recovery [64, 151]. We used
these models to calculate the point at which more than 85% of the crew would have been
either infected or exposed to SARS-CoV-2.

2.5.7 Substitutions in a Serial Interval

We implemented a simple Poisson model of mutation accumulation from Braun et al. to
get a theoretical distribution of the number of fixed mutations expected to accumulate in a
transmission event [19]. This model defines a transmission event as a single serial interval,
i.e., the length of time between symptom onset in a primary and secondary case. The lambda
parameter of the Poisson distribution was derived from the number of substitutions per site
in the genome per year (0.0011 substitutions/site/year) and the average length of a serial
interval (5.8 days) [40, 65]. The outbreak took place over 16 days; therefore, at most, three
intervals could separate the index case from the final infection. We compared the distribution
of consensus differences that separated the clade encompassing every sample that qualified
for deep sequenced from its inferred root to the theoretical distribution of mutations expected
to fix in 1, 2, and 3 serial intervals.

2.5.8 Code Availability

All code used to run the analyses described in this paper are archived on Github (https:
//github.com/jbloomlab/SARS-CoV-2_bottleneck). The repository is also archived on
Zenodo at DOI: 10.5281/zenodo.6456186.

https://github.com/jbloomlab/SARS-CoV-2_bottleneck
https://github.com/jbloomlab/SARS-CoV-2_bottleneck


77

2.5.9 Data Availability

All sequencing data are available on the NCBI SRA at the project accession PRJNA803551.
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Figure 2.1: An outbreak of SARS-CoV-2 on an isolated fishing boat is an epidemiologically
linked cluster of infections. (A) Schematic showing the timeline of the fishing vessel outbreak.
All samples used in this study were taken on day 18 as shown in the figure (relative to
the start of pre-departure screening). (B) Donut plot showing the sampling breakdown
for all 122 members of the crew. (C) Phylogeny of SARS-CoV-2 genome from the boat. A
heatmap to the right shows the nucleotide differences between genomes on the tree. Specimen
identification numbers for crew member samples label the leaf nodes of the tree except for
those nodes with more than one identical genome. Node sizes are proportional to number of
sequences: there is a node representing 26 identical sequences (10101, 10126, 10133, 10105,
10108, 10130, 10031, 10110, 10030, 10124, 10029, 10102, 10038, 10094, 10027, 10118, 10117,
10106, 10091, 10093, 10127, 10116, 10040, 10090, 10036, 10089) and a node representing 4
identical sequences (10107, 10129, 10113, 10028); all other nodes represent unique sequences.
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Figure 2.2: Sequences from the boat form a distinct clade. A phylogeny of the 39 crew-
member genomes and representative genomes from other circulating clades before the out-
break. Additionally, this phylogeny includes the ten closest matches to each of the 39 crew-
member genomes from a custom BLASTN database made with sequences collected from
Washington in a two-month interval around the time of the outbreak. We also re-sequenced
as a control one sample not from the boat (WA-UW-10136). Most genomes isolated from the
boat form a distinct clade broken only by two genomes (hCoV-19/USA/WA-UW-10510/2020
and hCoV-19/USA/WA-UW-10521/2020) annotated with an asterisk.
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Figure 2.3: Robust quality control reveals false-positive variant alleles and samples of poor
quality. Each plot shows the concordance between allele frequencies between replicates for
every specimen that we sequenced, with both replicates having greater than 100X coverage
in at least 80% of the genome. Alleles that were present in less than 2% of 100 reads in
either replicate are colored red. The dotted line represents the 2% frequency threshold. We
highlighted the facet headers of ‘poor’ quality crew member samples in red if there was a
large discrepancy in allele frequencies between replicates. This figure also shows the non-
boat sample (10136) sequenced as a control.
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Figure 2.4: The intra-host spectrum of minor alleles reveals a relatively homogeneous virus
population. (A) Bar graph showing the number of minor variants (< 50% allele frequency)
identified in both replicates of each crew member. There was an average of three minor
variants per infection across the ten crew members. (B) The minor allele frequency spectrum
across all twelve crew member specimens with minor variants.
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Figure 2.5: The spectrum of shared minor variation suggests that the transmission bottleneck
is narrow. (A) A schematic showing the expected pattern of observed allele frequencies for
shared variants in either a narrow or wide bottleneck scenario. (B) Each plot represents the
frequency of a single nucleotide polymorphism (SNP) across crew members. Variants are
called relative to the ancestral sequence of the virus introduced to the boat as inferred from
the phylogeny of crew member genomes. The x-axis is ordered by variant frequency.
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Figure 2.6: The boat was a super spreading event. (A) We used two standard epidemiological
models of outbreaks to simulate an infection on the boat over a range of basic reproduction
numbers (R0). The gray block highlights a range of R0 values for SARS-CoV-2 infection in
2020 from a meta analysis of cohorts (95% CI 2.41, 3.90). The dotted vertical lines designate
the R0 at which each model recapitulated the percentage of the crew infected on the ship
by 16 days. (B) We used a Poisson model from Braun et al. to generate a probability
distribution of fixed mutations expected to accumulate over 1, 2, and 3 transmission events
(serial intervals). The observed frequency of fixed consensus mutations between the clade
containing samples that qualified for resequencing and its inferred ancestral sequence is
closest to the distribution of fixed differences from a single transmission event.
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Figure 2.7: Samples were filtered by completeness. (A) The pattern of sequencing depth for
each replicate of all 23 specimens from the boat, and one control sample that was not from
the boat (Specimen-10136, labeled with a blue asterisk), that we resequenced for this study.
The number of reads per site is capped at 1000X coverage. Samples colored in red have less
than 80% of the genome covered by 100X reads. (B) Completeness refers to the percentage
of the genome covered by more than 100X reads. Samples colored and highlighted in red
have at least one replicate with less than 80% of the genome covered by 100X reads. These
samples were excluded from the downstream variant analysis.
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Figure 2.8: Comparison between different variant calling methods. An UpSet plot shows
the overlap in the sets of SNPs called by three different variant calling methods – varscan2,
lofreq, ivar, and our custom python script using pysam. Variants were covered by more
than 100X reads and present at greater than 2% frequency to be included in the set for each
variant caller. The majority of variants are called by all four methods. No variants are called
by our custom script that aren’t identified by at least one other method.
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Figure 2.9: Ct value does not correlate with the number of polymorphisms. Regardless of
the variant calling method used, the Ct value of the original nasal swab does not correlate
with the number of variants called after filtering out low-frequency (>2%) and poorly covered
(>100X) variants. Only samples that passed our quality controls for sequencing completeness
(Supplemental Figure 3B) and concordance (Figure 2) were included in this analysis.
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Figure 2.10: There is no discernable pattern of minor variants in the genome. Plot showing
every minor variant (>50% allele frequency) identified across the crew members that passed
our quality filters. We included variants if they were present in more than 2% of greater
than 100 reads.
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Figure 2.11: Distribution of fixed mutations in the genome. Plot showing fixed variants
identified across the crew members that passed our quality controls. We included variants
if they were present in 98% or more of at least 100 reads. Mutations that are present in the
5’ and 3’ UTRs are excluded from this plot.
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Figure 2.12: Low frequency shared variants are present in the non-boat control specimen. Four
variants shared at low-frequency between crew members are also detected in a specimen not
collected from the boat but included as a control in both sequencing runs (Specimen 10136).
This observation suggests that these are not de novo low-frequency variants that arise on the
boat and spread between the crew, but rather sequencing contamination or variant calling
errors common to samples from the two sequencing runs.



Chapter 3

dms-viz: Structure-informed visualizations for deep
mutational scanning and other mutation-based datasets

A version of this chapter is submitted as:

William W. Hannon and Jesse D. Bloom, dms-viz: Structure-informed vi-
sualizations for deep mutational scanning and other mutation-based
datasets, biorxiv, 2023

3.1 Summary and Purpose

Understanding how mutations impact a protein’s functions is valuable for many types of
biological questions. High-throughput techniques such as deep-mutational scanning (DMS)
have greatly expanded the number of mutation-function datasets. For instance, DMS has
been used to determine how mutations to viral proteins affect antibody escape [36], receptor
affinity [145], and essential functions such as viral genome transcription and replication [85].
With the growth of sequence databases, in some cases, the effects of mutations on fitness
can also be inferred from phylogenies of natural sequences [18] (Figure 3.1).

The mutation-based data generated by these approaches is often best understood in the
context of a protein’s 3D structure; for instance, to assess questions like how mutations
that affect antibody escape relate to the physical antibody binding epitope on the protein.
However, current approaches for visualizing mutation data in the context of a protein’s
structure are often cumbersome and require multiple steps and software. To streamline the
visualization of mutation-associated data in the context of a protein structure, we developed
a web-based tool, dms-viz. With dms-viz, users can straightforwardly visualize mutation-
based data such as those from DMS experiments in the context of a 3D protein model in an
interactive format. See https://dms-viz.github.io/ to use dms-viz.
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3.2 Statement of Need

We wanted dms-viz to provide the following functionalities:

1. Provide structural context: The main objective of dms-viz is to simplify the pro-
cess of visualizing mutation data with structural context by superimposing mutation
measurements on a 3D protein structure. Additionally, it provides extensive control
over the visual representation of the 3D structure.

2. Accommodate diverse data types: Although analyzing DMS data is a key goal of
dms-viz, there are many types of mutation data. The tool can handle diverse data
types via a command line interface that simplifies the process of converting data into
a common format for analysis.

3. Display multiple conditions: With dms-viz, multiple experimental conditions can
be visualized concurrently, facilitating comparisons. Researchers can, for instance,
easily visualize deconvolved antibody binding footprints from polyclonal sera [165].

4. Maximize customizability: Every dataset has specific needs for visual represen-
tation. Recognizing this, dms-viz offers a high level of customizability. Users can
tailor filters, which are important for navigating large and possibly noisy datasets, and
tooltips, ensuring that the nuances of their data are clear.

5. Create compact interactive visualizations: Interactive visualizations promote
effective communication. dms-viz creates compact plots that can be incorporated into
HTML presentation slides (e.g., https://slides.com/).

6. Share findings with ease: Users of dms-viz can generate shareable URL links for
a customized visualization view. They can also save and share the JSON specification
files created by the command line interface, ensuring that data can be accessed easily.

7. Preserve data privacy: dms-viz allows users to analyze proprietary and sensitive
data by supporting local upload. This means researchers can view and analyze their
confidential structures and datasets without the requirement to store them in a public
repository.

Our group previously created a tool called dms-view [66] that has some of the functionali-
ties listed above. However, we designed dms-viz to be more customizable and comprehensive
to handle a wider diversity of experimental designs and questions.

https://slides.com/
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3.3 Design and Usage

Using dms-viz involves three components. First, using a command line tool available as
a Python package on PyPI (https://pypi.org/project/configure-dms-viz/), the user
formats their data into a JSON specification file. Then, the user uploads this specification
file to dms-viz.github.io, a web-based interface written in Javascript, D3.js, and NGL.js
[123]. Finally, the specification file can either be shared directly or hosted remotely to
generate a shareable URL link. (Figure 3.2).

Upon uploading the specification file to dms-viz, users will see a visualization composed
of four components, as illustrated in Figure 3.3.

1. Context plot: Located at the top of the visualization, this component allows users to
zoom into specific sites on the Focus plot while maintaining an overview of the entire
dataset.

2. Focus plot: This plot shows a summarized view of the user’s data. Every measured
protein site is represented as a point providing a summary statistic of the effects of
mutations at that site, and adjacent sites are connected with lines.

3. Detail heatmap: If the user is interested in the measurements for every mutation at
a site, they can click on that site in the Focus plot. This will populate a heatmap with
each individual mutation measurement at that site.

4. Interactive structure: When the user wants structural context for a given set of
sites, they can drag a brush over the corresponding points in the Focus plot. This
action will highlight those sites on an interactive 3D protein model.

To ensure the visualization remains compact, all configuration options are tucked
away in a collapsible sidebar. See the documentation at https://dms-viz.github.io/
dms-viz-docs/ for more information about how to use dms-viz along with detailed tutori-
als and examples.

https://pypi.org/project/configure-dms-viz/
https://dms-viz.github.io/dms-viz-docs/
https://dms-viz.github.io/dms-viz-docs/
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3.4 Examples

1. Mapping the neutralization profile of antibodies and sera against HIV enve-
lope

Radford et al. mapped mutations to HIV envelope (Env) that affect neutralization by poly-
clonal human serum using a pseudotyping-based deep mutational scanning platform [118].
One aim of their study was to examine how the sites of escape mutations related to HIV Env’s
structure. dms-viz excels in generating these visualizations, especially for intra-experimental
comparisons. Using dms-viz, it is possible to show multiple antibody footprints on a single
summary plot.

See how dms-viz can be used to interactively visualize datasets with multiple conditions
here.

2. Using mutation-fitness data to augment structure-guided drug design

Bloom and Neher developed a method to estimate the fitness effects of mutations to all
SARS-CoV-2 proteins by analyzing millions of human SARS-CoV-2 sequences [18]. These
mutation-fitness estimates are useful for purposes such as attempting to design antiviral
drugs that target functionally constrained sites where resistance is unlikely to emerge.

By merging Bloom and Neher’s data with structural views of a viral target like the
SARS-CoV-2 main protease (Mpro) in complex with a therapeutic ligand, dms-viz offers
an intuitive way to visualize whether a ligand is targeting a mutationally tolerant binding
pocket. Computational chemists can incorporate this information into the design process
by screening for compounds that target sites where mutations have negative effects on viral
fitness.

See how dms-viz can be used to enhance structure-guided drug design here.

3. Exploring the evolutionary potential of the influenza A polymerase PB1
subunit

The influenza RNA-dependent RNA polymerase (RdRp) is essential to viral replication, but
little is known about the effects of mutations on RdRp function. To address this limitation,
Li et. al. measured the effects of thousands of mutations to the PB1 subunit of the RdRP
on the replicative fitness of the lab-adapted influenza strain A/WSN/1933(H1N1) [85].

https://dms-viz.github.io/v0/?data=https%3A%2F%2Fraw.githubusercontent.com%2Fdms-viz%2Fconfigure_dms_viz%2Fmain%2Ftests%2FHIV-Envelope-BF520-DMS%2Foutput%2FHIV-Envelope-BF520-DMS.json&e=IDC508&ce=%255B%25221%2522%252C%25222%2522%255D
https://dms-viz.github.io/v0/?data=https%3A%2F%2Fgist.githubusercontent.com%2FWillHannon-MCB%2Faa8599278999c841550c54f12b9964ee%2Fraw%2Fea7540c9b8ce0795dbbc9bf60cae85ba37cc7635%2Fmpro_with_inhibitor.json&markdown=https%3A%2F%2Fgist.githubusercontent.com%2FWillHannon-MCB%2Faa8599278999c841550c54f12b9964ee%2Fraw%2F2984be0aa286cf6a3447f65230b2ae9b7d128671%2FREADME.md&g=true&le=true&fi=%257B%2522expected_count%2522%253A10.15084%257D&sa=true&so=0.58&lr=ball%2Bstick&pr=ball%2Bstick&sr=surface
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dms-viz enables facile visualization of these data in the context of PB1’s structure and
can provide stable URL links for easy sharing and access.

See how dms-viz can provide this dataset as an interactive resource here.

3.5 Conclusion

We designed dms-viz as a practical and user-friendly approach to visualizing mutation-
associated data in the context of protein structures. Because dms-viz is capable of handling
various data types and has options for both sharing and privacy, it should apply to a wide
range of datasets.

https://dms-viz.github.io/v0/?data=https%3A%2F%2Fraw.githubusercontent.com%2Fdms-viz%2Fconfigure_dms_viz%2Fmain%2Ftests%2FIAV-PB1-DMS%2Foutput%2FIAV-PB1-DMS.json&n=true&s=mean
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Figure 3.1: Large mutation-associated datasets are used in a variety of experimental contexts.
They can be used to map antibody footprints on viral glycoproteins, assess the impact of
mutations on protein function in a laboratory setting, and identify patterns of selection from
natural mutation frequencies.
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Figure 3.2: Using dms-viz involves three components. (1) The user formats their data
using the command line tool configure-dms-viz. (2) The user takes the resulting JSON
specification file and uploads it to dms-viz.github.io. (3) The user can choose to either
share the JSON file, host the JSON file and generate a shareable URL link, or export static
images.
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Figure 3.3: dms-viz provides a compact interface for exploring mutation-associated data.
The visual component of dms-viz contains a line/point plot that shows a summary of the
mutation-metric at all sites, in this case, mutation-escape from the constituents of a ther-
apeutic antibody cocktail measured by DMS of the SARS-CoV-2 receptor binding domain
(RBD) [143]. The user can zoom into specific regions of interest while maintaining context
of the whole dataset using the context plot. Additionally, users can click on points in the
focus plot to get details on every mutation for each site in the detail plot. Finally, sites that
are selected on the focus plot by dragging are shown on the interactive protein structure
colored by the summary statistic. In this example, the structure shown is the SARS-CoV-2
RBD bound to both antibodies in the therapeutic cocktail (PDB: 6XDG). A collapsible side-
bar is used to configure the visualization and select the condition on the interactive protein
structure. By collapsing out of view, the sidebar makes the visualization an optimal size for
integrating into online platforms like websites and HTML presentation slides.



Chapter 4

Conclusion

In my graduate work, I developed computational approaches to uncover the dynamics of
viral evolution from high-throughput datasets. In Chapter 1, I used a spatially resolved
deep sequencing dataset to characterize the selective pressures acting in a chronic Measles
infection of the brain. In Chapter 2, I used deep sequencing data from individuals infected
with SARS-CoV-2 to determine if transmission imposes a narrow bottleneck on viral diversity
in a superspreading event. Finally, in Chapter 3, I built an interactive tool for analyzing
deep mutational scanning data and other mutation-based datasets in the context of a 3D
protein structure. In this chapter, I’ll discuss the main insights from each of these studies
and talk about potential avenues for future research.

4.1 How important is cooperation in viral pathology?

In Chapter 1 I explored the within-host evolutionary dynamics of a Measles infection of the
brain. In rare cases, Measles, which ordinarily causes an acute self-limiting infection, can
progress into a chronic infection of the brain known as Subacute Sclerosing Panenchephalitis
(SSPE) [10]. There are many mysteries surrounding the mechanisms that allow Measles to
persist in the brain years after an initial infection including how Measles enters the brain,
remains undetected by the immune system, and spreads in the absence of its host receptors.

When we analyzed RNA from spatially distributed samples collected from the brain of
a patient who succumbed to SSPE, we identified two distinct genotypes that bore the mu-
tational hallmarks of brain adaptation. These two subpopulations were found throughout
the brain at varying frequencies. However, microscopy revealed that most cells were infected
with viruses from both genotypes, suggesting the possibility of cooperation. Using a compu-
tational approach that we developed to stitch individual mutations into longer haplotypes,
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we characterized the diversification and phylogenetic relationship among viruses from each
genotype. Although not definitive, our phylogenetic analysis provided evidence that these
two genotypes originated in the Frontal Cortex. Additionally, during diversification, viruses
from both genotypes acquired mutations in the cytoplasmic tail of the Fusion (F) protein
that fluctuated in frequency throughout the brain. We believe that the recurrent gain or loss
of these fusion-modulating mutations could be the result of frequency-dependent selection
and cooperative evolution.

Cooperation among viral variants can lead to emergent phenotypes and increased fitness
[129]. For example, a study from our lab found that two influenza variants that differ by a
single amino acid in the neuraminidase protein grow better together than apart when pas-
saged in cell culture [161]. The apparent synergy between these variants is the result of one
variant increasing the proficiency of cell entry, while the other variant increases the profi-
ciency of cell exit. Interestingly, cooperation between viral variants has also been observed
in Measles virus passaged in cell culture. While studying the mechanisms of Measles virus
entry, Shirogane et. al. discovered that, together, wildtype and mutant F proteins were able
to mediate cell-to-cell fusion in the absence of a normally functioning hemagglutinin (H)
protein despite neither variant being able to do so alone [138]. The proposed mechanism for
this cooperation is a balance between the stability and fusion activity of the F protein. In
both cases, the virus is propagating as a collection of viral genomes rather than independent
virions. This collection of viral genomes is known as collective infection units.

Despite the theoretical implications of collective infection units in the pathology of viral
infections, this phenomenon has mainly been studied in vitro. However, we suspect that
cooperation among viral variants may give Measles a selective advantage in the brain. It’s
been shown that Measles can spread en bloc between cells in the brain, whereby multiple
genomes are transmitted together across neuronal synapses [3]. Furthermore, in a model
of SSPE, it’s been shown that cooperation among F proteins with varying levels of fusion
competence can lead to a non-additive increase in fusion activity [136]. Given that increased
fusion activity seems to be a crucial aspect of Measles adaptation to the brain, we hypothesize
that the distinct genotypes we observed may cooperate to achieve an optimal fusion activity.
However, the selective advantage of co-infection with these distinct genotypes needs to be
demonstrated in vitro. An important next step will be to test if and how the co-infection of
the viral variants we identified is beneficial in an experimental model of SSPE.
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4.2 Why does transmission impose such a narrow bot-
tleneck?

In Chapter 2 I determined that transmission imposes a narrow bottleneck on viral diversity
in a SARS-CoV-2 superspreading event. Studies of SARS-CoV-2 transmission in hospital
and household settings have demonstrated that the transmission bottleneck for SARS-CoV-2
is narrow; on the order of 1 to 15 founding virions [19, 91, 117, 153, 127, 16]. However, our
study was the first to explore the dynamics of shared viral diversity in a setting that involved
close contact, long-term exposure, and a high attack rate - a ‘super spreading event.’ Despite
these factors, we found that viral diversity was limited and not shared between individuals
in the transmission event, suggesting a narrow bottleneck. This narrow bottleneck purges
the genetic diversity that accumulates during an infection and the selective forces that act
on that diversity. Unless within-host selection is strong enough to fix a beneficial variant,
there is a high likelihood that a variant will not transmit. However, the question remains;
why does transmission impose such a narrow bottleneck on viral diversity?

Several stages of transmission likely reduce the size and diversity of the viral population.
To successfully initiate an infection, viral variants must survive these population bottlenecks
in both the donor and recipient hosts. In the donor, the virus occupies an environment
consisting of heterogeneous and spatially distributed cells. This complex spatial structure
leads to the compartmentalization of the viral population within a host [4, 51]. As a result,
the viruses that are ultimately expelled from the donor may only represent a tiny fraction of
the total viral diversity in the host. Following expulsion, these virions must survive a series
of population bottlenecks in the recipient, including mucus barriers and mucosal immunity.
The virions that remain will then need to infect cells with the correct host receptors and a
favorable intracellular environment. Finally, in vitro studies of viral progeny production have
demonstrated that only a small fraction of infected cells produce the majority of infectious
viral progeny [9]. Although each of these factors alone could result in a narrow transmission
bottleneck, a combination of these factors is likely to blame.

The exact contributions of each stage of transmission to a narrow population bottleneck
remain elusive. Additionally, how aspects like preexisting immunity in the recipient, the
nature of the contact between donor and recipient, and the duration of infection in the
donor influence the bottleneck, and if they can influence it all, is still poorly understood.
Attempts have been made to mathematically model the transmission bottleneck while taking
these factors into account [101]. However, future research employing animal models will be
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necessary to fully understand how each aspect of transmission affects the viral population.
For instance, in some of our unpublished work, we used a hamster model of SARS-CoV-2
infection to test how the droplet size expelled by the donor host influences the stringency
of the transmission bottleneck. Although we found a modest correlation between larger
droplet sizes and looser bottlenecks, the power of the analysis was significantly limited by
the lack of viral diversity in the donor hamsters. Future investigations that use animal
models in conjunction with diverse barcoded virus libraries might provide deeper insights
into how different facets of transmission affect the bottleneck size. Nevertheless, alternative
approaches will likely be necessary to fully comprehend the reasons behind the remarkably
narrow nature of the transmission bottleneck for RNA viruses.

4.3 What is the future of software in deep mutational
scanning?

In Chapter 3 I built a web-based tool to analyze and share deep mutational scanning data
in the context of an interactive protein structure. Understanding how mutations impact
a protein’s function is an important aspect of many biological questions. Deep-mutational
scanning (DMS) has greatly increased the number of these mutation-function datasets. Al-
though this mutation-based data is best understood in the context of a protein’s 3D structure,
the methods previously used to accomplish this are cumbersome and limited in scope. To
address this, I built dms-viz to be customizable, comprehensive, and handle a wide diver-
sity of experimental designs. dms-viz allows researchers to create an interactive dashboard
for each mutation-based dataset that can easily be shared with others through stable URL
links. Ultimately, dms-viz addresses the inherent complexity of analyzing large mutation-
based datasets by providing a standardized and user-friendly interface.

Although dms-viz significantly decreases the complexity of analyzing large mutation-
based datasets, it primarily serves those with a thorough understanding of their DMS ex-
periment. This is a limitation considering that a broad audience could benefit from access
to DMS datasets but may lack the necessary expertise to analyze these datasets themselves.
For instance, choosing relevant protein structures and effectively filtering out noisy data
are necessary tasks in creating an interpretable visualization that requires the user to have
significant experimental knowledge. These details pose a challenge for those who are inter-
ested in using the data from DMS experiments but lack the background to interpret them
independently.
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To enhance the accessibility and usability of DMS data, a future objective is to develop
a centralized, curated platform akin to the Nextstrain [61]. This platform would not only
facilitate the exploration and visualization of DMS data but also provide a repository of
curated analyses. Nextstrain exemplifies this approach by offering tools for phylogenetic
analysis and visualization while also maintaining a collection of curated vignettes. These
vignettes are invaluable for researchers who require phylogenetic insights but may not possess
the skills for in-depth data analysis. A similar system for DMS data would be incredibly
beneficial. Such a platform could feature a user-friendly landing page, offering easy access
to curated DMS datasets and visualizations, thus making this complex data comprehensible
and accessible even for those without extensive expertise in the field.
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