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Evolutionary Genomics of Transfer RNA Genes and SARS-CoV-2 
Bryan Thornlow 

Abstract 
 

Transfer RNAs (tRNAs) are essential components of translation across all domains of 

life. The importance of this function is reflected in the strength of their conservation at the 

genome level, as well as their presence in hundreds of copies across each eukaryotic 

genome. Their strong conservation and high copy number at the genome level, in conjunction 

with their extensive post-transcriptional modifications and extreme variation in transcriptional 

activity by locus, make tRNA genes an enticing but as yet understudied model gene family. 

The requirement of tRNA transcripts in exceptionally large quantities causes tRNA 

loci to experience among the highest rates of transcription in the genome. Consequently, 

transcription-associated mutagenesis (TAM) and natural selection leave distinct genomic 

signatures at highly transcribed tRNA loci, such that tRNA genes are strongly conserved 

despite elevated mutation rates, and their immediate flanking regions are among the most 

variable sites in the genome. Here, I characterize the relationship between expression, 

mutation, and selection at tRNA loci in detail by using population genetics, comparative 

genomics, epigenetics, and transcriptomic data. I then use these findings to engineer a 

random-forest model to predict tRNA gene transcriptional activity using only DNA data. 

In the second half of this dissertation, I use the comparative genomics skills 

developed in the first part to help develop a novel phylogenetics toolkit. I identify the effects of 

sequencing errors on large SARS-CoV-2 phylogenies at global and local scales, demonstrate 

a novel method to quickly add samples to phylogenies, and explore recombination events in 

SARS-CoV-2 data, finding an excess in the region surrounding the Spike protein.  

In this dissertation, I use publicly available DNA, RNA, and epigenetic data to 

develop novel bioinformatic analysis methods. Together, the conclusions drawn in this 

dissertation for both tRNA biology and SARS-CoV-2 answer fundamental evolutionary 

questions. 
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Introduction

Transfer RNAs (tRNAs) are essential to protein synthesis across all of life. Their

primary function is in translation of the genetic code into the corresponding amino acid

sequences that make up proteins. Thus, tRNA molecules are critical for virtually all cellular

processes, and the genes encoding tRNA molecules have been highly conserved over

evolutionary time (Tang et al. 2009; Chan and Lowe 2016). Mitochondrial tRNAs have been

the subject of many studies, as mutations in these genes lead to a large number of maternally

inherited genetic diseases (Suzuki, Nagao, and Suzuki 2011). However, eukaryotic genomes

contain ~10- to 20-fold as many tRNA genes encoded in their nuclear chromosomes, which

are required for cytosolic protein translation (Chan and Lowe 2016; Schimmel 2018). Despite

their importance to the cell, there has been little study of evolutionary conservation or

pathogenic mutations in cytosolic tRNA genes (Kutter et al. 2011; Ishimura et al. 2014).

tRNAs are required in exceptionally large quantities, and therefore tRNA genes may

experience greater levels of transcription than even the most highly transcribed

protein-coding genes (Kirchner and Ignatova 2015; Molla-Herman et al. 2015). As the largest,

most ubiquitous RNA gene family, cytosolic tRNAs constitute an ideal gene set for studying

the interplay between natural selection and elevated mutation rates.

In this dissertation, I primarily explore tRNA conservation patterns at the DNA level,

and describe how the extensive needs of protein translation shape the distribution of these

essential genes across eukaryotic genomes. tRNA genes demonstrate exceptionally strong

conservation, despite their high copy number. Curiously, their immediate flanking regions,

which are transcribed but post-transcriptionally removed, are among the most divergent sites

in the human genome, based on 100-way vertebrate alignments (Hubisz, Pollard, and Siepel

2011). In the first chapter of this dissertation, I combine comparative genomics,

transcriptomics, and analyses of allele frequency spectra across multiple model species to
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demonstrate that transcription-associated mutagenesis (TAM) subjects tRNAs to

exceptionally elevated mutation rates.

The universality of both TAM and tRNAs across multicellular eukaryotes suggests a

reverse-engineering of this signal to infer tRNA transcriptional activity using comparative

genomics data alone. In the second chapter, I develop a random-forest model that uses only

DNA data to predict tRNA gene activity with 94% accuracy. In the process, I explore

DNA-based correlates to tRNA gene expression and find that proximity of tRNA genes to

CpG islands is very strongly correlated, and most likely causative, of tRNA transcription. My

approach demonstrates that both intrinsic -- based on the tRNA gene itself -- and extrinsic --

relating only to the tRNA gene's surroundings -- features are informative of transcriptional

activity. I apply my model to 29 placental mammal species and provide predictions for over

10,000 tRNA genes.

It would be remiss not to mention the SARS-CoV-2 pandemic, a public health crisis

that has claimed millions of lives and shaken the scientific community. My research priorities

drastically shifted in early 2020. In the second half of this dissertation, I detail my analyses on

SARS-CoV-2 genomic data. The breadth of whole-genome sequencing data necessitated

development of an entirely new phylogenetics toolkit. In the third chapter, I describe a

protocol developed by our research team to identify erroneous mutations. I generate

simulations to demonstrate the effects of these mutations on inference of phylogenetic trees,

as well as identify the effects of masking lab-specific errors on our global tree.

In the fourth chapter, I demonstrate the power of our software package, UShER, to

add samples to existing phylogenies via maximum parsimony, without re-inferring the entire

phylogeny. I demonstrate that UShER updates 40,000-sample phylogenies at speeds 3,000

times faster than the previous state-of-the-art. As the total number of sequenced

SARS-CoV-2 genomes in the GISAID database climbed past 100,000, and more recently

past 1,000,000, UShER has become the only viable option for SARS-CoV-2 phylogenetics. I

simulate SARS-CoV-2 data with both random and systematic errors and demonstrate that it is

2



no more strongly affected by erroneous sites than its maximum-likelihood tree inference

counterparts. I also briefly demonstrate several features included in matUtils, the sister

package for manipulation and analysis of mutation-annotated trees created by UShER.

Finally, I use these packages together to tell the story of a short-lived viral lineage identified in

the Santa Cruz community in spring 2021.

A growing concern as novel Variants of Concern (VoCs) arise is the prevalence of

recombination among SARS-CoV-2 lineages. Recombination requires a coinfection of two

viral lineages to the same host and results in a novel lineage that is a mosaic of both. In the

absence of recombination, viral lineages rely on mutation and selection alone to adapt to our

protective measures, including lockdowns, masks, and medical treatments. Recombination

has the capacity to produce VoCs much more quickly. To address these concerns, our group

developed RIPPLES, which I describe in chapter 5. I pruned our global tree of likely

erroneous samples and used RIPPLES to search for recombination on a 1,607,799-sample

phylogeny. I develop and apply extensive post-hoc filtering strategies to remove putative false

positives and identify 606 unique recombination events, encompassing 2.7% of samples in

our phylogeny.

In the first half of this dissertation, I combine genomics approaches informed by both

population genetics and RNA biology to elucidate the forces acting on a fundamental,

ubiquitous gene family. In the second half, I use what I have learned about both population

genetics and RNA biology to contribute to a more urgent cause. Overall, I use various

comparative genomics and phylogenetics techniques to find fundamental insights to the

evolution of both tRNA genes and SARS-CoV-2 lineages.

3



Chapter 1: Transfer RNA genes experience exceptionally elevated

mutation rates

1.1: Background

Transcription affects the mutation rates of transcribed genes (Jinks-Robertson and

Bhagwat 2014) through the unwinding and separation of cDNA strands (Gnatt et al. 2001).

During transcription, a nascent RNA strand forms a hybrid DNA–RNA complex with a

template DNA strand. While the complementary tract of nontemplate DNA is temporarily

isolated, it is chemically reactive and thus accessible by potential mutagens (Gnatt et al.

2001). Transcription can lead to the formation of noncanonical DNA structures, which can

hinder repair pathways and promote errors by the polymerase (Gaillard and Aguilera 2016).

The RNA strand can also reanneal to the template DNA strand, prolonging isolation and

increasing vulnerability to mutations (N. Kim and Jinks-Robertson 2012; Aguilera and

García-Muse 2013). Furthermore, if transcription and DNA replication occur concomitantly at

a particular locus, collisions between RNA polymerase and the DNA replication fork may also

damage DNA (Gaillard and Aguilera 2016; Jinks-Robertson and Bhagwat 2014; Helmrich,

Ballarino, and Tora 2011). In human cancer cells, increased transcription and replication

induce torsional stress and collisions (Gaillard and Aguilera 2016).

Several cellular agents have also been shown to cause damage in highly expressed

genes (Timakov et al. 2002). Among the most notable sources of mutation associated with

transcription is activation-induced cytidine deaminase (AID) (Gómez-González and Aguilera

2007). AID accompanies RNA polymerase II and deaminates cytosine nucleotides. To resolve

the resulting base-pair mismatch, the opposing guanine is converted to adenine and uracil to

thymine, resulting in excess C→T mutations on the nontemplate strand and excess G→A

mutations on the template strand (Jinks-Robertson and Bhagwat 2014; Green et al. 2003).

AID is a member of the APOBEC (apolipoprotein B mRNA editing catalytic polypeptide-like)

4
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gene family, many of which are involved in double-stranded break repair in transcription

(Jinks-Robertson and Bhagwat 2014). Some members of the APOBEC family act strongly on

short genes, suggesting increased activity at tRNA loci (Taylor, Wu, and Rada 2014; Saini et

al. 2017). For example, APOBEC3B causes 1,000-fold more DNA damage at tRNA loci than

at other genomic regions in yeast (Saini et al. 2017). AID also acts on highly transcribed

genes in immune B cells, causing transition mutations and double-stranded breaks

(Jinks-Robertson and Bhagwat 2014). Due to the strong association of the APOBEC family

with transcription, relative excesses of C→T and G→A mutations are a signature of TAM

(Jinks-Robertson and Bhagwat 2014).

To conserve mature tRNA sequence identity in the presence of an elevated mutation

rate, tRNA genes should experience strong purifying selection. tRNA transcription requires

sequence-specific binding of transcription factors to the internal box A and box B promoter

elements (White 2011). Once transcribed, precursor tRNAs must fold properly to undergo

maturation, which can be disrupted by sequence-altering mutations. The unique structure of

tRNAs dictates processing by RNases, addition of modifications, accurate recognition by

aminoacyl tRNA synthetases, incorporation into the translating ribosome, and accurate

positioning of the anticodon relative to mRNA codons (Zhang and Ferré-D’Amaré 2016).

Because of the need to maintain sequence specificity, DNAs encoding the mature portions of

tRNAs are well conserved (Zhang and Ferré-D’Amaré 2016). Therefore, we expect that a

large proportion of mutations arising in tRNA genes will be deleterious and will quickly be

purged by natural selection.

While most human tRNA genes do not have external promoters (White 2011; Zhang

and Ferré-D’Amaré 2016), tRNA transcripts include leader and trailer sequences extending

roughly two to five nucleotides upstream and 5–15 nucleotides downstream of the annotated

mature tRNA gene, based on the position of the genomically encoded poly(T) transcription

termination sequence. Aside from the termination sequence, these flanking sequences

appear to have limited sequence-specific functionality in most cases (Ziehler et al. 2000;

5
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Hopper 2013; Hasler et al. 2016; Lee et al. 2009). Very early in maturation, all tRNA flanking

sequences are removed by RNase P (Hopper 2013; Ziehler et al. 2000) and RNase Z

(Richard J. Maraia and Lamichhane 2011). Because these flanking genomic sequences are

frequently unwound and therefore vulnerable to TAM, we expect that these regions will

experience mutation rates similar to those of tRNAs. Whereas tRNA genes should experience

purifying selection, the flanking regions should be neutral or under weak selection. Here we

investigate the patterns of conservation, divergence, and within-species variation of cytosolic

tRNAs in humans and other model organisms to elucidate the forces shaping the evolution of

this essential RNA gene family.

The text of this dissertation includes reprints of the following previously published

material: Thornlow, B. P., Hough, J., Roger, J. M., Gong, H., Lowe, T. M., & Corbett-Detig, R.

B. (2018). Transfer RNA genes experience exceptionally elevated mutation rates.

Proceedings of the National Academy of Sciences, 115(36), 8996-9001. The co-authors listed

in this publication directed and supervised the research which forms the basis for the

dissertation.

1.2: Flanking regions of tRNA genes are highly variable despite strong conservation of

mature tRNA sequences.

To estimate evolutionary conservation, we examined phyloP, which measures the

conservation of each human genomic position across 100 vertebrate species (Pollard et al.

2010), by position within each tRNA locus (Methods). Positive phyloP scores indicate strong

conservation, and negative scores indicate accelerated evolution. To study the effects of

evolution on a shorter timescale, we also estimated sequence divergence between Homo

sapiens and Macaca mulatta at each tRNA locus. Mature tRNA sequences are highly

conserved across all positions, based on both average phyloP score (Figure 1.1A) (Pollard et

al. 2010) and M. mulatta alignment (Figure 1B). However, the inner 5′ flanking region (20

bases upstream of the tRNA; see Methods) is roughly four times more divergent than the

6
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untranscribed reference regions. We also find increased rates of divergence in the inner 3′

flanking region, which is roughly three times more divergent than the reference regions

(Figure 1B). Both the outer 5′ flank (21–40 bases upstream of the tRNA) and the outer 3′ flank

(11–40 bases downstream of the tRNA) are also roughly 1.5 times more divergent than the

reference regions. For tRNAs that contain introns (Chan and Lowe 2016), we find that intronic

variation correlates with flanking variation. Furthermore, intergenic regions within clusters of

active tRNAs show similar patterns in their phyloP scores.

We also studied population-level variation at low-frequency SNPs (minor allele

frequency <0.05) for each tRNA locus. Low-frequency SNPs are evolutionarily young and are

less affected by selection (Messer 2009). Consistent with our divergence analyses, we find

that low-frequency SNPs are more common across both the tRNA gene sequence and

flanking regions than in untranscribed reference regions (Figure 1.1C). Although the inner

flanking regions are most polymorphic, the mature tRNA sequences have about twice as

many low-frequency SNPs as reference regions. Overall, our results are consistent on

multiple timescales, indicating that tRNAs and flanking sequences are prone to mutation.

Indeed, of the 247 sites in the genome that have phyloP scores of −20 -- the lowest possible

score (Pollard et al. 2010; Karolchik et al. 2004) -- 14 are within 10–15 bases upstream of the

start of an active tRNA gene, indicating disproportionate enrichment (hypergeometric test, P

< 1.65e-48) and that tRNA flanking regions are among the least conserved in the genome.

Nonetheless, mature tRNA gene sequences are strongly conserved by purifying selection,

which purges mutations.
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Figure 1.1: tRNA genes are strongly conserved despite extremely divergent immediate
flanking regions. There is a strong pattern of variation in regions flanking human tRNA
genes by three measures: relative to vertebrates, by comparison with Rhesus macaque
alone, and within the human population. (A) The average phyloP score (comparing humans
to 100 vertebrate species) is plotted for each position within the tRNA and flanking region
across all human tRNAs. (B) Divergence between the human and M. mulatta tRNA genes
and their flanking regions. (C) Frequency of low-frequency SNPs (minor allele frequency ≤
0.05) across all human tRNAs. The acceptor stem (gray), D-stem (red), anticodon stem
(green), and T-stem (blue) are highlighted within the tRNA both in the linear plots and in the
2D structure legend to the right (Chan and Lowe 2016; Sprinzl et al. 1998). Nucleotide
numbering below the plots is relative to mature tRNA boundaries, with inner and outer flanks
demarcated by a shift in mutation rate (Methods). Dotted lines surrounding plots depict 95%
confidence intervals calculated by nonparametric bootstrapping by tRNA loci.

1.3: Transcription is correlated with variation in tRNA and flanking regions.

We hypothesized that, if transcription-associated mutagenesis drives variation among

tRNA loci, highly active tRNA genes would show the greatest mutation rates. Because tRNA

transcript abundance measures are often not attributable to individual loci due to identical

gene copies and difficulty sequencing full-length tRNAs, we estimated relative transcriptional

activity based on chromatin state data from the Epigenomic Roadmap Project (Roadmap

Epigenomics Consortium et al. 2015). Based on these data, we classified human tRNA genes

as “active” if they are located in expressed regions in several cell lines and otherwise as

“inactive” (Methods and Figure 1.2). In some cases, multiple cell lines correspond to a single
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tissue or organ, so tissue-specific tRNAs [e.g., the brain-specific arginine tRNA in mouse

(Ishimura et al. 2014)] are considered active.

We find that active tRNA genes are significantly more conserved than inactive tRNA

loci (Mann–Whitney U test, P < 8.40e-53), and the flanking regions of active tRNAs are

significantly more divergent than the flanking regions of inactive tRNAs (P < 7.98e-61). The

peak measure of divergence between human and M. mulatta tRNA genes in the inner 5′

flanking regions is roughly five times greater in active tRNAs than in inactive tRNAs (Figure

1.2E-F). Active tRNAs in human populations also have significantly more low-frequency

SNPs per site than inactive tRNAs across the entire locus, including the tRNA and flanking

regions (P < 3.72e-36). Inactive tRNAs are still significantly more conserved (P < 2.02e-12)

and polymorphic (P < 0.007) than the untranscribed reference regions, and their flanks are

significantly more divergent than the reference regions (P < 1.36e-16).

That the peak in both divergence and polymorphism in all species is consistently

12–15 nucleotides upstream of the mature tRNA sequence is curious. At the most divergent

position, 55% of all tRNA loci differ between human and M. mulatta, and 15% of human tRNA

loci have a low-frequency SNP (Figure 1.1). Furthermore, virtually all active tRNA loci differ at

this nucleotide between human and M. mulatta, and 25% have a low-frequency SNP at this

site. This implies that this region either does not face uniform selective pressures or is not

uniformly vulnerable to TAM. While distant flanking sequences can affect tRNA expression in

yeast (Bloom-Ackermann et al. 2014), few studies have shown that flanking regions affect

expression in higher eukaryotes (Doran, Bingle, and Roy 1988). Transcription initiation is long

relative to elongation (Dieci and Sentenac 1996; Graczyk, Cieśla, and Boguta 2018), which

may lead to prolonged isolation of the nontemplate DNA strand at the initiation site and

increased vulnerability to TAM. A poised initiation complex might also increase the likelihood

of collisions between Pol3 and the replication fork (Helmrich, Ballarino, and Tora 2011). Thus,

frequent initiation at highly transcribed tRNA loci may contribute to the nonuniform pattern of

variation. The crystal structure of a tRNA transcription initiation complex in yeast indicates
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that the transcription bubble extends outward to ~12 nt upstream of the start of the tRNA

gene (Abascal-Palacios et al. 2018), indicating that torsion may play a role in the elevated

mutation rate in this region.

TAM may also explain the increased variation in the outer 3′ flank relative to the outer

5′ flank, as positioning of downstream transcription termination sites varies among tRNA

genes (Chan and Lowe 2016; Orioli et al. 2011), whereas transcription start site positions are

more consistent. While most tRNAs do not have clear TATA boxes, the TATA-binding protein

(TBP) still binds to the DNA duplex ∼25 nucleotides upstream of the tRNA (Juo et al. 1996),

which coincides with a decrease in variability. Furthermore, while both flanking regions for

many other Pol3-transcribed genes are divergent, the 5′ flanking regions are generally more

divergent than the 3′ flanking regions, suggesting that the underlying mechanism is not

tRNA-specific (Figure 1.3).

Two orthogonal analyses strengthen the observed correlations between gene

expression and variation at tRNA loci. First, we find a significant correlation between the TBP

intensity peaks (ENCODE Project Consortium 2012, 2011; Kharchenko, Tolstorukov, and

Park 2008) and conservation of the mature tRNA sequence (Spearman’s rho = 0.64, P <

2.2e-16) across all human tRNAs and the opposite relationship in the flanking regions

(Spearman’s rho = −0.64, P < 2.2e-16) (Figure 1.2). TBP ChIP-sequencing (ChIP-seq) data

directly reflect transcriptional activity for each locus, as its occupancy is significantly

correlated with and required for transcription (White 2011; Roberts et al. 2003; Mason and

Struhl 2003; Kuras et al. 2000; Zanton and Pugh 2004; X. Y. Li et al. 1999). Second, mature

tRNA sequence read counts are strongly correlated with tRNA conservation (Spearman’s rho

= 0.18, P < 0.001) and flanking region divergence (Spearman’s rho = −0.61, P < 2.2e-16)

(Figure 1.2). These read counts were collected from a single HEK cell line by Zheng et al.

(Zheng et al. 2015) using DM-tRNA-seq, a specialized tRNA-sequencing method. These

correlations are consistent with the idea that more highly transcribed tRNAs vary more in their

flanking regions.
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Figure 1.2: tRNA expression is significantly correlated to both tRNA conservation and
flanking region divergence. (A and B): TBP peak value (expression) is plotted versus
phyloP score (conservation) for each mature tRNA (A) and adjacent inner 5′ flanking region
(B). (C and D): Log of the HEK293T cell DM-tRNA-seq read count (expression) (46) is plotted
versus phyloP score (conservation) for each gene encoding a unique mature tRNA sequence
(C) and the corresponding inner 5′ flanking region (D). Both TBP occupancy and transcript
abundance are greater for highly conserved mature tRNA loci (A and C) and those with the
most divergent flanks (B and D). (E and F) Plotted as in Figure 1, human tRNA loci that are
separated into active (E) versus inactive (F) groups show the characteristic differences seen
in A–D. (G and H) Mouse tRNA loci split into active (G) versus inactive (H) groups show a
pattern strikingly similar to that seen in human (A–F).

1.4: Variation patterns observed at tRNAs are observed in few other gene families.

Among the histone protein-coding genes less than 1,000 nucleotides in length, the

average phyloP score per nucleotide across the coding sequence and flanking regions is

3.449 and −2.052, respectively, comparable to tRNA loci. Histone protein coding genes are

transcribed by RNA Polymerase II, but are not polyadenylated, often do not have introns, and
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are highly transcribed at specific times in the cell cycle (Rattray and Müller 2012). However,

most genes transcribed by RNA Polymerase II do not appear to demonstrate TAM in the

same way as tRNAs. For example, ribosomal proteins are very highly transcribed (Thul et al.

2017) and have well-conserved exons, but their introns and flanking regions are not as

divergent as tRNA flanking regions (Pollard et al. 2010; Casper et al. 2018). tRNAs are likely

ideal for studying TAM because they have predictable transcript start and end sites, internal

promoters, and high transcription rates. Other small non-coding RNAs transcribed by RNA

Polymerase III demonstrate signals suggestive of TAM, similar to tRNAs (e.g. spliceosomal

RNAs (snRNAs) and YRNAs, Figure 1.3).

Figure 1.3: Histone protein coding genes and RNAs transcribed by Pol III also
demonstrate phylogenetic signals consistent with TAM. UCSC Genome Browser
screenshots for a snRNA (A), Y-RNA (B), vault-RNA (C), histone protein coding gene (D) and
RNAse P (E). Note the scale on the left side of each panel, as phyloP scores in immediate
flanking regions of each locus reach lower than -5. The phyloP valleys shown here indicate
strong divergence, similar to what is observed flanking highly transcribed tRNA genes.

1.5: Patterns of low-frequency SNPs are consistent with TAM.

In TAM, repair pathways activated in response to deaminations lead to excess

conversions between guanine and adenine and between thymine and cytosine on the coding

strand (Jinks-Robertson and Bhagwat 2014; Green et al. 2003). Across all tRNA loci, we
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found that the most common low-frequency SNPs are C→T and G→A and that these

mutations are significantly more common in both tRNA genes and flanking regions than in

untranscribed reference regions (Fisher’s exact test, P < 0.05 for all comparisons) (Figure

1.4). Removal of CpG sites (Schmidt et al. 2008) does not significantly affect these results.

The relative excesses of these SNPs are much more pronounced in active tRNA loci than in

inactive tRNA loci (Fig 1.5). These results suggest that deamination of the noncoding strand

due to TAM and the DNA repair mechanisms acting in response to deamination is especially

common at these loci (Jinks-Robertson and Bhagwat 2014; Green et al. 2003; Saini et al.

2017).

It is difficult to discern whether this increased prevalence is due to TAM or selection

to preserve the structural integrity of the tRNA. To preserve tRNA secondary structure, we

expect transition mutations (e.g., A–U to G–U base pairs, C–G to U–G base pairs) to be more

common than transversions, as they should disrupt stem helices less often. However, the

mutational skew expected of regions affected by TAM is stronger in regions flanking tRNAs.

Transcription initiation is relatively long compared with elongation (Dieci and Sentenac 1996;

Graczyk, Cieśla, and Boguta 2018), which might contribute to increased mutagenesis by

APOBEC enzymes or more collisions (Helmrich, Ballarino, and Tora 2011) or double-stranded

breaks. However, divergence at tRNA flanking regions is correlated with divergence at introns

in both human (Spearman’s rank, rho = 0.734, P < 5.58e-6) and mouse (rho = 0.733, P <

5.24e-4), indicating similar mutation rates across tRNA loci. Our results therefore suggest that

TAM drives the excess of transitions among low-frequency SNPs across tRNA loci.
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Figure 1.4: The SNP classes most common in regions affected by TAM are also most
common at tRNA loci. The distribution of each class of low-frequency polymorphisms by
region across all human tRNAs. Stars indicate the significance levels of Fisher’s exact tests
comparing the SNP distribution within each region of the tRNA and flank (outer 5′ flank in
yellow, inner 5′ flank in orange, tRNA in purple, inner 3′ flank in cyan, outer 3′ flank in blue)
with that of the untranscribed reference region (black): one star, P ≤ 0.05; two stars, P ≤
0.005; and three stars, P ≤ 0.0005.
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Figure 1.5: Excess SNP classes consistent with TAM are more common in active
tRNAs in both human and mouse. The distribution of each class of low-frequency
polymorphisms, defined as a SNP with a minor allele frequency less than or equal to 0.05, is
shown by region across active human tRNAs (A), inactive human tRNAs (B), active mouse
tRNAs (C) and inactive mouse tRNAs (D). As in Figure 1.4, the significance levels of Fisher’s
exact tests comparing the SNP distribution within each region of the tRNA and flank (outer 5’
flank is yellow, inner 5’ flank is orange, tRNA is purple, inner 3’ flank is cyan, outer 3’ flank is
blue) to that of the untranscribed reference region (black), are represented by stars at the top
of each panel. One star represents a p value ≤ 0.05, two stars represents a p value ≤ 0.005,
and three stars represents a p value ≤ 0.0005.

1.6: tRNA flanking region variation in other model organisms is consistent with

variation observed in humans.

To confirm that our results are not restricted to humans, we also analyzed tRNAs in

Mus musculus, Drosophila melanogaster, and Arabidopsis thaliana. We find similar patterns

of sequence conservation of tRNA loci in each when measuring phyloP or divergence to

outgroups. The 5′ flanks are consistently more divergent than the 3′ flanks, and the most

divergent sites are roughly 10–15 bases upstream of the tRNA in all species. We also used

ChIP data across nine mouse tissues to classify mouse tRNAs based on their expression

(Bogu et al. 2015). Active mouse tRNAs are more strongly conserved than their inactive

counterparts (Mann–Whitney U test, P < 1.81e-19), and their flanks are more divergent (P <

7.04e-22) (Figure 1.2G-H), consistent with our results from the human data (Figure 1.2E-F).

Active mouse tRNAs also have more low-frequency SNPs in their flanking regions than

inactive mouse tRNAs (P < 2.23e-4). Such consistency suggests that a shared underlying

molecular mechanism drives these patterns of sequence variation.

Low-frequency SNPs in the tRNA gene sequences also follow qualitative patterns

similar to those in the human data. We observe excess transitions in all species studied, and

active mouse tRNAs show a greater excess of low-frequency transitions than do inactive

mouse tRNAs (Fig 1.5C-D). However, these patterns vary across species (Figure 1.6B). For

example, in mice, tRNA genes have more low-frequency SNPs than the untranscribed

reference regions, but the opposite is true in D. melanogaster. Low-frequency SNPs are

thought not to be strongly affected by selection (Messer 2009), but selection is more efficient
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in species with greater effective population sizes (Figure 1.6A). Effective population size

(Tenesa et al. 2007; Phifer-Rixey et al. 2012; Cao et al. 2011; Shapiro et al. 2007) and tRNA

copy number vary across species, and because the sample sizes and data quality differ

among population samples, these differences may be attributable to differences in the impact

of selection or in ascertainment of low-frequency variation.
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Figure 1.6: tRNA flanking regions are subject to high mutation rates and minimal
selection. The estimated DFE indicates that high proportions of deleterious mutations in
tRNAs are under strong selection. (A) Estimated DFE of new deleterious mutations for tRNA
genes and inner 3′ flanking regions shown in human, mouse, A. thaliana, and D.
melanogaster. Proportions of deleterious mutations are shown for each bin of purifying
selection strength, estimated on a scale of NeS. Species are arranged by increasing effective
population size. (B) Low-frequency SNPs plotted as in Figure 1C for mouse, A. thaliana, and
D. melanogaster.

1.7: Functional tRNA sequences experience strong purifying selection in all species

studied.

Our analysis of the distribution of fitness effects (DFE) of deleterious mutations

demonstrates that tRNAs evolve under strong purifying selection in all analyzed species. In

contrast, regions flanking tRNAs are inferred to be either neutral or subject to weak selection

(NeS < 10, where Ne is the effective population size and S is the strength of selection)

(Figure 1.6A). Our estimates of the proportions of new mutations falling into each NeS range

of the DFE for tRNAs indicate far fewer nearly neutral mutations (NeS <1) and substantially

more strongly deleterious mutations (NeS >100) in D. melanogaster and A. thaliana than in

the human or mouse populations (Figure 1.6A). Given that estimates of effective population

size in humans (7,000) (Tenesa et al. 2007) and mouse (25,000–120,000) (Phifer-Rixey et al.

2012) are substantially lower than in A. thaliana (300,000) (Cao et al. 2011) and D.

melanogaster (>1,000,000) (Shapiro et al. 2007), this difference in strength of selection may

partially reflect differences in effective population size and might explain the differences in

low-frequency SNPs in tRNA loci across species (Figure 1.6B). In turn, this might indicate

that the strength of purifying selection, independent of effective population size, at tRNA loci

is consistent across diverse species.

The strength of selection across species may also reflect the number of unique tRNA

gene sequences in each genome. For example, roughly half of all human tRNA genes have

unique sequences, but the majority of D. melanogaster tRNAs have identical copies (Chan

and Lowe 2016). tRNAs with the same anticodon but different sequences may have different

functions, and this may affect strength of selection at each locus as well. Indeed, a
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significantly greater proportion of sites are invariant (Fisher’s exact test, P < 7.50e-5) and

fewer sites are divergent (P < 3.85e-8) in active single-copy human tRNA genes than in

active multicopy human tRNA genes. We observe the same patterns in the inner 5′ (P <

5.87e-5; P < 0.025) and inner 3′ (P < 8.90e-5; P < 4.04e-4) flanks of active tRNA genes,

suggesting increased transcription of active multicopy tRNA genes. However, few SNP data

are available for multicopy tRNAs compared with single-copy tRNAs, limiting our ability to

identify consistent differences among tRNA subgroups.

1.8: tRNA loci contribute disproportionately to mutational load.

Our discovery of a highly elevated mutation rate at tRNA loci suggests that tRNA

genes may contribute disproportionately to mutational load, the reduction in individual fitness

due to deleterious mutations (Haldane 1937; Agrawal and Whitlock 2012). To estimate the

relative mutation rates at active tRNA loci, we calculated the average ratios of θ for the inner

3′ and 5′ flanking regions of active human tRNA genes to the untranscribed reference regions

using the approach of Messer (Methods) (Messer 2009). We estimate θ in the flanking

regions instead of the tRNAs because strong selection can cause underestimation of θ

(Messer 2009), and our results indicate that active human tRNAs are subject to strong

selection while the flanking regions are likely selectively neutral (Figure 1.6A). We therefore

estimate that the mutation rate is between 7.24 (inner 3′; 95% CI 7.12–7.33) and 10.36 (inner

5′; 95% CI 10.16–10.41) times greater at tRNA loci than the genome-wide average. Given

that there are 25,852 base pairs of active human tRNA sequence, and using 1.45e-8 as the

genome-wide mutation rate (Narasimhan et al. 2017), we estimate that U (the genome-wide

rate of deleterious mutation per diploid genome) contributed by tRNAs is between 0.0054 and

0.0078. Since active tRNAs make up only 0.0009% of the human genome (Chan and Lowe

2016), this implies that mutations in tRNAs contribute disproportionately to mutational load.

Our findings highlight that mutations at tRNA loci are likely an important source of fitness and

disease variation in human populations.
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1.9: Methods

We used tRNA coordinates from GtRNAdb (Chan and Lowe 2016) for the human, M.

musculus, D. melanogaster, and A. thaliana genomes. For each species, we defined

untranscribed reference regions by searching 10 kilobases upstream of each tRNA and

selecting a 200-nucleotide tract. If this tract was within a highly transcribed region of the

genome [based on genome-wide ChIP data (Bogu et al. 2015)], overlapped a conserved

element [defined as a region with a phastCons log odds score greater than 0 (Pollard et al.

2010)], was within 1,000 nucleotides of a known gene (Casper et al. 2018), or overlapped a

reference region assigned to another tRNA, we selected a different tract 1,000 bases further

upstream and repeated the selection until we found an acceptable region. For the mouse

genome, we checked known genes, previously assigned reference regions, and conserved

elements. For the D. melanogaster and A. thaliana genomes, we began our searches only

1,000 bases upstream of each tRNA and searched for 200-nucleotide tracts that were at least

100 nucleotides away from any annotated genetic element (Lack et al. 2015, 2016; Cao et al.

2011) due to the high functional densities of these species’ genomes.

For each tRNA in all species, we defined the inner 5′ flank as the 20 bases

immediately upstream of the 5′ end of the tRNA gene on the coding strand and the outer 5′

flank as the 20 bases directly upstream of the inner 5′ flank. The inner 3′ flank refers to the 10

bases downstream of the tRNA gene, and the outer 3′ flank refers to the 30 bases

downstream of these 10 bases. We made these decisions based on inflection points in our

data, as the flanking regions up to 20 bases upstream and 10 bases downstream of tRNA

genes have less variation. Transcription usually ends about 10 bases downstream of tRNA

genes (Orioli et al. 2011).

The Roadmap Epigenomics Consortium compiled genome-wide epigenomic data

across 127 human tissues and cell lines to characterize the chromatin state across the
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genome (Roadmap Epigenomics Consortium et al. 2015). We analyzed the regions

surrounding each tRNA in each epigenome sample and used clustering to classify each

genomic region according to its most common epigenomic state. We classified all human

tRNAs based on the epigenomic state annotation in the genome. In the corresponding model,

regions in state 1 are likely to be transcribed. The 342 tRNAs in state 1 in at least 4 of the 127

tissues analyzed are active tRNAs, and we consider the remaining 254 tRNAs to be inactive.

To classify mouse tRNAs, we used a 15-state Hidden Markov Model based on ChIP data in

which states 5 and 7 corresponded to regions near active promoters (Bogu et al. 2015). We

considered the 272 tRNAs in genomic regions annotated as state 5 or 7 in at least 3% of

tissues as active and the remaining 188 tRNAs as inactive.

We aligned all tRNAs across all species using covariance models (Chan et al., n.d.)

and assigned coordinates to each position in each tRNA and flank based on the Sprinzl

numbering system (Sprinzl et al. 1998). We averaged the phyloP, divergence, and

low-frequency SNP data for all sites assigned to the same Sprinzl coordinate for their

respective tRNA loci. Because some tRNAs have variations in structure (Chan and Lowe

2016), this alignment was necessary for position-wise comparisons between tRNAs. We

filtered tRNAs with fewer than 50 aligned bases from our analyses. If a conserved element

(regions with a phastCons log odds score greater than 0; (Pollard et al. 2010)) was present

4–10 bases up- or downstream of a tRNA, the tRNA was excluded from our analyses, as

these regions might contribute to the secondary structure of mature tRNAs and be subject to

anomalous levels of selection. We also excluded nuclear-encoded mitochondrial tRNA genes.

We aligned the hg19 human reference genome to the Macaca mulatta reference

genome (rheMac2; (Rhesus Macaque Genome Sequencing and Analysis Consortium et al.

2007)), both from the UCSC Genome Browser (Casper et al. 2018). We also compared the

mouse (Mus musculus, mm10) and rat (Rattus norvegicus, rn6) genomes, and the A. thaliana

(TAIR10) and A. lyrata (v.1.0) genomes (Kersey et al. 2016) using the same methods. For D.

melanogaster, we used an alignment of the dm6 and droYak2 (D. yakuba) genomes
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(Drosophila 12 Genomes Consortium et al. 2007). Non-gap nucleotide mismatches in the

alignments were classified as divergent sites. To account for the possibility that multiple

substitutions occurred at a single site, we used a Jukes-Cantor correction (Jukes, Cantor, and

Others 1969).

We analyzed human variation data from the African superpopulation of 661 humans

from phase 3 of the 1000 Genomes Project (1000 Genomes Project Consortium et al. 2015).

We acquired D. melanogaster variation data for the Siavonga, Zambia populations from the

Drosophila Genome Nexus Database (Lack et al. 2015, 2016). We obtained M. musculus and

A. thaliana data from (Consortium and Mouse Genome Sequencing Consortium 2002) and

(Arabidopsis Genome Initiative 2000), respectively. All nonhuman data were aligned and

genotypes curated as described in (Corbett-Detig, Hartl, and Sackton 2015).

Within each gene, flank, or reference region, we considered positions with minor

allele frequencies between 0 and 0.05 to be low-frequency SNPs. We also determined the

frequency each class of mutations (e.g., A→G) within each region of each tRNA locus where

the identity of each base is defined according to the coding strand sequence. We found the

frequency of divergences and low-frequency SNPs by position across all tRNAs and flanking

regions. For conservation studies across multiple species, we used the phyloP track (Pollard

et al. 2010) from the University of California, Santa Cruz (UCSC) Genome Browser (48) and

calculated the average score for each position within the tRNAs and flanking regions. No

phyloP data were available for A. thaliana (Pollard et al. 2010). For direct comparisons

between the species of interest and an outgroup, we used the Multiz track from the UCSC

Table Browser (Karolchik et al. 2004) and the Stitch MAFs tool from Galaxy (Afgan et al.

2016) to create sequence alignments. Details are available in SI Appendix.

The ENCODE Project Consortium used ChIP-seq data to identify binding regions for

regulatory factors (ENCODE Project Consortium 2012) including the TBP and Pol3

transcription factors in the human genome (White 2011). These data were taken from the

UCSC Genome Browser (Casper et al. 2018). The intensity of a given peak correlates with a
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greater frequency of transcription factor binding to that region. For each human tRNA, we

found the strongest TBP peak in the 50 base pairs immediately upstream of the tRNA across

the GM12878, H1-hESC, HeLa-S3, HepG2, and K562 cell lines. We also calculated the

average phyloP score across the flanking regions for each tRNA and used Spearman’s rank

correlation test on these data.

We used demethylation sequencing data for tRNAs within HEK293T cells from

(Zheng et al. 2015). We used Spearman’s rank correlation tests to correlate mature tRNA

transcript read counts and tRNA and flanking region conservation. Because Zheng et al.

sequenced mature tRNAs, which are often encoded by multiple genes, we excluded identical

genes to control for the correlation between gene copy number and overall expression

(Figure 1.2 C-D). Separately, we summed the average phyloP scores at these loci and

correlated the summed scores to total tRNA read counts.

We estimated the DFE for each species using the method of (Keightley and

Eyre-Walker 2007) and the DFE-α software. The DFE estimation method is based on site

frequency spectra (SFS) obtained from within-species SNP data, and assumes a simple

model of recent demographic change to correct the SFS at functional sites for skews caused

by demography. We used a two-epoch model of demographic change and estimated the

DFEs for tRNAs and inner 3’ flanking regions for each species. Each class of sites was

assumed to be subject to mutation, selection and drift, with gamma-distributed DFEs and an

initial shape parameter (β) of 0.5.

We used the equation θ(k) = kGk (Messer 2009) (Equation 22) to estimate the

mutation rate at active tRNA loci. We calculated the ratios of θ in active tRNA flanking regions

to θ in the reference regions for k = 1,2,3 and bootstrapped by tRNA loci to calculate 95%

CIs. We calculate the maximum-likelihood estimator for θ (4Nu) from low-frequency sites for

untranscribed reference regions and flanking regions of active tRNA genes. The ratios of θ flank

: θreference should then provide estimates for the ratio of the mutation rates in these regions. If

we then assume the reference regions have a mutation rate equal to 1.45e-8 per site per
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generation (Narasimhan et al. 2017), multiplying by this ratio yields an estimate of the per site

per generation mutation rate at tRNA loci. To calculate U tRNA, or the contribution of mutations

at active tRNA loci to the genome-wide rate of deleterious mutation per diploid genome, we

multiply the human genome-wide mutation rate per nucleotide per haploid genome (1.45e-8;

(Narasimhan et al. 2017)), times 2 to correct for diploidy, times the number of nucleotides in

active human tRNAs (25,852), times the ratios of θflank : θreference (7.24 for inner 3’, 10.36 for

inner 5’). Using these ratios, we estimate that UtRNA is between 0.0054 and 0.0078.

23

https://paperpile.com/c/TMmO0T/za47
https://paperpile.com/c/TMmO0T/za47


Chapter 2: Predicting transfer RNA activity from sequence and genome

context

2.1: Background

tRNA molecules are required in large abundance to meet the dynamic metabolic

needs of cells, and tRNA genes are believed to be among the most highly transcribed genes

in the genome (Palazzo and Lee 2015; Boivin et al. 2018).  Despite high cellular demands,

numerous individual tRNA genes have no direct evidence for expression (Kutter et al. 2011;

Palazzo and Lee 2015; Hummel, Warren, and Drouard 2019; Gogakos et al. 2017). High

duplication rates and consequent weakened purifying selection may lead to an abundance of

pseudogenes. Additionally, many of these genes may be tRNA-derived short interspersed

nuclear elements (SINEs), which often retain strong promoter elements. However, even after

removal of apparent pseudogenes and SINEs, more than 60 human tRNA genes and over

100 mouse tRNA genes are in constitutively silenced regions of the genome for all tissues

and cell lines, suggesting they are never or rarely transcribed (Roadmap Epigenomics

Consortium et al. 2015; Bogu et al. 2015; A. Holmes 2018; Thornlow et al. 2018).

Chromatin-immunoprecipitation sequencing (ChIP-seq) data supports this conclusion, as one

multi-species study detected occupancy by RNA Polymerase III (Pol III) for only 224 of 417

high-confidence tRNA genes in human liver, with other mammals showing similar patterns

(Kutter et al. 2011).

tRNA gene expression may co-evolve with phenotypic differences between species.

Data from prior studies suggests that the rate of evolution of protein coding gene expression

levels differs by clade (Necsulea and Kaessmann 2014; Brawand et al. 2011; W. H. Li et al.

1996). The rate of evolution of gene expression also varies among non-coding RNA gene

families (Meunier et al. 2013; Necsulea and Kaessmann 2014; Necsulea et al. 2014). Due to

difficulties in high-throughput, accurate quantification of tRNA abundance, the complexity of
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tRNA gene expression across mammals is not well understood. The expanding functional

repertoire of tRNA transcripts and tRNA-derived small RNAs (Kirchner and Ignatova 2015;

Goodarzi et al. 2015; Mleczko, Celichowski, and Bąkowska-Żywicka 2014; Sun et al. 2018)

indicates that changes in tRNA gene expression between species could have profound

cellular effects.

Expression of tRNA genes has clear importance for organismal development and

contribution to disease, but our understanding of its regulation and evolution is severely

lacking for several reasons (Schaffer et al. 2014; Hanada et al. 2013; Yoo et al. 2016).

Measuring expression of unique mRNA transcripts has become relatively straightforward.

However, tRNA sequencing by the methods originally developed for unmodified small RNAs

(e.g. microRNAs) is frequently impeded by numerous RNA modifications at the reverse

transcription phase. Only very recently have specialized sequencing library preparation

methods been developed to remove or overcome these modifications, enabling effective

sequencing (Cozen et al. 2015; Zheng et al. 2015). Furthermore, because fully processed

tRNA gene transcripts from different loci are often identical, simple tRNA-seq abundance

measurements are often insufficient to determine the true transcriptional activity at each gene

locus. Therefore, in order to determine which tRNA genes are potentially constitutively active,

highly regulated, or silenced, other methods are needed.

Several genome-wide methods examine tRNA loci in their generally unique genomic

contexts, bypassing the problem of identical mature tRNA transcripts. Such assays include

chromatin immunoprecipitation (ChIP; (Bogu et al. 2015; Roadmap Epigenomics Consortium

et al. 2015; Thornlow et al. 2018), RNA Polymerase III (Pol III) ChIP-seq (Kutter et al. 2011),

and ATAC-seq (Foissac et al. 2018), among others. These high-throughput assays remain

cost- and resource-intensive, so currently available data are often limited to few species and

tissues. Nonetheless, these data show that identical tRNA genes do vary in expression

profiles (Pan 2018; Kutter et al. 2011; Schmitt et al. 2014), supporting the need to incorporate

extrinsic factors into the prediction of when or if tRNA genes are active. The study of the local
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genomic context is therefore essential, and has not been tackled comprehensively by any

tRNA gene prediction method.

In this chapter, I begin to resolve these concerns by developing a model to predict

whether individual tRNA genes are actively transcribed in at least one tissue, or

transcriptionally silent. In the prior chapter, I demonstrated that tRNA gene transcription may

be inferred based on DNA variation driven by transcription-associated mutagenesis

(Thornlow et al. 2018). I leverage this correlation, further enhanced by other genomic

features, to infer expression of tRNA genes with high accuracy. This novel advance in tRNA

research uses, but does not require, comparative genomic information, enabling its broad

application. I demonstrate tRAP (tRNA Activity Predictor) using 29 placental mammalian

genomes, most of which have no tRNA expression data. I also developed a robust mapping

of syntenic tRNA genes across all 29 species. By combining tRAP with this comprehensive

ortholog set, I analyze and compare expression classifications of over 10,000 tRNA genes,

yielding a first look at the rate of tRNA gene regulation evolution in placental mammals, as

well as bringing attention to the high frequency of silenced “high-scoring” canonical tRNA

genes.

The text of this dissertation includes reprints of the following previously published

material: Thornlow, B. P., Armstrong, J., Holmes, A. D., Howard, J. M., Corbett-Detig, R. B., &

Lowe, T. M. (2020). Predicting transfer RNA gene activity from sequence and genome

context. Genome Research, 30(1), 85-94. The co-authors listed in this publication directed

and supervised the research which forms the basis for the dissertation.

2.2: Exploring correlates to tRNA activity and developing predictive model

Our goal was to develop a tRNA activity predictive model that could be applied to as

many species as possible. To date, the most facile method for inferring tRNA gene function

has been the use of tRNAscan-SE covariance model bit scores, which quantify similarity to

primary sequence and secondary structure profiles derived from an alignment of reference
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tRNAs (Lowe and Eddy 1997; Chan et al., n.d.). However, comparison to RNA Polymerase III

ChIP-seq data from multiple mouse tissues (Kutter et al. 2011) suggests that high covariance

model bit scores do not always correspond to occupancy by RNA Polymerase III (Pol III)

(Supplemental Figure S1). More generally, this is therefore consistent with the idea that

tRNAscan-SE bit scores alone are not strongly predictive of gene expression.

To improve prediction of tRNA functional roles and better understand the basis of

tRNA gene regulation in mammals, we evaluated many additional sequence features easily

obtained from a single reference genome (Figure 2.1). We explored genomic features

correlated with activity based on comprehensive epigenomic data across 127 human tissues

and cell lines (Roadmap Epigenomics Consortium et al. 2015), and then reduced this set to

just those yielding the best predictions for our training data (Table 2.1).

To create our predictive model, we evaluated and incorporated two types of

function-predictive statistics: intrinsic features related to tRNA gene sequence, and extrinsic

features derived entirely from the genomic context. First, we reasoned that highly expressed

tRNA genes should generally encode strong internal promoter sequences, and their

transcripts must fold stably into the canonical tRNA structure. Both of these types of

information are incorporated into tRNAscan-SE bit scores (Chan et al., n.d.). Furthermore,

our previous study found that tRNA gene conservation is highest for actively transcribed

tRNA genes, presumably due to stronger purifying selection on required sequence features

(Thornlow et al. 2018). Thus, we included tRNA gene conservation in the form of the phyloP

score, a nucleotide-level quantitative measure of conservation using multiple alignments

(Pollard et al. 2010). We also assessed the correlation of gene activity with the length of each

pre-tRNA’s 3’ tail, measured by the nucleotide distance from the end of the mature tRNA

gene to the beginning of the poly(T) transcription termination sequence (Allison and Hall

1985; Koski et al. 1980). Multiple studies on tRNA transcription termination (R. J. Maraia,

Kenan, and Keene 1994; Hamada et al. 2000; Orioli et al. 2011; Arimbasseri, Rijal, and

Maraia 2013) observed that the RNase Z-trimmed 3’ sequences vary in overall length,
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composition, and terminator strength (poly(T) length), each potentially affecting tRNA

maturation and processing.

We found that tRNAscan-SE bit scores and average phyloP scores across tRNA

gene sequences are significantly correlated with tRNA gene activity based on epigenomic

data. We also found that the total number of tRNA genes with identical anticodons and the

distance to transcription termination sites are significantly anti-correlated with activity, as

higher anticodon redundancy in tRNA genes and tRNA genes with more distal transcription

termination sites are more frequently inactive (Roadmap Epigenomics Consortium et al.

2015; Thornlow et al. 2018); Spearman’s rank correlation, p < 1×10-4 for all comparisons).

Second, because mRNA expression depends heavily on local chromatin context, we

explored features of the genomic environment. Protein coding genes in regions rich in CG, or

CpG, dinucleotides are known to be more frequently expressed (Gardiner-Garden and

Frommer 1987; Krinner et al. 2014). Gardiner-Garden and Frommer define CpG islands

scores as the observed frequency of CpG dinucleotides compared to their expected

frequency given the G+C content of a region. We found that these scores, when calculated

for the 350 bases upstream of each gene, are significantly correlated with active tRNA genes

(Spearman’s rank correlation, p < 2.1×10-24). Similarly, the frequency of CpG dinucleotides

spanning from 350 bases upstream to 350 bases downstream of each tRNA gene is even

more significantly correlated with expression (Roadmap Epigenomics Consortium et al. 2015;

Thornlow et al. 2018); p < 1.9×10-27).

We also previously found that the putatively neutral regions flanking highly expressed

tRNA genes are more divergent, consistent with transcription-associated mutagenesis

(Thornlow et al. 2018). We observed that the average phyloP score of the 20-nucleotide 5’

flanking regions of tRNAs is significantly anti-correlated with tRNA gene activity, as active

tRNA genes more often have highly divergent flanking regions (Roadmap Epigenomics

Consortium et al. 2015; Thornlow et al. 2018; p < 8.9×10-16). Finally, based on an expectation

for increased chromatin accessibility for tRNA genes near other genes, we found that tRNA
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genes are indeed more likely to be in an active chromatin state if near protein-coding genes

(p < 8.9×10-5) or other tRNA genes (p < 9.7×10-7).

We hypothesized that some combination of both intrinsic and extrinsic features could

enable robust computational inference of potential for tRNA gene activity (Figure 2.1). To

develop an integrated model, we tested several common frameworks, including random

forest (RF), logistic regression, and support vector machines. The RF classifier was most

effective, achieving the greatest area under the Receiver Operating Characteristic curve

(AUC, Figure 2.2A-B) based on ten-fold cross-validation of human tRNA gene data and

subsequent application, without retraining, to mouse tRNA gene data (Methods).
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Figure 2.1: Schematic of tRNA activity classifier and key features used in prediction.
(A) Flowchart of analysis pipeline, which extracts tRNA information solely from genomic data
and classifies tRNA genes as active or inactive. Green blocks indicate files not created by the
pipeline. By default, the method uses a Cactus graph (Armstrong et al. 2019), which is a
reference-free whole genome alignment, and a genome annotation file as input. (B) Active
tRNA genes generally have more CpG dinucleotides in their 350 base pair upstream flanking
regions, more proximal transcription termination sequences (“TTTT”), are within 75 kb of
more exons, have more highly conserved gene sequences and more evolutionarily divergent
20-nucleotide 5’ flanking regions.
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2.3: Features derived from CpG islands are most informative.

To better understand and improve our classifier, we determined the relative

importance of each feature in our random forest model (Table 2.1; (Pedregosa et al. 2011). All

features contribute to model accuracy and are significantly correlated with the activity labels

(Spearman’s rank correlation, p < 1×10-4 for all features). Among high-confidence tRNA

genes, as determined by tRNAscan-SE (Chan et al., n.d.), the most informative features

predictive of activity (Feature Importance, Table 2.1); (Pedregosa et al. 2011), are derived

from CpG content at each tRNA locus. Upon comparing our CpG data to epigenomic data for

each mouse tRNA gene (Bogu et al. 2015), we find that both CpG density and CpG islands

scores are exceptionally highly correlated with breadth of activity (Spearman’s rank, p <

2.4×10-78 for CpG Density, p < 5.0×10-61 for CpG Islands Score). This supports the idea that

CpG-derived genomic data are particularly highly informative of tRNA gene activity.

One might expect that the tRNAscan-SE general bit score should be the most

informative single feature. However, we start with relatively high quality tRNAs with likely

pseudogenes already removed using the tRNAscan-SE bit score-based high-confidence filter

(Chan et al., n.d.). Thus, for a starting set of tRNAs already vetted for reasonably strong

features, the contribution of the tRNAscan-SE bit score to the model is marginally smaller

than other features not previously used to estimate gene function. By incorporating both tRNA

gene sequence and genome context, our classifier represents a substantial improvement

over using tRNAscan-SE covariance bit scores alone.
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Table 2.1: Both intrinsic (tRNA-specific) and extrinsic (genome context) features are
integral to the model. All features included in the model with their relative importance values
as measured by decrease in node impurity by scikit-learn ((Pedregosa et al. 2011); see
Methods). Greater feature importance scores indicate greater contribution to discrimination
between active and inactive tRNA genes by the model. The Active Mean and Inactive Mean
columns refer to the mean value across all human tRNA genes in our training set that are
known to be active and inactive, respectively, with 95% confidence intervals (CI) in
parentheses, calculated for each mean using bootstrapping. Minimum free energy of
canonical tRNA structure refers to the minimum free energy when constrained to folding into
the canonical cloverleaf secondary structure (Lorenz et al. 2011). For calculating CpG-related
statistics, we consider the tRNA locus to begin 350 bp upstream and end 350 bp downstream
of the gene. To calculate the phyloP score in the 5’ flanking region, we considered only the 20
bp immediately upstream of each tRNA gene. As examples, the human tRNA genes
predicted most likely active (Glu-CTC-1-1) and most likely inactive (Lys-CTT-11-1), across all
human tRNAs, are shown, as well as two examples from the same anticodon family
(tRNA-Gln-TTG), one active and one inactive. For the distance to the nearest transcription
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termination sequence, if the motif “TTTT” was not found within 350 nucleotides of a tRNA
gene, 351 was used as its value, as is the case for Lys-CTT-11-1.

2.4: tRAP is 94% accurate in classifying mouse tRNA genes based on epigenomic data.

Because our classifier was trained using comprehensive epigenomic data mined from

human tRNA gene loci (Roadmap Epigenomics Consortium et al. 2015); Supplemental Table

S3), we required an independent data set to validate our predictions. Therefore, we tested the

accuracy of our classifier using epigenomic data evaluating histone marks at mouse tRNA

genes across 9 tissues from (Bogu et al. 2015). Our mouse tRNA gene set contains 376

genes, with 259 observed as active and 117 believed silent based on epigenomic data. Our

classifier predicted that 264 of these genes are active and that 112 are inactive, correctly

categorizing 353 tRNA genes and achieving 93.9% accuracy (Figure 2.2B-D). Of the 23

misclassified mouse tRNA genes, 14 are misclassified as active and 9 are misclassified as

inactive. We note that these genes are not biased by isotype, nor by genomic location, and

are therefore most likely misclassified for a variety of reasons (Supplemental Table S5). To

ascertain the performance of our classifier on non-conserved tRNA loci between human and

mouse, we also tested the classifier on only the 184 mouse tRNA genes in our test set

without syntenic human orthologs. We correctly classify 167 such genes, achieving 90.8%

accuracy in this highly biased subset of tRNA genes.

Figure 2.2: Random forest classifier achieves 94% accuracy on mouse tRNA genes.
Receiver operating characteristic curves for random forest (blue), logistic regression (red) and
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support vector machine (yellow) upon application to (A) human training data with ten-fold
cross-validation and (B) mouse test data are shown. The number of mouse tRNA genes
predicted as (C) active and (D) inactive are compared to the number of tissues in which they
are actively transcribed according to (Bogu et al. 2015). We considered a mouse tRNA gene
active if it is actively transcribed in at least one tissue.

2.5: Classification without alignment or annotation is similarly accurate.

We developed our method such that it could potentially be applied to any species

with a sequenced genome. For best performance, we used a Cactus graph (Armstrong et al.

2019; Paten, Diekhans, et al. 2011; Paten, Earl, et al. 2011; N. Nguyen et al. 2015), which is

a reference-free whole genome alignment. Usage of a Cactus graph enhances detection of

synteny and facilitates extraction of alignments for specific regions in multiple genomes. The

Cactus graph used in this study includes 29 mammalian genomes (Table 2.2).

Nonetheless, we recognize that Cactus graphs are not yet available for all species.

To accommodate species for which no alignments or protein-coding gene annotations have

been developed, we included an option to omit the requirement of this feature information.

Use of this simplified classifier led to decreases in accuracy in both human (AUC = 0.927,

91.8% accuracy compared to AUC = 0.942 and 93.2% accuracy in the full model) and mouse

(AUC = 0.974, 92.6% accuracy compared to AUC = 0.979 and 93.9% accuracy in the full

model), which may be exacerbated upon application to more phylogenetically distant species.
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Table 2.2: Genome, species and assembly information for all species found in the Cactus
graph used in our study. For the orangutan genome, an assembly prior to submission to
GenBank was used. Therefore, our coordinates and annotation do not precisely match up to
those found in Susie_PABv2.

2.6: ChIP-seq, DM-tRNA-seq and ATAC-seq data independently validate our

classifications in additional species.

To further validate our model, which was trained on human chromatin data, we

compared our predictions to RNA Polymerase III (Pol III) ChIP-seq data previously collected

from the livers of four species (Mus musculus, Macaca mulatta, Rattus norvegicus and Canis

lupus familiaris; (Kutter et al. 2011). While Pol III ChIP-seq measures Pol III occupancy rather

than transcription, it is a requirement for transcription, and our usage of ChIP-seq data

instead of transcription data ameliorates the common problem of mature tRNA transcripts

mapping ambiguously to multiple tRNA loci. We found roughly expected agreement between

our classifications and the Pol III ChIP-seq read counts from a single tissue (Figure 2.3A-D).

Our predictions are similarly accurate when compared to mouse muscle and testes ChIP-seq

data.
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We predicted many tRNA genes as active despite a lack of Pol III-binding at these

loci in liver, muscle, and testes. This is a consequence of our methodology, as our model

does not predict activity in specific tissues, but is instead trained to predict tRNA genes as

active if epigenomic data indicates active transcription in at least one of many tissues

(Roadmap Epigenomics Consortium et al. 2015). For example, in mouse, 259 total tRNA

genes are active in at least one tissue based on the epigenomic data, but 90 of these (35%)

are not expected to be active in the liver based on the same data. Based on human and

mouse epigenomic data, a large proportion of tRNA genes are expressed exclusively in stem

cells and cell lines (A. Holmes 2018). This may explain many of the discrepancies we

observe in predicting tRNA genes as active that do not have any evidence for Pol III

occupancy in one or a small number of differentiated tissues. We predict the brain-specific

mouse tRNA gene, tRNA-Arg-TCT-4-1 (Ishimura et al. 2014), which has no ChIP-seq reads in

mouse liver, muscle or testes (Kutter et al. 2011), as active with 0.664 probability. This is

consistent with our goal to predict any tRNA gene with known activity in any tissue as active.

Our model predicted 120 (macaque), 67 (rat) and 142 (dog) tRNA genes as active

despite Pol III ChIP-seq read counts of zero in the liver (Kutter et al. 2011). Although

ChIP-seq has not been performed on macaque, rat and dog tRNA loci for any other tissues,

we find that virtually all tRNA genes with measured Pol III binding are predicted to be active

by our classifier. Among tRNA genes with Pol III ChIP-seq read-counts greater than zero, we

predicted that 95.3% are active in mouse, 97.3% in macaque, 98.3% in rat and 98.5% in dog.

This consistency in tRNA distributions and classifier behavior across species suggests that

the classifier is similarly accurate in mouse, macaque, rat and dog (Figure 2.3).

As additional validation, we have compared our predictions to new tRNA transcript

abundance data for mouse brain and liver, collected by our lab using DM-tRNA-seq (Zheng et

al. 2015). Compared to other assays, DM-tRNA-seq is a more direct measure of transcript

abundance. However, because this sequencing method captures mostly mature tRNA

transcripts, we were limited to only the 153 single-copy mouse tRNA loci in our data set, as it
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is impossible to determine the source loci for transcripts produced by multi-copy tRNA genes.

We conducted DM-tRNA-seq in mouse liver and brain in three replicates each, and compared

the average normalized read counts across each tissue to our activity predictions for each

single-copy tRNA gene (Figure 2.3E-F, see Methods). Our DM-tRNA-seq data supports the

tissue specificity of tRNA-Arg-TCT-4-1, as we see moderate expression across all of our brain

replicates, and detect no expression in any of our liver replicates. We also found that our

DM-tRNA-seq data from mouse liver is significantly correlated with the Pol III ChIP-seq data

from mouse liver (Spearman’s rank, p < 3.6×10-29). When we consider tRNA genes with an

average of at least 20 reads in either tissue to be active and all others to be inactive, we

achieve 84% accuracy, which may be a low estimate based on the small number of tissues

tested.

To validate our predictions in more species, we used ATAC-seq data captured in liver,

CD4 and CD8 cells for the cow, pig and goat genomes (Foissac et al. 2018). We compared

our predictions to the ATAC-seq peaks across these tissues for the regions spanning 250

base pairs upstream and downstream of each tRNA gene (Supplemental Figure S6-S7).

Again, due to the inclusion of only a small subset of tissues in this data, many tRNA loci that

do not show activity in these tissues but were predicted as active by our model may be active

in other tissues. Among tRNA genes with ATAC-seq peaks, we predicted 90.4%, 95.1%, and

90.8% as active in cow, goat and pig, respectively. These results are comparable to

measurements obtained from ChIP-seq data in mouse, macaque, rat and dog.
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Figure 2.3: Classification of gene activity based on genomic data achieves similar
results to Pol III ChIP-seq analysis in four species and DM-tRNA-seq in two tissues.
Probability scores output by the classifier for (A) mouse, (B) macaque, (C) rat and (D) dog are
shown on the x-axis where tRNA genes further left are predicted inactive with greater
probability, and tRNA genes further right are predicted active with greater probability. The
y-axis shows Pol III ChIP-seq read counts from the liver of each species for each tRNA gene,
from (Kutter et al. 2011). Similar patterns are observed for predicted active versus inactive
mouse tRNA genes with uniquely mapping DM-tRNA-seq data, comparing to the average
normalized read count across three replicates in (E) mouse liver and (F) mouse brain.

2.7: tRNA gene classifications follow similar distributions across the eutherian

phylogeny.

We applied our model to 29 mammalian species (Figure 2.4, Table 2.2) to glean new

insights into the evolution of tRNA complements. We determined the distributions of active

and inactive tRNA genes by anticodon across these species, finding that most species have

approximately 250-350 predicted active genes, comprising roughly 75% of their tRNA gene

sets. We observe similar distributions by clade, with a few exceptions. Bos taurus, Capra
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hircus and Orcinus orca (cow, goat and orca, respectively) have more than 300 tRNA genes

predicted inactive while no other species has more than 154. This most likely reflects

decreased ability of tRNAscan-SE to discriminate tRNA-derived SINEs (short interspersed

nuclear elements) from tRNA genes in these species (Chan et al. 2019). Furthermore, we

verified that all species had at least one tRNA gene predicted as active for each expected

anticodon (Grosjean et al. 2010), with only three exceptions that likely represent genome

assembly errors.

2.8: Establishing mammalian ortholog sets enables further evolutionary analysis of

tRNA gene regulation.

In order to investigate the relationship between evolutionary conservation and

transcriptional activity, we developed a complete set of placental mammal tRNA gene

orthologs using a Cactus graph (Armstrong et al. 2019). Cactus graphs are state-of-the-art

alignments that allow greater detection of synteny across many species. Of the 11,724 tRNA

genes in our 29-species alignment, 3,554 genes in total, or about 123 per species on

average, appear to be species-specific, although this may be an overestimate due to our

limited ability to definitively call orthologs. The rest were grouped into 1,097 ortholog sets. Out

of these, 750 ortholog groups contain only tRNA genes predicted to be active, approximately

mirroring the distribution of active to inactive tRNA genes predicted at the species level

(Figure 2.4B). On average, each of our 1,097 ortholog sets spans 7.4 species, indicating that

tRNA genes are generally either fairly deeply conserved or recently evolved. In aggregate,

this is consistent with prior studies in Drosophila showing that tRNA genes can be “core” or

“peripheral” (Rogers, Bergman, and Griffiths-Jones 2010).

We identified a “core” set of 97 primate tRNA genes for which all seven primate

species (human, chimpanzee, gorilla, orangutan, macaque, Microcebus murinus (gray mouse

lemur) and Aotus nancymaae (Nancy Ma’s night monkey)) have a syntenic ortholog, which

are of interest for future experimentation (Supplemental Figure S10). These represent tRNA
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genes likely present in the primate common ancestor that have not been lost in any lineage

leading to the sampled genomes. These genes encode 19 amino acids. A single standard

amino acid isotype is not represented: cysteine. tRNA-Cys genes are often present in high

numbers, and every species in the primate phylogeny has at least 19 of these genes.

However, these genes are prone to accumulating nucleotide substitutions, as the human

genome contains 23 unique high-confidence tRNA-Cys-GCA gene sequences, the most of

any isotype. Therefore, the lack of a “core” eutherian tRNA-Cys gene may be due to relatively

rapid evolution of this gene family, or perhaps difficulty in alignment due to their high variation

in sequence.

In 15 of these 97 “core” ortholog sets, we predicted at least one member of the

ortholog group to be active and at least one inactive among the different primate species.

Across all 97 “core” ortholog sets, we predict 98% of all member tRNA genes as active,

consistent with the previously mentioned correlation between  tRNA gene conservation and

transcriptional activity. Additionally, upon comparison to measurements of Pol III-specific

transcription factors (Canella et al. 2010), we find that all 97 “core” human tRNA genes have

peaks greater than zero.
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Figure 2.4: Placental mammals demonstrate consistent distributions of predicted
active and inactive tRNA genes. (A) Estimated transition probabilities between each
predicted activity state over a branch length of 1 million years using RevBayes. The
probabilities of transition from inactive to active (0.001) and from active to inactive (0.002) are
in bold. (B) The number of tRNA genes in each predicted activity class are shown for each
species in our phylogeny (Hedges, Dudley, and Kumar 2006), after removal of tRNA genes in
segmental duplications. For human and mouse, tRNA genes with no epigenomic data are
excluded from this table as well (see Methods).

2.9: Transitions between active and inactive are rare.

We fit all of our ortholog sets and the predicted activity states of their constituent

genes to a Markov model of evolution of discrete characters using RevBayes (Höhna et al.
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2016) (Figure 2.4A, see Methods). By fitting our data to the model, we estimated transition

probabilities to and from three states: active, inactive, and absent (no detected ortholog). We

held the phylogeny constant and solved only for the transition rate parameters. Our model

finds that the probability of observing a tRNA gene transition from active to inactive for a

given tRNA gene over 1 million years is only 0.002 (Figure 2.4A), suggesting that activity

state transitions are rare.

Our classifier does well to detect these rare transition events. There are 183

human/mouse ortholog pairs spanning our training and test data sets, and in 171 (93%) of

them, human and mouse have the same activity state based on epigenomic data. However,

we correctly classified 180 human (98%) and 177 mouse (97%) tRNA genes within this set,

indicating that we detected activity state changes between these species, including 11 human

tRNA genes and 8 mouse tRNA genes whose activity states differ from their orthologous

counterparts. Assuming that the activity state of orthologous tRNA genes remains constant

across closely related species would yield largely accurate activity state predictions for

annotating tRNAs in additional new species. However, our classifier represents an

improvement over this assumption, and is particularly applicable to species-specific tRNA

genes, which are especially common and have no ortholog data.

Inactive tRNA genes that are conserved most often remain inactive (Figure 2.4A),

hinting at undiscovered biological roles for conserved, apparently silent tRNA genes. We also

observed some variation in the relative transition probabilities within clades. Primate tRNA

genes are less likely to remain in their initial predicted activity state than rodent tRNA genes.

This is consistent with prior studies on the rate of evolutionary change of protein coding gene

expression between clades (Brawand et al. 2011; Necsulea and Kaessmann 2014) but likely

also reflect differences in sample size between clades. Based on our results, turnover in

tRNA gene expression class generally appears to be slow, similar to the expression of protein

coding genes (Brawand et al. 2011).
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2.10: Discussion

Greater understanding of tRNA regulation is a difficult and unmet challenge. There

are many obstacles preventing direct measurement of expression at the gene level, including

extensive post-transcriptional modifications impeding sequencing, and multiple genomic loci

encoding identical transcripts. Nonetheless, we show that accounting for the genomic context

allows for improved tRNA gene annotation, and that in order to determine the transcriptional

potential of tRNA genes, direct measurement across many tissues is not necessarily required

if the gene sequence and genomic context is known. We leverage features intrinsic to tRNA

genes, which relate directly to tRNA function and processing, as well as those extrinsic, which

relate to regulation of the chromosomal region.

There are numerous challenges to validating any method for predicting tRNA

transcriptional potential. Comprehensive epigenomic data is available for only a few species.

Similarly, ChIP- and ATAC-seq data are generally conducted only on a few tissues for a few

species of interest. The prevalence of identical tRNA genes in most placental mammal

genomes also prevents the identification of source loci for tRNA transcript sequencing data

and further limits our ability to support our predictions. However, this relative scarcity of

available data motivates the creation of our classifier. Our estimates are comparable to

experimental results, but with much greater ease of use and cost-effectiveness. Epigenomic

data (Bogu et al. 2015; A. Holmes 2018) indicate that only 8% of mouse tRNA genes in our

test set are active in all nine tissues, and 13% are expressed in only one tissue. This

suggests that tissue-specificity of tRNA expression is common. This is an area of great

interest (Ishimura et al. 2014), but few examples have been characterized. Because our

classifier infers expression in at least one tissue, our methods will be useful in guiding

experiments to find more examples of tightly regulated tRNA genes.

The genome-based nature of this method allows for expansion to incorporate much

more data in the future. For example, variation within populations may be useful for predicting

relative transcript expression within gene families. We previously determined that actively
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transcribed tRNA genes accumulate more rare single nucleotide polymorphisms (SNPs) in

both their flanking regions and gene sequences (Thornlow et al. 2018). Therefore, we expect

that when population variation data is available for more species, we may infer expression

differences at narrower timescales. The model may also be expanded to accommodate

non-binary classification of expression levels in different tissue types, and capture the nuance

of tRNA gene expression regulation. This approach might also be adapted for the study of

other large gene families, as we have previously shown that histone protein coding genes

exhibit similar genetic variation to tRNA genes (Thornlow et al. 2018).

In conclusion, we demonstrate reliable classification of tRNA genes using an

algorithm that requires little input data and can easily be expanded in the future. Annotations

created by our method will be useful in prioritizing tRNA characterization experiments, as well

as interpreting the biological effects of mutations in and surrounding tRNA genes. This work

informs the broader question of tRNA gene function evolution, illustrating that tRNA gene

expression regulation is dependent on the tRNA gene sequence as well as the varied

genomic environment.

2.11: Methods

For the training data, we used coordinates from human genome assembly GRCh38

for tRNA genes not removed by the tRNAscan-SE high confidence filter (Chan and Lowe

2016; Chan et al., n.d.). For all species, including human and mouse, we extracted the

genomes from our Cactus alignment (Armstrong et al. 2019); Supplemental Table S6), ran

tRNAscan-SE 2.0 and applied the EukHighConfidenceFilter to exclude tRNA pseudogenes

and tRNA-derived SINEs (Chan et al., n.d.). We used custom Python scripts to find tRNA loci

that were identical from 80 nucleotides upstream to 40 nucleotides downstream of the gene

start and end. We considered these segmental duplications and excluded them from

classification. If any of these loci also did not align to any tRNA loci in any other species, they

were also removed from our ortholog calls, as they most likely represent assembly errors. For
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genome assemblies in which at least 85% of nucleotides were found on chromosomes, we

excluded all tRNA genes not found on chromosomes. For the human tRNA gene set,

because our epigenomic data is based on GRCh37 assembly gene annotations, we removed

any tRNA genes that were not included in the older assembly (determined by performing

liftOver (Casper et al. 2018) conversion from GRCh38 to GRCh37), as well as genes in

segmental duplications in either assembly.

We used the PHAST (Hubisz, Pollard, and Siepel 2011) and HAL (Hickey et al. 2013)

toolkits to generate phyloP data, and RNAfold (Lorenz et al. 2011) to estimate minimum free

energy, using the constraints on secondary structure output by tRNAscan-SE 2.0. We used

custom Python scripts in conjunction with tRNAscan-SE 2.0 output and genome annotation

files (accession numbers listed in Table 2.2) to obtain data for all other features. When phyloP

data were unobtainable due to lack of alignment, we replaced feature values for each tRNA

gene with the mean value for that feature across all tRNA genes in that species, using the

SimpleImputer() module in scikit-learn (Pedregosa et al. 2011). We used scikit-learn to train

the model and classify each gene (Pedregosa et al. 2011). Our pipeline and corresponding

data are available in the Supplemental Material, as well as at https://github.com/bpt26/tRAP/.

We used Spearman’s rank correlation test to ensure that no features were perfectly

correlated (Guyon and Elisseeff 2003). We used CfsSubsetEval (Hall et al. 2009) to remove

uninformative features and scikit-learn to determine feature importance (Pedregosa et al.

2011). To determine the threshold distances for the “Exons Within 75 Kilobases” and “tRNA

Genes Within 10 Kilobases” features, we conducted the Mann-Whitney U test for several

threshold distances and selected the distance that yielded the smallest p-value.

To train and test our model, we used epigenomic data from the NIH Roadmap

Epigenomics Program (Roadmap Epigenomics Consortium et al. 2015) and the chromatin

state-associated gene study in mice (Bogu et al. 2015) for human and mouse tRNA gene

activity states, respectively. These studies used histone marks to identify regions of active

transcription across 127 human tissues and 9 mouse tissues, respectively. In both species,
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we excluded tRNA genes for which epigenomic data was not available, and tRNA genes

contained within large segmental duplications. Our training set includes 366 human tRNA

genes, 303 active and 63 inactive. For both species, we considered tRNA loci as active if they

had an open chromatin state in at least one tissue. We considered all others to be inactive. To

determine performance on the human data, we used ten-fold cross-validation, as is

commonly used for gene classification studies (McLachlan, Do, and Ambroise 2005; Chen et

al. 2018; Sethi et al. 2018). We also tested three-fold cross-validation, but observed very little

difference in the model. To validate our model, we compared our classifications to ChIP-seq

read counts taken directly from Kutter et al 2011 and ATAC-seq peaks taken directly from

Foissac et al 2018, using liftOver (Casper et al. 2018) conversion to accommodate

differences in genome assembly.

For information on library preparation methods for DM-tRNA-seq assays, see

Supplemental Methods. Following sequencing, we used a specialized tRNA sequencing data

analysis pipeline available at https://github.com/UCSC-LoweLab/tRAX, which aligns reads to

the tRNA transcripts and reference genome, and compute normalized read counts for each

transcript. Because some tRNAs have multiple identical copies in the genome, those

sequencing reads were aligned to all corresponding gene loci. To avoid ambiguities, we

analyzed only the single-copy tRNA gene loci in this study, as well as only the reads

corresponding to whole tRNA molecules.

We used hal2maf to create 29-way alignments for all tRNA loci of interest for the

species in our phylogeny (Hickey et al. 2013). For each tRNA locus, we considered the best

aligning tRNA locus from all other species as orthologous, allowing only one ortholog per

species per locus. We allowed tRNA genes in segmental duplications to be included, but only

if they had an ortholog in at least one other species, as species-specific segmental

duplications may be the result of assembly errors. We augmented our ortholog sets with

syntenic human/mouse, human/dog and human/macaque tRNA gene ortholog pairs from (A.

Holmes 2018). For all instances in which each tRNA gene in a Holmes 2018 ortholog pair
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aligned to mutually exclusive sets of species in our Cactus graph, we combined them into one

ortholog set. We found that 29 Holmes 2018 human-mouse ortholog pairs align to each other

in the Cactus graph, 152 align to mutually exclusive sets of species in our Cactus graph, and

17 align to overlapping sets of species in our Cactus graph. Therefore, we combined the 152

human-mouse tRNA gene pairs with the corresponding ortholog sets defined by our Cactus

graph into larger ortholog sets.

We used a phylogeny from TimeTree (Kumar et al. 2017) and fit our data to a Markov

model using RevBayes (Höhna et al. 2016). We held the phylogeny constant and allowed

RevBayes to optimize only the Q matrix using our tRNA data. We then determined transition

probabilities over 10 million years using the RevBayes function getTransitionProbabilities()

across all species (Figure 2.4A) and by clade.
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Chapter 3: Stability of SARS-CoV-2 Phylogenies

3.1: Background

The SARS-CoV-2 pandemic has led to unprecedented, nearly real-time genetic

tracing due to the rapid community sequencing response. This global sequencing effort is

inherently decentralized and must rely on data collected by many labs using a wide variety of

molecular and bioinformatic techniques. Therefore, a strong possibility exists that systematic

errors associated with lab-specific practices affect a non-negligible number of analyzed

sequences. These errors may be created or accentuated when samples that contain

unidentified sequencing errors are incorporated into the phylogenetic tree. Defining stable

and easily referenced major clades of the virus is essential for epidemiological studies of viral

population dynamics (Rambaut et al., n.d.; Mavian et al., n.d.). An understanding of how

errors might be affecting the trees that are being published is essential to achieving that goal.

It can be difficult to distinguish sequencing errors of different types from genuine

transmitted and non-transmitted mutations in genome sequences. Taking a conservative

approach, many researchers remove mutations that are observed only once during the

evolution of the virus when constructing a phylogenetic tree, as these may be more likely to

be errors (Rayko and Komissarov, n.d.; Akther et al. 2020), or non-transmitted mutations.

However, systematic errors, where the same error from a common source is introduced many

times in otherwise distinct viral genome sequences, are not removed by that approach

(Freeman et al. 2020; NicolaDeMaio et al. 2020). These are more problematic, as they can

appear as if they are genuine transmitted mutations. This might result from recurring errors in

data generation or processing, or due to contamination among samples. Each case induces

an apparent mutation that may be challenging to rectify with the real structure of the viral tree.

Consequently, systematic errors can produce support for erroneous relationships between

viral isolates and destabilize tree-building efforts. One possible approach is to mask out
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specific sites in the genome sequence where recurring errors are suspected, as suggested

previously (NicolaDeMaio et al. 2020). However, genuine recurrent mutations that may

contain important information about properties of viral evolution (van Dorp et al. 2020, n.d.; B.

Korber et al., n.d.; Yi 2020; Lythgoe et al., n.d.) are sometimes hard to distinguish from

recurrent systematic errors, and this could obscure important biology.

Another basic problem in current investigations of viral evolution is widespread

phylogenetic uncertainty. Many groups have inferred phylogenetic trees with widely varying

goals. Consequently, resulting topologies vary dramatically in structure, owing to differences

in analysis choices and to phylogenetic uncertainty stemming from limited genetic diversity in

the expanding viral populations. Consistent approaches for identifying commonalities and

rectifying differences among trees are therefore foundational to the efforts to characterize

viral evolution and epidemiology. A maximally stable topology is essential for consistent

nomenclature and facilitating conversations between research groups (Dellicour, Durkin,

Hong, Vanmechelen, Martí-Carreras, Gill, Meex, Bontems, André, Gilbert, Walker, De Maio,

Hadfield, et al., n.d.; Rambaut et al., n.d.).

In this chapter, I examine both systematic errors and phylogenetic uncertainty. First, I

demonstrate that hundreds of samples in the current SARS-CoV-2 sequencing datasets are

affected by lab-associated mutations, which are potentially erroneous (see also

(NicolaDeMaio et al. 2020)). These mutations distort phylogenetic inferences at scales most

relevant to local lineage tracing and impact inferred patterns of mutational recurrence and

recombination. However, many can be identified and removed by cross-referencing patterns

of recurrence against the source sequencing lab, and we provide automated methods for

detecting suspicious and highly recurrent mutations. Second, to facilitate communication and

comparison across different SARS-CoV-2 phylogenies, we develop approaches for efficiently

comparing and visualizing differences among trees. The tools outlined here have since been

widely adopted by the SARS-CoV-2 research community.
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The text of this dissertation includes reprints of the following previously published

material: Turakhia, Y.*, De Maio, N.*, Thornlow, B.*, Gozashti, L., Lanfear, R., Walker, C. R.,

... & Corbett-Detig, R. (2020). Stability of SARS-CoV-2 phylogenies. PLoS Genetics, 16(11),

e1009175. The co-authors listed in this publication directed and supervised the research

which forms the basis for the dissertation.

3.2: Systematic error could be mistaken for recurrent mutation or recombination.

Non-random errors can present a fundamental challenge for phylogenetic inference

and to the interpretation of viral evolutionary dynamics. There are at least four possible

sources of (real or apparent) mutations that recur within independent lineages in a tree, and

each makes distinct predictions about the source of recurrent mutations (Table 4.1). In

particular, recent work has shown a strong bias towards C>U mutation in the SARS-CoV-2

genome (Rayko and Komissarov, n.d.; Dellicour, Durkin, Hong, Vanmechelen, Martí-Carreras,

Gill, Meex, Bontems, André, Gilbert, Walker, De Maio, Hadfield, et al., n.d.; Rice et al., n.d.;

Xia 2020). Systematic errors, which usually result from consistent errors in molecular biology

techniques or bioinformatic data data processing, need not reflect this bias and are not

subject to natural selection. We therefore anticipate that many systematic errors will affect

many mutation types, modify protein sequences, and strongly correlate with genome

sequences generated in particular labs (NicolaDeMaio et al. 2020).

Table 3.1: Expectations for various sources of apparent recurrent mutation.
*As defined in the main text (below). **Owing to ours and previous works, we expect that
most recurrent mutations will usually demonstrate a C>U bias; however, this may not be
uniformly the case for example in mutation hotspots.

3.3: Many apparently recurrent mutations found in SARS-CoV-2 genome sequences
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To examine patterns of recurrent mutation we employ a simple statistic, the

parsimony score, which is the count of the minimum number of unique mutation events

consistent with a tree and sample genotypes ((Fitch 1971; Sankoff 1975), computed using

our software from https://github.com/yatisht/strain_phylogenetics, Methods). More

sophisticated statistics could be employed, but this simple one is effective, is readily

interpretable, and can be computed rapidly. We restrict most analysis to bi-allelic sites, i.e.

sites that contain one the allele in the reference genome from the root of the tree (here and in

Nextstrain this is, Wuhan-Hu-1, obtained in December 2019 in the city of Wuhan) and a

single alternate allele. Across the 4/19/2020 Nextstrain tree, we found 2533, 395, 94, 40, and

44 bi-allelic sites with parsimony score one, two, three, four, and five or more, respectively

(Figure 4.1). In particular, there is a strong “on diagonal” component of the data that is

defined by a linear relationship between the log of the alternate allele count and parsimony

score (dashed line in Figure 4.1A, log2-based slope = 3.188). These mutations reoccur

across the phylogeny at exceptional rates relative to their allele frequencies. Hereafter, we

refer to the set of variants in this on-diagonal group as extremal sites (blue, red, and orange

in Figure 4.1A). This relationship suggests that the extreme accumulation of independent

clades for the alternate allele is logarithmically related to the number of instances of the

alternate allele in the phylogeny (Figure 4.1B). This suggests that even the most mutable or

error prone sites in the genome will sometimes have alternate alleles grouped into clades

during phylogenetic inference thereby appearing to be inherited.
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Figure 3.1: The relationship between alternate allele count and parsimony score. (A)
The relationship between alternate allele count and parsimony score. Point radius indicates
how many sites share a single parsimony score and alternate allele count. Several
noteworthy recurrent mutations are labelled. Note that the X-axis is log-scaled. (B) The sizes
of independent clades for the same alternate allele arranged in descending order. The
number of lineages per clade is shown on logarithmic scale facilitating comparison with Panel
(A). These data indicate that when alternate allele clade sizes for a given site are sorted in
decreasing order, their sizes are reduced going from left to right by a multiplicative factor at
each step, consistent with the log-linear relationship displayed in Panel (A). Mutations with
remarkably high recurrence are shown with color reflecting their properties: lab-associated
(red), recurrent and associated with a poly-U stretch (blue), and high frequency with many
forward and backward mutations (purple). Grey lines in the background are the same values
but for all other mutations with parsimony score 4 or greater. The values in parentheses in the
mutation  names indicate the number of unique clades associated with the alternate allele.
Note that in some cases, this extends beyond the limit of the X-axis and that the Y-axis is
log-scaled for visibility. (C) An example of the observed patterns of evolution at one highly
recurrent site with reference allele U and alternate allele G, site 13402 and parsimony score
14, where 14 alternate allele clades (in red) each represent an apparently independent
incidence of the mutation substituting the alternate allele.
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3.4: SARS-CoV-2 data contains many lab-associated errors.

To search for systematic errors associated with a particular lab, we extracted the set

of sites with parsimony score 4 or more. We then flagged sites as lab-associated mutations if

more than 80% of the samples containing the alternate allele were generated by a single

group. Using this heuristic approach, we found 16 such sites. We note that this set of sites

contains two mutations previously identified as lab-associated mutations (NicolaDeMaio et al.

2020), some others identified as highly homoplastic (Dellicour, Durkin, Hong, Vanmechelen,

Martí-Carreras, Gill, Meex, Bontems, André, Gilbert, Walker, De Maio, Hadfield, et al., n.d.;

van Dorp et al. 2020; NicolaDeMaio et al. 2020; van Dorp et al., n.d.), as well as several

identified as evidence for recombination (B. Korber et al., n.d.). These mutations in

lab-associated sites display a range of base compositions and only one is a C>U transition

(C6255U). This rate of C>U mutation is much less than the genome-wide average rate of

C>U mutation for non-singleton sites (49%, P = 0.0004914, Fisher’s exact test), and differs

significantly from the rate of C>U mutation among our set of highly recurrent mutations that

are not strongly associated with a single sequencing lab (P = 1.005e-07, Fisher’s exact test).

Furthermore, our set of lab-associated mutations is weakly enriched for protein altering

mutations relative to other highly recurrent mutations (P = 0.09372). Collectively, our results

suggest that some recurrent mutations among these 16 could be lab-associated systematic

errors.

The potential causes of lab-associated mutations are numerous. A non-exhaustive

list follows. First, primers for reverse transcription or PCR might introduce systematic errors

either via errant priming, because they “overwrite” true variation, or because of errors during

bioinformatic processing. For example, the commonly used ARTIC primer sets amplify the

viral genome from metatranscriptomic cDNA by tiling the viral genome with PCR amplicons

(https://artic.network/). Second, if a portion (perhaps a single amplicon) from a contaminating

sample were present in many sequencing reactions from a single lab, this could propagate
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variants across all genome sequences from a single group. Third, contamination from the

human transcriptome itself might be inadvertently included in assembled viral genomes.

Two labs contributed a disproportionate number of lab-associated mutations in our

dataset, suggesting a consistent source of these alternate alleles. One lab group is strongly

associated with two adjacent high parsimony score mutations A24389C and G24390C. These

occur in a 10bp sequence that otherwise closely resembles an Oxford Nanopore sequencing

adapter, CAGCACCTT, and is adjacent to an ARTIC primer binding site. Here, the differences

between the genome sequence and adapter are bolded (NicolaDeMaio et al. 2020).

Additionally, A4050C, U8022G, U13402G, and A13947U (Figure 3.2) are associated with this

same lab and either overlap or are within 10bp of ARTIC primer binding sites (14_left_alt4,

26_right, 44_right, and 47_left, respectively), suggesting that a consistent bioinformatics data

processing error may be responsible. Sequences submitted by another lab group are strongly

associated with four additional high parsimony score mutations, G2198A, G3145U, A3778G,

and C6255U (Figure 4.1). Here again, each of these intersects one of the ARTIC primer

binding sites (8_left, 11_left, 13_left and 20_right respectively, Figure 3). In aggregate, our set

of lab-associated mutations are significantly closer to ARTIC primer binding sites than would

be expected by chance (P = 0.0283, permutation test, Figure 3). Another lab-associated

mutation, C22802G, also overlaps an ARTIC primer (76_left), but the ultimate source is

unrelated. In this case, the cause appears to be misalignment of a human ribosomal RNA

sequence that was incorporated into the consensuses for a subset of genomes produced by

this group (Dr. Darrin Lemmer, Pers. Comm.). Our results highlight the broad range of

possible causes of lab-associated mutations.
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Figure 3.2. UCSC Genome Browser display of lab-associated mutations and ARTIC
primers. Bases 3130 to 4070 of the SARS-CoV-2 genome are displayed, containing four
lab-associated mutations highlighted in light blue. G3145U, A3778G and A4050C overlap
ARTIC primer bind sites. An interactive view of this figure is available from:
http://genome.ucsc.edu/s/SARS_CoV2/labAssocMuts.

3.5: Lab-associated mutations are consistent with simulated systematic error.

To study how systematic errors affect phylogenetic inference, we introduced

simulated errors in replicate experiments. We found that the parsimony score displays a

roughly linear relationship with the log of the alternate allele count, as it does for extremal

sites in Nextstrain built on different days in April, but with varying slope (Figure 3.3). This is

expected because errors will sometimes occur in sample genomes whose positions are close

on the real phylogeny and in sister lineages. Tree-building methods could then group these

samples into a single clade. Importantly, the effect of drawing samples together can cause

systematic error, or hypermutable sites for that matter, to appear heritable.

Additionally, we find that viral genetic background and mutation type is an important

contributor to this relationship. When errors are placed randomly across Australian samples

(Figure 3.3A), we see much higher parsimony scores than when errors are placed only in

samples from France collected between March 1 and March 17 (Figure 3.3B). The difference

likely reflects the fact that the samples from France are more closely related. Because many

of the lab-associated mutations that we identified are derived from a similarly restricted time

and geographic region as our samples from France, parsimony scores at those sites closely

resemble these sets of simulated error (Figure 3.3B). This suggests that the identification of

lab-associated mutations becomes increasingly straightforward as the viral populations

accumulate genetic diversity. We also observe that mutations that truly occur less often
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during SARS-CoV-2 evolution (e.g., C to G) have slightly lower parsimony scores. This is

likely due to modelling nucleotide-specific mutation rates during tree-building where mutations

consistent with viral mutational processes are less likely to be erroneously grouped. Our

results suggest that a simple heuristic based on each site’s parsimony score and recurrence

is sufficient to identify most lab-associated mutations above very low frequencies. However,

extremely infrequent lab-associated error could be challenging to distinguish from more

conventional sequencing error.

Because systematic errors also affect the inferred tree, they can impact inferred

patterns of mutational recurrence at other positions in the genome. In 50 out of 54 total

experiments where we introduced a single recurrent error, we found that the parsimony score

increased at other sites (range 2 to 44). This emphasizes the importance of identifying and

excluding such mutations prior to inferring the final tree and downstream analyses.

Figure 3.3: Parsimony scores at sites with introduced systematic errors. We added
artificial errors to 10, 25, and 50 Australian (A) and early-March French (B) samples at the
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sites A11991G (purple), C22214G (blue), and C10029U (orange) in three replicates, then
produced phylogenies and computed the parsimony score at each site. (C) We also
introduced errors to the early-March French samples two at a time per sequence rather than
individually. For comparison, we also show the values for three lab-associated mutations
(C6255U, U13402G, A4050C; A, B) and for pair of linked lab-associated mutations (A24389C
and G24390C; C). Each panel (A-C) contains a best-fit line (as in Figure 3.1A), for the
relationship between log2 alternate allele count and parsimony in simulated error data (slopes
= 10.0, 5.55, and 1.0). (D-F) Corresponding clade sizes arranged in descending order for
error simulations in (A-C, respectively, as in Figure 3.1B).

3.6: Correlated lab-associated mutations have large impacts on phylogenetic

inference.

If infrequent but highly correlated errors were introduced at different sites in many

samples, this could cause more samples to be grouped into a clade. We might not easily

detect these errors based on recurrence. Two lab-associated mutations, A24389C and

G24390C, are not just on adjacent genomic locations but are nearly perfectly correlated

across samples. These sites have low parsimony scores when compared to other

lab-associated mutations (4 and 5, respectively, Figure 3.4C). When we introduced similar

correlated errors, we found that the parsimony scores were lower than in single error

introduction experiments. Nonetheless, in only two error introduction experiments (out of 9)

with 10 affected samples did we see a parsimony score as low as 3. Although low frequency

and highly correlated error could be challenging to identify in general, we believe this is

infrequent in our dataset. Therefore we have not included tests for correlated errors in our

suggested methods for finding lab-associated mutations, but adjacent correlated sites should

be carefully scrutinized.

3.7: Lab-associated mutations affect phylogenetic inferences on scales relevant to

local lineage tracing

To investigate the impacts of lab-specific mutations on phylogenetic inference, we

removed (“masked”) each of the 16 sites with a lab-associated mutation. Importantly,

removing lab-associated mutations sometimes impacted phylogenetic patterns at other sites.
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For example, after removing all lab-associated mutations, the evidence for back-mutations at

C14408U is eliminated, while many forward-mutations remain (e.g., Figure 3.4). In fact, the

parsimony score changed for 107 sites and decreased for 53 sites on the tree that we

inferred after removing all of the lab-associated mutations relative to the tree inferred

including all sites. Additionally, we find that many samples containing lab-associated

mutations have been repositioned on local topologies (e.g., Figure 3.4). Furthermore, in some

cases the placement of closely related lineages that are unaffected by lab-associated

mutations is also affected. These mutations therefore affect phylogenetic inferences at scales

relevant to local lineage tracing, which may obscure dynamics of local transmission.

Figure 3.4. Lab-associated mutations impact phylogenetic inferences. Part of the tree
we inferred from the 4/19/2020 Nextstrain dataset (left) compared to the corresponding part
of tree after removal of sites with lab-associated mutation (right). Lab-associated mutations
(red) can affect the inferred phylogeny and are associated with apparent back-mutation to the
ancestral allele (grey in column 14408, left) at other sites (white). When lab-associated
mutations are removed, the resulting tree (right) shows no evidence for back-mutation at
those sites (now white in column 14408), though several independent forward mutations
remain evident.

To examine the effect of each lab-associated mutation and the other extremal sites in

isolation from one another, we individually masked each site and inferred a phylogeny. As a
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comparison, we also masked a set of sites that have similar alternate allele frequencies as

the lab-associated mutations, but each has a parsimony score of one. The distributions of

entropy-weighted total distance (a measure of distance between trees, described below) are

remarkably similar when masking individual lab-associated sites, other extremal sites, and

our control sites (Figure 3.5). Most exceed the distance we observed when we independently

inferred two trees from the same input alignment (dashed black line). Our results therefore

suggest that the lab-associated and extremal sites can impact tree-building approaches on

par with real mutations, although the effects are typically small on the scale of whole

topologies, as is expected given their typically low allele frequencies (Figure 3.5).

Phylogenies made after removing two mutations, one control and one lab-associated

are outliers for entropy-weighted total distance (Figure 3.5) and other tree distance statistics.

In each case, however, the likelihood of the tree produced from the full dataset is actually

higher, suggesting that our tree-building method discovered a different locally optimal but less

favorable topology rather than a dramatic impact of each site individually. These results

suggest higher level uncertainty in the tree topology largely independent of the effects of

lab-associated mutations.
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Figure 3.5: The relationship between alternate allele frequencies of lab-associated
mutations and effect of masking on inferred tree topology. Entropy-weighted total
distances relative to the reference maximum likelihood phylogeny are shown for phylogenies
constructed after masking individual sites. Blue points correspond to sites with lab-specific
alternate alleles, grey points correspond to control sites with parsimony scores of 1 and
similar alternate allele frequencies to the sites with lab-specific alternate alleles, and brown
points correspond to non-lab-specific extremal sites. The black horizontal line indicates the
entropy-weighted total distance value for a maximum likelihood phylogeny constructed from
an alignment identical to that of the reference phylogeny. Two outliers, C21590U (control) and
G1149U (lab-associated) have outsize effects on inferred tree topology.

3.8: Nextstrain phylogenies vary significantly over time.

As expected for a relatively slowly-evolving and rapidly expanding viral population

(Sanjuán et al. 2010), there is substantial uncertainty in the SARS-CoV-2 phylogeny. This

extends well beyond the typically localized impacts of lab-associated and highly recurrent

mutations, and instead derives from the fact that most branches in the SARS-CoV-2

phylogeny are supported by few mutations. Undoubtedly, thousands of unique phylogenies
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will be produced by groups studying this viral outbreak and these may sometimes support

conflicting evolutionary relationships. Our research team therefore sought to provide tools to

facilitate interpretation of commonalities and differences among such large phylogenies.

We explored differences among trees made by the same group from slightly different

sample sets with the goal of understanding phylogenetic stability as new samples are

incorporated. For the purposes of comparison, we restricted 31 Nextstrain trees produced

between March 23, 2020 and April 30, 2020 to just the 468 samples they all have in common.

Comparing topologies, we found that a number of these 468 samples moved back and forth

between different clade designations during the month , including samples in the specific

clades (A1a, A2, A2a, A6, A7, B, B1, B2, B4) named and analyzed by the Nexstrain

consortium during this period. Note that the Nextstrain clade ID system was updated while we

were finalizing this work (Hodcroft EB, Hadfield J, Neher RA, Bedford T 2020). We then

measured all pairwise tree distances between restricted trees and found that they varied

widely (normalized entropy-weighted total distances ranged from 0.089 to 0.352, Figure 3.6).

There is therefore substantial variation in Nextstrain phylogenies over time.

Figure 3.6. Comparisons of Nextstrain trees over time. (A) Multidimensional scaling of
normalized entropy-weighted total distances among phylogenetic trees produced by
Nextstrain from March and April. Each topology is labelled with its date and dates are
depicted in a color gradient from 3/23 (red) to 4/30 (blue). Coordinates 1 and 2 are plotted
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here and each contributes 34% and 15% of the total variance explained, respectively. (B)
Relationships between Nextstrain phylogenies are shown in a tree-of-trees, “meta-tree” (Nye
2008) we constructed, which displays the distances among topologies of the constitutive
trees. .

3.9: Higher-level branches are remarkably consistent across analyses.

Even if it was possible to obtain error-free data and multiple alignments as well as

have all groups use that same data, different tree inference approaches can produce different

topologies. Furthermore, there is substantial uncertainty inherent to SARS-CoV-2 evolution

because there are few mutations that uniquely mark each branch. Nonetheless, it is essential

that epidemiologists studying the pandemic be able to communicate phylogenetically

informed observations (Rambaut et al., n.d.; Dellicour, Durkin, Hong, Vanmechelen,

Martí-Carreras, Gill, Meex, Bontems, André, Gilbert, Walker, De Maio, Hadfield, et al., n.d.).

As discussed above, the clade placements of individual samples, even when inferred by the

same group, can vary as different datasets are incorporated into the tree construction

process (e.g. Figure 3.6). Differences between groups are expected to be even more

pronounced. Without a 1-1 correspondence between the topologically defined clades in the

Nextrain and COG-UK phylogenetic trees, it is difficult to translate nomenclature in order to

conduct precise scientific discourse pertaining to the evolutionary conclusions reached by

these groups. As clade based comparisons are an essential part of consistent scientific

discourse, tools are needed to ameliorate these difficulties.
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Figure 3.7: Comparison of Nextstrain and COG-UK trees. (A) A tanglegram of the
Nextstrain tree from 4/19 (left) with the COG-UK tree from 4/24 (right). Each tree has 4167
samples. (B) The COG-UK clades (which they term “lineages”) having the highest Jaccard
similarity coefficient (J) with each Nextstrain (NS) named clade and vice versa, where the
Jaccard similarity coefficient is computed using the set of samples from the root of that clade.
Clades with more than 200 samples are shown in bold font and considered “big”, the others
“small”. For each big Nexstrain clade there is a closely corresponding COG-UK clade, and
vice-versa.

To explore the differences among available phylogenies and to provide guidelines for

clade-based comparisons across possible evolutionary histories, we used our approach to
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identify the correspondence between the Nextstrain phylogeny produced on April 19, 2020

and the COG-UK phylogeny produced on April 24, 2020 (Figure 3.7A). We observe

agreement between the big Nextstrain-named clades and their corresponding best matching

named clades in the COG-UK tree and vice versa (e.g., “A2a” clade in Nextstrain, “B.1” clade

in COG-UK, etc, Figure 3.7B), suggesting that these clades are reasonably stable across

different analyses. However, in small named subclades within those big clades, there are

many noteworthy differences between the two topologies, and the overall congruence is

significantly reduced (Figure 3.7A). In addition to differences in methodology, this reflects a

difference in the time when clades were originally named and the intents of each

nomenclature system. Nextstrain named clades much earlier and many did not increase in

size subsequently, others have since emerged and were named by COG-UK later.

Additionally, the COG-UK system is intentionally dynamic and clades that have become

inactive are removed. As a consequence, some clades do not have an obvious named

analog in the two systems resulting in low similarities (Figure 3.7B).

Perhaps the most obvious difference between the topologies is that the COG-UK tree

has many more large polytomies (Figure 3.7A). This reflects the decisions motivating their

analysis (Rambaut et al., n.d.; “An Integrated National Scale SARS-CoV-2 Genomic

Surveillance Network” 2020), where the authors’ goal is to provide a well-supported and

stable topology to facilitate lucid communication about viral lineages for evolutionary as well

as epidemiological studies. This contrasts with the Nextstrain consortium’s primary goal of

up-to-date transmission tracing. As is typical in phylogenetics, topological stability comes as a

tradeoff against the cost of articulation in the branches. Because of the many different

motivations for constructing phylogenetic trees, it is a certainty that many independent trees

will be used to study the evolution of SARS-CoV-2. Comparisons using our approaches can

enable communication about evolving viral lineages across disparate analyses by facilitating

the identification and visualization of the most closely matching clades.
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Figure 3.8: Comparison of our consensus tree to the COG-UK trees. (A) A tanglegram of
our Nextstrain consensus tree (left) and COG-UK tree from 4/24 (right). Each tree has 422
samples. (B) The COG-UK lineages having the highest Jaccard similarity coefficient (J) with
each Nextstrain consensus (NS) named clade and vice versa. "Big clades" are in bold.
Lineages in ‘N/A’ (B.1.3, B.1.p2 and B.1.p21) were pruned out as a result of restricting the
trees to common samples. (C) A tanglegram of our tree produced after masking all
lab-associated and extremal mutations except 11083 (left) and COG-UK tree from 4/24
(right). Each tree has 4172 samples and the samples (branches) have been colored based on
COG-UK lineage labels.

3.10: Higher branches in our tree closely mirror a Nextstrain “consensus” tree and the

COG-UK tree

To identify stable nodes across analyses we compared a Nextstrain “consensus tree”

and the COG-UK tree. To do this, we produced a majority rule clade consensus tree

(Margush and McMorris 1981) for the 422 common samples in 31 Nextstrain releases
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between 3/23 to 4/30, and restricted the COG-UK tree to these same samples. We find

exceptionally good congruence between our Nextstrain consensus and the COG-UK

phylogenies (Figure 3.8A), even though the inference methods differed substantially.

Specifically, the COG-UK tree is built using a more typical bootstrapping approach (Hoang et

al. 2018) whereas our approach for building a Nextstrain “consensus” from trees produced on

subsequent days would resemble a kind of “bootstrapping by samples” approach. This

congruence reaffirms the idea that the COG-UK tree provides a stable “backbone” to enable

direct conversations in epidemiology. Nonetheless, we still observe several small

rearrangements between the two topologies, suggesting that both will likely be subject to

clade refinements in the future.

We also observed congruence between the tree that we produced after removing

lab-associated and extremal mutations (except 11083, see above) and the COG-UK tree

(Figure 3.8C). Here, the sample size is much larger, 4172, allowing for a much more

quantitative comparison. The correspondence between the two trees is very high with

normalized entropy weighted total distance of just 0.12. Because lab-associated and extremal

mutations were used in the COG-UK tree but not in our tree, this consistency among

topologies supports our assertion that the effect of lab-associated and extremal mutations will

typically not result in large-scale reorganizations of large clades across the phylogeny.

3.11: Methods

To detect mutations that reoccur many times through viral evolution, we computed

the parsimony score (Fitch 1971; Sankoff 1975) for each polymorphic site (our program is

available from https://github.com/yatisht/strain_phylogenetics). Briefly, conditional on a tree,

we compute the minimum number of branches that have experienced a mutation at a single

site to accommodate the phylogenetic distribution of the mutant and reference allele. These

are candidate highly recurrent mutations, but we note that these mutations, or others

elsewhere on the chromosome, might also impact the process of tree building itself, and the
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score should be interpreted with caution if counting the specific rate of occurrence at a given

site is of interest.

We systematically flagged possible variants resulting from lab-specific biases based

on the proportion of lab-specific alternate allele calls and respective alternate allele frequency

(https://github.com/lgozasht/COVID-19-Lab-Specific-Bias-Filter). To do this, we first filtered

variants with parsimony score greater than 4 using concurrent Nextstrain tree and vcf files

from 4/19/2020. Next, we obtained metadata for all COVID-19 genomes on GISAID

(accessed 4/28/2020) and computed the proportion of alternate allele calls contributed by

each “originating lab” and “submitting lab” for each filtered variant. We then employed a

Fisher’s exact test associating the number of major and alternate alleles attributed to each

specific “originating” and “submitting” lab and the respective global major and alternate allele

counts. We flagged variants for which one lab accounts for more than 80% of the total

alternate allele calls and for which a Fisher’s Exact Test suggests a strong correlation (at the

p < 0.01 level) between that lab and samples containing the alternate allele. We note that

these cutoffs are somewhat arbitrary, and may require modification in the future, but the

subdivision of the data is consistent with our expectations as described in Results. Because

samples are not independent and identically distributed, p-values may not reflect error but

rather relatedness among samples sequenced at a single facility. For example, if a single lab

sampled a transmission chain, many mutations could be strongly associated with that facility.

These should be interpreted cautiously, however, there is no obvious reason why unrelated

samples sequenced at the same facility should share an excess of homoplasious mutations.

We obtained the phylogenetic tree hosted by Nextstrain (accessed 4/19/2020) and

used this in our comparisons of clades among trees and as our primary data object for

examining apparently recurrent mutation on the tree. We did separately confirm that most

apparently recurrent mutations are recovered on the trees produced on different days by

Nextstrain.
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For comparison of clades among different tree-building approaches, we obtained

variant datasets, and phylogenies from Nextstrain (https://nextstrain.org/ncov accessed

4/19/2020-4/26/2020), and from COG-UK

(https://cog-uk.s3.climb.ac.uk/20200424/cog_2020-04-24_tree.newick, accessed 4/24/2020)

From the 04/19 Nextstrain release, we created a “reference phylogeny“ using

IQ-TREE-2 (L.-T. Nguyen et al. 2015; Minh et al. 2020) to build phylogenies from each of

these alignments using the GTR+G nucleotide substitution model. For all other phylogenies,

we altered the input by removing or “masking” individual sites, then produced phylogenies

from these altered alignments using the same IQ-TREE-2 parameters.

The likelihood of a tree given the alignment from which it was constructed was

automatically calculated by the IQ-TREE command used above (iqtree -s <alignment.phy> -m

GTR+G). However, to compute the likelihood of a particular alignment given a different tree,

we used the command iqtree -s <alignment.phy> -te <phylogeny.nh> -m GTR+G.

To generate our final tree having masked lab-associated and extremal mutations, we

used the same command but also included the ultrafast bootstrapping option “-bb 1000” to

assist with quantifying uncertainty in our final phylogeny (Hoang et al. 2018). We used the

same command but included the full multiple alignment to compare the tree obtained to one

obtained from the full dataset using identical methodology. Finally we collapsed all branches

that were not supported by at least one mutation using parsimony to identify nodes that

experienced a mutation.

To investigate the effects of lab-specific alleles on phylogenetic topology, we also

introduced artificial errors at control sites. We chose three sites at which to introduce these

errors: A11991G, C22214G, and C10029U. To introduce an error, we manually changed a

reference allele to an alternate allele for a given sample at a given site. For each of these

sites, we chose 10, 25, and 50 samples for which we introduced errors. To mimic the effects

of a lab-specific allele, we ensured that each set of samples with artificial errors must come

from the same country. We chose Australia due to its high representation in the Nextstrain
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data, as 372 samples in the 04/19 Nextstrain release came from Australia. To further mimic

lab-specific behavior, we separately introduced errors at the same sites for 10, 25, and 50

randomly selected French samples collected between March 1 and March 17. After

introducing these errors, we constructed phylogenies from the modified alignments using

IQ-TREE 2 (L.-T. Nguyen et al. 2015; Minh et al. 2020), as described above. In total, we

produced 54 phylogenies in this experiment, introducing errors at three sets of random

samples for each of the three sites, at 10, 25, and 50 samples each, for Australian and

French samples.

We also repeated this experiment, but introducing errors at pairs of sites

simultaneously rather than at individual sites (i.e. A11991G and C22214G, A11991G and

C10029U, and C10029U and C22214G). We used the same randomly chosen sets of French

samples for this aspect of the experiment, and produced phylogenies by the same methods.

In total, we produced 27 phylogenies in this experiment, introducing errors at three sets of

randomly chosen samples, at 10, 25 and 50 samples each, for each of the three pairs of

sites.

To understand commonalities in tree structure over time, we used multidimensional

scaling of a distance matrix of normalized entropy-weighted total distances among Nextstrain

releases (pruned to 468 shared samples) spanning from March 23 to April 30. To do this, we

used the cmdscale() function in base R and retained the first six coordinates because they

accounted for the vast majority of the total variance explained (approximately 80%). We

computed the correlation between our distance matrix and the proportion of samples shared

among topologies produced each day using a Mantel test implemented within the ade4

package in R. We also used the meta-tree package (Nye 2008) to relate Nextstrain trees to

each other.

To produce a Nextstrain consensus tree we first pruned all Nextstrain trees to a

common set of samples included in each tree. We then used the sumtrees script within the

dendropy package (Sukumaran and Holder 2010) to produce a majority rule consensus tree
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out of each tree requiring at least 50% of trees support a clade for inclusion in the final

consensus tree. Specifically, we used the sumtrees function to perform this task. In our

cases, that is equivalent to requiring at least 16 of 31 trees contain a given clade to include it.
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Chapter 4: Tools for Sample Placement on Existing Trees and

Manipulating Mutation-Annotated Trees

4.1: Background

In late 2019, the SARS-CoV-2 virus emerged from a presumably zoonotic source to

spread across human populations worldwide (T. T.-Y. Lam et al. 2020; Andersen et al. 2020;

Zhou et al. 2020). By midsummer 2020, over 2,000 groups worldwide had generated 97,733

high coverage whole-genome SARS-CoV-2 sequences, made available by GISAID (Y. Shu

and McCauley 2017). These vast datasets and rapid sequencing turnaround times are

enabling a type of “genomic contact tracing” where genetic similarities (or dissimilarity)

between viral genomes isolated for different hosts carries important information about the

transmission dynamics of the virus. For example, these data can be used to infer the number

of unique introductions of the viral genome in a given area (Stefanelli et al. 2020; Surleac et

al. 2020; Deng et al. 2020; Pattabiraman et al. 2020; Maurano et al. 2020; Gámbaro et al.

2020; Thielen et al. 2020) and to identify “transmission chains” among otherwise seemingly

unrelated infections (Rockett et al. 2020; Dellicour, Durkin, Hong, Vanmechelen,

Martí-Carreras, Gill, Meex, Bontems, André, Gilbert, Walker, De Maio, Faria, et al., n.d.;

Fauver et al. 2020; Lu et al. 2020; Bedford et al. 2020).

Despite great potential, this unprecedented and ongoing accumulation of sequencing

data has overwhelmed previously existing systems for analysis and interpretation of viral

transmission and evolutionary dynamics. In part, this is because typical phylogenetics

applications accumulate all of the relevant sequence data before beginning phylogenetic

inference. For genomic contact tracing to work effectively, each new viral genome sequence

must be contextualized within the entire evolutionary history of the virus rapidly and

accurately as it is collected. This could be accomplished by re-inferring the full phylogeny, but

with current SARS-CoV-2 datasets, this takes more than a day even using powerful
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computational resources. Alternatively, new genome sequences could be contextualized by

placing samples onto an existing “reference phylogeny” and several methods have been

developed for this purpose (Minh et al. 2020; Barbera et al. 2019; Löytynoja, Vilella, and

Goldman 2012; Ruan et al. 2008). These methods have been used to place new samples

onto a phylogeny created from a small subset of available SARS-CoV-2 isolates (Singer et

al., n.d.), and to provide regular updates to a global phylogeny of SARS-CoV-2 (Lanfear,

Robert 2020). Nonetheless, existing algorithms for placing sequences onto reference

phylogenies are far too slow to enable real-time genomic contact tracing.

Quantification of uncertainty is a fundamental aspect of interpreting phylogenetic

inferences (Simon 2020) and sample placements onto a reference phylogeny.

Non-parametric bootstrapping (Felsenstein 1985) has been a cornerstone of phylogenetic

inference for decades, but this is impractical for the extremely large sample sizes and the

limited phylogenetic information in SARS-CoV-2 genome isolates. More recently developed

methods such as Ultrafast Bootstrapping (Hoang et al. 2018; Minh, Nguyen, and von

Haeseler 2013) are fast, but not applicable to the problem of placing individual samples onto

a reference phylogeny. An alternative to these approaches is the approximate likelihood ratio

test (Anisimova and Gascuel 2006), but its computation is prohibitively slow and interpretation

challenging. Quantifying uncertainty in sample placement on reference phylogenies is

therefore an important unsolved problem and particularly relevant during this pandemic.

In this chapter, I describe UShER, a novel method developed by our research group

to place samples on existing phylogenies by maximum parsimony without re-inferring the

entire phylogeny. I demonstrate its vast improvement over previous methods in both speed

and memory usage, as well as its nearly identical performance relative to competitors in

accuracy and robustness to errors and missing data. I also detail UShER's companion

package, matUtils, which enables further analysis of mutation annotated tree (MAT) objects

created by UShER. Finally, I describe a case in which our team used these tools together to

categorize 335 whole genome sequences from Santa Cruz County, several of which shared
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mutations with known Variants of Concern (VoCs). This community analysis, completed and

submitted to bioRxiv one week after receiving the 335 whole-genome sequences, is a living

example that phylogenetics in real time is now possible and is invaluable for ameliorating

public health crises.

The text of this dissertation includes reprints of the following previously published

material: Turakhia, Y., Thornlow, B., Hinrichs, A. S., De Maio, N., Gozashti, L., Lanfear, R., ...

& Corbett-Detig, R. (2021). Ultrafast Sample placement on Existing tRees (UShER) enables

real-time phylogenetics for the SARS-CoV-2 pandemic. Nature Genetics, 53(6), 809-816.

McBroome, J.*, Thornlow, B.*, Hinrichs, A. S., Kramer, A., De Maio, N., Goldman, N., ... &

Turakhia, Y. (2021). A daily-updated database and tools for comprehensive SARS-CoV-2

mutation-annotated trees. Molecular Biology and Evolution. Thornlow, B.*, Hinrichs*, A. S.,

Jain, M., Dhillon, N., La, S., Kapp, J. D., ... & Corbett-Detig, R. (2021). A new SARS-CoV-2

lineage that shares mutations with known Variants of Concern is rejected by automated

sequence repository quality control. bioRxiv. The co-authors listed in these publications

directed and supervised the research which forms the basis for the dissertation.

4.2: Prior sample placement tools are inadequate for pandemic-scale phylogenetics.

Genomic contact tracing during this global pandemic necessitates algorithms that

efficiently place samples onto the vast global tree. With this requirement in mind, we

evaluated the performance of several existing approaches (Minh et al. 2020; Barbera et al.

2019; Löytynoja, Vilella, and Goldman 2012; Ruan et al. 2008) and compared their runtime

and memory usage by adding just one additional sequence to a SARS-CoV-2 global

phylogeny containing 38,342 leaves, our “reference phylogeny”, which comes from the

11/7/2020 release of (Lanfear, Robert 2020). We found that the time required to place a

single sample is unacceptably large. For example, EPA-NG (Barbera et al. 2019) takes

approximately 28 CPU minutes to place one sample and requires 791 GB of memory (Table

5.1).
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To address the challenge of real-time sample placement, we developed a new tool

called Ultrafast Sample placement on Existing tRees (UShER). UShER can place a

SARS-CoV-2 sample onto our reference phylogeny in just 0.5 seconds – several orders of

magnitude improvement over the next fastest tool. A part of the increased efficiency of

UShER stems from its heavily optimized encoding of mutations compared to a multiple

sequence alignment (MSA) and from its pre-computed data object storing the inferred

histories of mutation events on the tree before placing samples during each execution.

Table 4.1: Average time and time range required to place one sample and peak
memory usage across 20 replicate runs of each placement algorithm. A typical use case
for placing SARS-CoV-2 samples onto the global phylogeny will often require placing 10–100
sequences. We did not evaluate that in this study because we found that several other
algorithms could not be run on larger sample sets due to exceptionally high memory usage
and runtimes. Note that while the other tools use an MSA as input, UShER accepts a VCF for
new samples, which can be generated very quickly (compared to adding sequences to an
existing MSA) using pairwise alignments (in, for example, minimap2 (H. Li 2018)) and whose
overhead we ignore. We also note that TreeBeST was not developed explicitly for this
purpose; we include it in this table because it has tree placement capabilities. UShER’s time
and memory usage are highlighted in bold. N/A, not applicable.

4.3: UShER stores its data in an efficient mutation-annotated tree (MAT)
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Existing approaches to sample placement use a Multiple Sequence Alignment (MSA)

of genomes that requires storing a whole-genome sequence for each sample (Figure 4.1,

Methods). UShER’s primary data structure is substantially more efficient. It starts with a list of

variants with respect to a reference sequence for each sample and represents genotype data

based on the inferred phylogeny of the viral population itself. UShER uses the Fitch-Sankoff

algorithm to infer the placement of mutations on a given tree and on the variant list (Fitch

1971; Sankoff 1975). Besides the phylogeny itself, UShER records only the nodes for which

mutations are inferred to have occurred on the branches leading to them in a representation

that we call mutation-annotated tree (Figure 4.1). This representation is particularly favorable

for the SARS-CoV-2 phylogeny in which the mutations are relatively rare and often shared

across several samples. This approach has parallels to efficient tree-based representations

used recently in population genetics (Ralph, Thornton, and Kelleher 2020; Kelleher et al.

2018). For our SARS-CoV-2 reference phylogeny, UShER’s mutation-annotated tree uses

only 3.4MB of memory (that fits easily in a last-level cache (Hennessy and Patterson 2017))

to encode virtually the same information as the full MSA which requires 1.14GB (>300x

improvement).

UShER can generate a mutation-annotated tree for our reference tree with 38,342

leaves and 15,129 variant positions in just 2 minutes 24 seconds using four threads. This

data structure is then stored as a pre-processed protocol buffer

(https://developers.google.com/protocol-buffers), which is a customizable binary file format

that can be rapidly loaded (~150 milliseconds) during sample placement and data

visualization (Figure 4.1) and obviates the need to recompute the assignments for each

execution.
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Figure 4.1: Overview of UShER’s placement algorithm and data object. (A) Prior
methods rely on a full multiple sequence alignment (MSA) to inform phylogenetic structure
(left), while UShER uses a mutation-annotated tree (right). The MSA shown is color-coded to
match the mutations present in the tree above (A is in red, C in yellow, G in purple, U in blue).
(B) UShER evaluations of the parsimony score for placing the sample S5 (blue) at each
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possible position (see Methods) of our example phylogeny (shown in panel A). We consider
the branch leading to a given node to be the parent branch. The branches that need to be
modified or added to the phylogeny to accommodate S5 are shown in blue; back mutations (if
present) are colored in red and new nodes are circled. For example, if S5 is placed at S1,
new node 3 has children S1 and S5, and two back-mutations (U4C and A6G) occur at the
branch leading to S5, giving this placement a parsimony score of 2. Placing S5 at node 1 is
optimal by parsimony. (C) The final tree with S5 added, in which an additional internal node 3
is added to support S5 (left), and the mutation annotations for the final tree with S5 colored in
blue (right). Note that the memory efficiency of the mutation-annotated tree can vary
depending on the dataset. In all panels, the length of each branch is proportional to the
number of mutations that occurred on that branch. Zero-length branches, which are not
associated with any mutations (e.g. those leading to node 3 in "At Root", "At S1", "At S2", "At
S3", and "At S4" in panel B) are shown as very short branches for visibility.

4.4: UShER quickly and accurately places samples by maximum parsimony.

UShER uses this mutation-annotated tree to rapidly place newly acquired samples

onto the tree of SARS-CoV-2 variation. More specifically, UShER uses a

maximum-parsimony approach where it searches the entire reference tree (Figure 4.1,

Methods) for a placement that requires the fewest additional mutations to accommodate the

added sample (i.e., the maximum-parsimony placement of a sample). UShER breaks ties

based on the number of descendant leaves at the placement nodes when multiple

placements are parsimony-optimal (Methods). When a pre-processed mutation-annotated

tree is already available, this procedure takes approximately 0.5 seconds to place a single

sample onto the SARS-CoV-2 reference tree (Table 5.1) and is even more efficient when

placing larger sets of samples since the time to load the mutation-annotated tree gets

amortized. For example, it only takes ~18 seconds to place 1000 samples onto our reference

tree using 16 threads. This means that our implementation is fast enough to facilitate

real-time placement of SARS-CoV-2 sequences and sufficiently memory efficient (Table 5.1)

that everything we present could be run on a basic laptop, which should facilitate widespread

adoption of this approach.

To evaluate the accuracy of UShER’s maximum parsimony-based placement

algorithm when the viral evolutionary history is known, we generated a SARS-CoV-2

simulated dataset using a fixed tree that we supplied (see Methods). UShER places samples
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with the correct sister node in 97.2% of cases. For samples with just one parsimony-optimal

placement, UShER achieves 98.5% accurate local placements. When incorrect, UShER’s

placements tend to be quite close to the correct node on the SARS-CoV-2 global phylogeny –

separated by just 1.1 edges from the correct position on the tree, on average (Figure 4.2,

Methods). We therefore conclude that UShER is capable of accurately placing new samples

onto a fixed SARS-CoV-2 global reference phylogeny in practice and could indeed facilitate

the ongoing genomic contact tracing efforts. Although UShER works well for SARS-CoV-2, it

will not be as accurate for phylogenetic analyses in which maximum parsimony algorithms

are known to perform poorly (e.g., cases of long branch attraction (Felsenstein 1978)).
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Figure 4.2: The maximum parsimony algorithm used by UShER is robust to moderate
rates of missing data and simulated errors in SARS-CoV-2 genomes. Top: We
independently masked sites at 10, 20...50 percent of sites for each of 10 simulated genomes
to be added to the phylogeny and computed the Robinson-Foulds distance (Robinson and
Foulds 1981), the average number of lineages added that had identical sister node sets to
those in the simulated reference tree, the distance from true placement for each lineage
added (Methods) and the number of equally parsimonious sites per placement for each
lineage added. Middle: We introduced random nucleotide substitutions to the genomes of the
10 lineages added to the tree by UShER at a rate of 1, 2…10 sites per genome, drawn
independently, and computed the same measures of coherence to the reference tree, with
the error bars representing the 95% confidence intervals. Bottom: We introduced one
systematic error to 1, 2…10 of the genomes added to the tree by UShER and computed the
same metrics as above. For each experiment, the distance from true placement was strongly
correlated with the amount of missing data (P < 3.34 × 10-112 for all experiments). For each
panel depicting Robinson-Foulds scores, the distribution of scores across 100 replicates
where 10 lineages were added randomly to the phylogeny is shown to the far right for a null
model comparison and is labeled ‘Null’. In the error bar panels (second from the left), the data
points are centered on the mean of the data and extend to the bounds of the 95% confidence
interval, calculated by 1,000 iterations of bootstrapping.

4.5: UShER is similarly robust to erroneous and missing data compared to

maximum-likelihood counterparts.

Given the low mutation rate and therefore low phylogenetic signal in SARS-CoV-2

viral genomes, missing data has a large impact on phylogenetic placement, as expected

(Figure 4.2). When we randomly masked between 0 and 50% of positions in samples to be

placed by UShER, all measures of placement accuracy were negatively impacted. With 50%

of all sites masked, we find that only 41.9% of samples are assigned identical sister nodes as

their true placement on the reference tree. However, the mean distance between UShER and

correct placements on the tree remained relatively small – just 1.61 edges– and 81.0% of

lineages have sister node sets in the UShER tree that are a subset of the sister nodes in the

reference tree, or vice versa (see Methods).

High rates of missing data have a slightly larger effect on the precision of UShER’s

placements than for maximum-likelihood tree inference methods when constructing a

complete subtree de novo (Figure 4.3). When using Robinson-Foulds distance to measure

congruence with the correct tree, we find that when no sites were masked, the average

distance values from the correct tree for the trees obtained from the three methods are within
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12.7% of each other and 12.9-13.3 times lower than a null model obtained from random tree

construction (Figure 4.3). With no missing data, UShER produces the most congruent tree

(i.e. having the lowest RF distance) to the correct tree, on average. The distance values

increased by up to 11.1% with only 2.5% missing data and up to 76% with 10% missing data,

with UShER being slightly more adversely affected by missing data than the other methods.

Based on these observations, we recommend that the reference tree should ideally be

maintained using only genomes with nearly complete sequences regardless of the tree

inference method (e.g., by filtering data obtained from the GISAID database using “complete”

and “high coverage” tags).

Two types of errors in SARS-CoV-2 consensus sequences also affect the accuracy of

sample placements. First, stochastic errors are likely present in many available SARS-CoV-2

sequences (Morel et al. 2020). When we simulated independent errors, we found the effects

on UShER’s accuracy are modest (Figure 4.2). With 10 errors on average, the placement is

approximately 20% less likely to select the correct sister node, and other distance metrics are

similarly impacted (Figure 4.2). Our results indicate that especially low quality samples should

be rigorously identified and excluded from analyses using UShER. Additionally, poor quality

samples can be easily flagged because they will tend to appear as unrealistically long

terminal branches in UShER’s placements. UShER reports all newly added samples with a

parsimony score greater than 3 along with a list of parsimony-increasing sites.

Second, systematic error, where the same apparent variant is introduced into many

sequences, are present in some SARS-CoV-2 sequences and have the potential to affect

phylogenetic inference because they appear as inherited mutations (Turakhia, Thornlow,

Gozashti, et al. 2020; N. De Maio et al. 2020). Whereas UShER appears to be robust to a

single systematic error present in fewer than five samples (Figure 4.2), a single systematic

error present in all 10 samples had a similar overall effect on placement accuracy as 50%

missing data in error-free sequences. Consistent with our previous work (Turakhia, Thornlow,

Gozashti, et al. 2020; N. De Maio et al. 2020), addition of two perfectly correlated systematic
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errors can drastically affect UShER performance. Systematic errors should be rigorously

identified and removed before sample placements are performed. We refer readers to

methods that we developed previously to detect and eliminate such errors (Turakhia,

Thornlow, Gozashti, et al. 2020; N. De Maio et al. 2020) and the UShER package includes a

tool to remove known problematic positions when preparing input data.

We emphasize that sequencing errors pose similar challenges for other phylogenetic

inference tools (Figure 4.3) and our analysis is meant to serve as a guideline to the user

rather than highlight the limitations of UShER.
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Figure 4.3: UShER is similarly robust to maksed sites and nucleotide errors as
IQTREE-2 and FastTree2. We pruned 5 independent clades of roughly 1,000 lineages each
and applied the same methods as in Figure 4.2, masking 2.5, 5, 7.5, 10, 20...50 percent of
sites (top, note that the X-axis does not use a linear scale), adding 10, 20...100 independently
drawn random nucleotide substitutions across the lineages to be placed (center), and adding
one error to 1, 2...10 of the genomes of interest (bottom). We then used UShER (blue),
IQ-TREE 2 (Minh et al. 2020) (orange), and FastTree 2 (Price, Dehal, and Arkin 2010)
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(purple) to reconstruct these clades. We determined the Robinson-Foulds distance of each to
the original clade using TreeCmp (Bogdanowicz, Giaro, and Wróbel 2012), as well as the
distance of randomly constructed trees to the far right (black, labeled ‘Null’) as a null model
comparison.

4.6: UShER is congruous with standard methods for SARS-CoV-2 data

To evaluate the performance of our approach under realistic conditions with genuine

SARS-CoV-2 data, we used UShER to place real samples onto a global reference phylogeny.

Because the phylogeny was necessarily inferred from real data (see Methods), this approach

measures the consistency of placement between more typical tree-building approaches and

UShER placement algorithm rather than placement accuracy per se. To evaluate the

consistency, we randomly pruned and replaced 100 sets of 10 samples each using the

reference tree (see Methods). We found that UShER placed each with an identical sister

node as in the reference tree in 90.0% of cases (Figure 4.4). Additionally, the placements

tend to be quite close to correct and the mean number of edges between the reference

position and UShER’s placement is just 0.159 and the mean Robinson-Foulds distance for

trees with 10 samples added is 1.27 (Figure 4.4A). When we mimicked a plausible use case

by removing larger sets of related sequences, we found that UShER is also able to accurately

reconstruct larger subtrees for the added samples (Figure 4.4D-G). Collectively, our metrics

are not far from those we obtained when analyzing the simulated datasets, and indicate that

missing data, errors and other features of real sequences occasionally impact UShER’s

placements.

We found that samples causing inconsistent placements between the reference tree

and UShER were mostly challenging cases. In particular, six of the 1000 sequences that we

attempted to place using UShER have large numbers of equally parsimonious placements

(5-65) and were placed inconsistently relative to the reference tree. Each of these consensus

sequences has a large number of ambiguous nucleotide positions (8-15) that overlap many

phylogenetically informative sites in the reference tree. This may suggest a mixture of two

genetically divergent samples–either a true mixed infection or laboratory induced. Regardless
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of the source, we believe future versions of the reference tree should rigorously filter

sequences containing ambiguities at phylogenetically informative positions.

Additionally increasing genetic distance and sequencing errors are expected to affect

placement accuracy. We found that samples are more likely to be placed inconsistently when

the parsimony score is higher (P = 2.98×10-5, one-tailed Mann-Whitney U Test). Incorrectly

placed samples also had significantly more equally parsimonious placements (P = 1.3×10-21 ,

one-tailed Mann-Whitney U Test). In fact, 15% of real samples have more than one equally

parsimonious placement on the reference phylogeny and many distinct nodes are identical in

the reference tree. However, if we restrict the analysis to samples with only a single most

parsimonious placement, we find that 97% of UShER’s placements are consistent with the

maximum-likelihood reference tree. We suggest that the placements of samples that are

unusually genetically distant or that have many equally parsimonious placements on a

reference tree should be regarded with caution. Both statistics are reported by UShER.
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Figure 4.4: UShER is accurate using real data: The Robinson-Foulds distance between
100 reference and UShER-generated trees produced by removing and re-adding 10 samples
in each (A), the distance from reference placement for each of 1,000 placed samples (B), and
the number of equally parsimonious placements for each of the 1,000 placed samples (C).
Comparisons of subsets of the global phylogeny released on 11/7 with reconstruction of this
phylogeny using UShER (D-G). In each case, we pruned lineages colored in red from the
phylogeny and added them back using UShER. UShER accurately places subtrees lineages
collected in the Western United States in March/April (D) and in Europe in March (E), as well
as more distantly related lineages whose times and places of collection differed more widely
(F, G). Differences in tree topology (D) are highlighted in bold. Other topologies (E-G) are
identical. All trees in this figure are ultrametric and branch lengths are arbitrary.

4.7: UShER can maintain a global phylogeny.

We propose that UShER could form the basis for real-time phylogenetics platforms in

periodically updating the reference tree itself or be used in conjunction with

maximum-likelihood updates. To investigate this, we used UShER to add all of the 9437
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additional sequences in the 31/7/2020 release of the global tree to our 11/7/2020 reference

tree. We also extensively optimized both trees using a maximum likelihood approach in

FastTree 2 (Price, Dehal, and Arkin 2010). The Robinson-Foulds distance between all trees

is similar, suggesting that the UShER updated topologies are close to de novo phylogenies.

Additionally, the optimized version of the phylogeny produced by UShER resulted in a

substantially increased likelihood over the 31/7/2020 tree inferred de novo with similarly

extensive optimization. We obtained the highest likelihood topology from a heavily optimized

11/7/2020 tree, sample addition with UShER, and then another round of tree optimization

(Table S4). This indicates that UShER, combined with additional rounds of optimization, does

not result in unrecoverable local-minima but rather may help avoid them. In combination with

periodic maximum-likelihood updates to the global phylogeny, UShER can offer an appealing

combination of real-time phylogenetic methods and model-based practices. This combination

can be used to maintain an updated phylogeny for the SARS-CoV-2 pandemic, which is not

remotely feasible by any other existing software package.

The SARS-CoV-2 pandemic has been accompanied by unprecedented levels of

pathogen genomic sequencing which has truly empowered near real-time monitoring of viral

transmission and evolution. This seemingly endless flood of genome sequence data has also

pushed phylogenetic analysis frameworks over the edge of their capabilities, requiring new

approaches to rapidly incorporate and contextualize newly sequenced viral genomes. UShER

is an extremely efficient software package inspired by the ongoing evolution of the virus itself,

that provides a method to immediately incorporate viral genome isolates into a global

phylogenetic tree. Compared to its closest counterpart, UShER is over 3,000x faster and

orders of magnitude more memory efficient. It is currently the only tool with actual real-time

capabilities. Although several challenges still remain for routinely deploying pathogen

surveillance methodologies, UShER removes a key barrier by significantly decreasing the

turnaround time from sample to analysis and empowering real-time genomic contact tracing

efforts during the SARS-CoV-2 pandemic and beyond.
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4.8: Methods

The code used for the statistical analyses and to produce the figures is available at

https://github.com/bpt26/USHER_ANALYSES. We measured UShER’s accuracy in placing

samples onto a reference phylogeny using simulated (described above) and real data. For

simulated data, both reference phylogeny and sequences were simulated; for real data, we

used the global phylogeny dated 11 July 2020 (https://github.com/roblanf/sarscov2phylo) as

reference and its corresponding sequences were obtained from GISAID (Yuelong Shu and

McCauley 2017). In each case, we first randomly pruned out ten samples from the global

phylogeny, which was then used as the input phylogeny while adding back the pruned

samples using UShER. UShER’s accuracy in placing back the samples was computed using

the average values of three different statistics (described below) over 100 such replicates.

We initially used TreeCmp (Bogdanowicz, Giaro, and Wróbel 2012) to compute the

Robinson-Foulds distance between the reference phylogeny and the tree constructed by

samples using UShER. Separately, we recorded whether the sister clade for each placed

sample was identical to the true sister clade (that is, the sister clade in the reference

phylogeny). Finally, we computed the distance between the UShER placement and the

correct placement in terms of the minimum number of edges separating them as described

below.

Ordinarily, the distance between two nodes in a tree can be computed using their

lowest common ancestor44 by taking the sum of the number of edges to each node from the

lowest common ancestor. To determine the distance between the node placement in two

trees (reference phylogeny and the one resulting from UShER placement), we developed a

utility that reports all descendant lineages from an n-th generation ancestor of any given node

in a tree, with n provided as input (that is, when n = 1, it reports unpruned lineages in the

sister clade). For each pruned lineage, we found the descendants varying the number of

generations, N1 and N2, in global and UShER phylogenies, respectively and reported the
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distance between the UShER placement and the correct placement as the smallest (N1 + N2

− 2), which resulted in the same set of descendant lineages in both phylogenies. Note that

the second statistic records cases for which the sister clades in the two trees are identical,

which would always have 0 distance in our third statistic (N1 = N2 = 1).

We also measured UShER’s accuracy in a more realistic scenario of placing closely

related samples that form their own subtree. In this case, during pruning, we required that the

pruned samples together formed a subtree (that is, not a trivial polytomy) in the reference

phylogeny.

To evaluate the accuracy and robustness to error of UShER compared to IQ-TREE 2

and FastTree 2, we identified 5 clades of approximately 1,000 lineages and reconstructed

each from scratch using each of the 3 methods, and repeated these experiments after

randomly masking between 2.5 and 50% of sites to 'N', adding 10, 20 … 100 independently

drawn random single-nucleotide errors across the lineages to be placed and adding identical

single-nucleotide errors to 1–10 of the genomes to be placed. We measured the accuracy of

these placements by calculating the Robinson-Foulds distance using TreeCmp.

We compared UShER to four other lineage placement algorithms: IQ-TREE multicore

v.2.1.1; EPA-ng v.0.3.8; PAGAN2 v.1.54; and TreeBEsT v.1.9.2 (Minh et al. 2020; Barbera et

al. 2019; Löytynoja, Vilella, and Goldman 2012; Ponting 2007). We initially attempted to add

1,000 lineages to our simulated phylogeny; however, except for UShER, which required

18 seconds to finish using 64 threads, none of the placement programs finished within 24 h.

Due to time and memory constraints, we instead added only 1 lineage to the tree in 20

replicates, recording the average and time range and peak memory usage across these 20

replicates in Table 5.1. We installed and ran each program on a server with 160 processors

(Intel Xeon CPU E7-8870 v.4, 2.10 gigahertz), each with 20 CPU cores.

For the 11 and 31 July 2020 reference trees, we created optimized versions of each

using FastTree 2 (ref. 38) using ten iterations of the command ‘fasttree -nt -nni 0 -spr 1

-sprlength 1000 -nosupport -intree <initial tree> global.fa > <new tree>’, replacing the initial
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tree with the new tree from the previous iteration each time, followed by the command

‘fasttree -nt -nni 0 -spr 1 -sprlength 1000 -nosupport -gamma -intree <initial tree> global.fa >

<new tree>’. In these commands, -nt indicates that the input is a nucleotide alignment, -nni 0

indicates that no minimum-evolution nearest neighbor interchanges are done, -spr 1

-sprlength 1000 indicates 1 round of SPR with a maximum distance of 1,000, meaning that a

single SPR move could move a subtree to any new branch of the global tree. The -nosupport

flag indicates that support values are not output and the -gamma flag indicates that the

lengths are rescaled to optimize the Gamma likelihood. Because FastTree 2 requires binary

trees, we randomly resolved all polytomies before optimization. We also generated two other

trees using UShER, by taking the original and optimized 11 July trees, pruning out all

lineages in the 11 July 2020 tree not present in the 31 July 2020 tree and using UShER to

add in all lineages present in the 31 July 2020 that were not present in the 11 July tree. We

then optimized these two new trees using ten iterations of FastTree 2, followed by another

round of optimization using the -gamma flag as described above.

4.9: matUtils: tools for analyzing comprehensive mutation-annotated trees.

Perhaps the greatest strength of UShER is its efficiency, in both time and data usage.

By far the most important component of this efficiency is the MAT data object, stored as a

protobuf (https://developers.google.com/protocol-buffers). However, if UShER is to be used

extensively, a full companion phylogenetics package is required to handle these data objects.

To accomplish this, we developed matUtils – a toolkit for rapidly querying, interpreting and

manipulating the MATs included in our database or constructed with UShER (Turakhia et al.

2021). Using matUtils, common operations in genomic surveillance and contact tracing

efforts, including annotating a MAT with new clades, extracting specific subtrees, or

converting the MAT to standard Newick or VCF format, can be performed in a matter of

seconds to minutes even on a laptop. We also provide a web interface for matUtils through

the UCSC SARS-CoV-2 Genome Browser (Fernandes et al. 2020). Together, our
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SARS-CoV-2 database and matUtils toolkit can simultaneously democratize and accelerate

pandemic-related research.

The matUtils toolkit is designed to scale efficiently to SARS-CoV-2 phylogenies

containing millions of samples. Using matUtils, common pandemic-relevant operations

described in the earlier section can be performed in the order of seconds to minutes with the

current scale of SARS-CoV-2 data (Table 4.2). For example, it takes only 5 seconds to

summarize the information contained in our June 9, 2021 SARS-CoV-2 MAT of 834,521

samples and only 15 seconds to extract the mutation paths from the root to every sample in

the MAT. Since matUtils is primarily designed to work with the newly-proposed and

information-rich MAT format, it does not have direct counterparts in other bioinformatic

software packages currently, but its efficiency is similar or better than state-of-the-art tools

that offer comparable functionality (Table 4.2). For example, matUtils is able to resolve

polytomies in a 834,521 sample tree in 9 seconds, a task which takes over 37 minutes using

ape (Paradis and Schliep 2019) (Table 4.2). matUtils is also very memory-efficient, requiring

less than 1.4 GB of main memory for most tasks, making it possible to run even on laptop

devices.

matUtils is effectively a superset of phylogenetics functions, and has expanded well

beyond what is possible in packages such as tree_doctor (Hubisz, Pollard, and Siepel 2011)

or ape (Paradis and Schliep 2019). Therefore, we did not benchmark several of its functions,

as there were no viable comparisons. Overall, matUtils performs admirably in both time and

memory usage, especially when considering that matUtils reads in trees with mutations

added -- effectively both a .vcf and a .nwk combined, and that matUtils is capable of reading

and editing trees larger than one million samples with any number of polytomies.
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Table 4.2: Benchmarking matUtils and other phylogenetics software packages. The
average time and memory usage across three replicates for listed functions on our annotated
public tree dated June 9 2021, which contains 834,521 samples. The clades annotated and
extracted had roughly 250,000 samples. For a more extensive comparison, see Tables S2-S9
in (McBroome et al. 2021).

All performance benchmarking experiments were carried out on a Google Cloud

Platform (GCP) instance n2d-standard-16 with 16 vCPUs (Intel Xeon CPU E7-8870 v.4,

2.10 GHz) with 64 GB of memory using our public SARS-CoV-2 MAT dated June 9, 2021.

matUtils does not have direct counterparts for its ability to work with the mutation-annotated

tree (MAT) format, but we compared the performance of matUtils with state-of-the-art tools

that offer some comparable functionality on Newick or VCF formats. Specifically, we

compared the most recent version of matUtils (version 0.3.1) to newick_utils version 1.6

(Junier and Zdobnov 2010), tree_doctor (from version 1.5 of the phast package; (Hubisz et al.

2011), ape version 5.5 (Paradis and Schliep 2019), and bcftools version 1.7 (Danecek et al.

2011). The input data used for each comparison can be found at

https://github.com/bpt26/matutils_benchmarking/.
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4.10: Applying phylogenetics tools to SARS-CoV-2 samples from the Santa Cruz

community

4.10.1: Background

Rapid SARS-CoV-2 genome sequencing enables researchers to trace the virus’

evolution as it spreads and adapts within human populations. Several important mutations

have arisen within the SARS-CoV-2 population that are thought to increase the

transmissibility of the virus (Bette Korber et al. 2020; Volz, Hill, et al. 2021; Volz, Mishra, et al.

2021) or to improve the virus’ ability to evade host immune defenses (Hoffmann et al. 2021;

Planas et al. 2021). The early detection of new variant lineages of SARS-CoV-2 that might

have similar traits is essential to prioritizing public health responses, developing

variant-specific diagnostics and vaccines, and beginning research into the possible

immunological and general health implications of newly discovered variants.

Parallel evolution occurs when the same mutations arise in distantly related lineages

at rates and may suggest positive selection recurrently favors the same alleles. Mutations

undergoing parallel evolution that do not confer fitness advantages to the virus may be due to

hypermutation, genetic drift, or founder effects (Chiara et al. 2020). However, several

previously described recurrent mutations may confer viral fitness advantages, via e.g.

increased transmissibility (Volz, Hill, et al. 2021; Davies et al. 2021) or ability to evade host

immune response (McCarthy et al. 2021; Starr et al. 2021; Thomson et al. 2021). Such

mutations undergoing parallel evolution are most likely to be adaptive (Hodcroft, Domman, et

al. 2021; Wu 2020). Increased genomic surveillance and detection of such parallel evolution

events may therefore be useful for identifying previously undescribed Variants of Interest

(Martin et al. 2021; Hodcroft, Domman, et al. 2021).

In this section, I describe a novel variant lineage, B.1.623, discovered by our

research team, that shares several mutations with known SARS-CoV-2 Variants of Concern,

including Spike protein mutations S494P, N501Y and P681H (Thornlow et al. 2021). Notably,
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each of these mutations within B.1.623 has apparently occurred independently to any

previously described variant of concern, including B.1.1.7. While no longer in circulation in

Santa Cruz County, B.1.623 is one of likely hundreds of short-lived variants from

neighborhoods across the country that serves to highlight an example of widespread parallel

evolution among SARS-CoV-2 lineages, and to demonstrate the need for increased real-time

monitoring for the public health and safety of communities everywhere.
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Figure 4.5: The phylogenetic distribution of 339 samples obtained from SARS-CoV-2
sequencing in Santa Cruz County plus 1000 samples from elsewhere. The tree is
produced via hgPhyloPace (https://genome.ucsc.edu/cgi-bin/hgPhyloPlace). To produce it,
we added the 339 genomes from the Santa Cruz County samples to a global phylogeny of
more than 1 million SARS CoV-2 genomes and then pruned back to retain only the Santa
Cruz genomes plus 1,000 others selected at random. We visualized the tree using the
Auspice.us platform. The 339 samples from Santa Cruz County are colored in red, with the
eight samples representing B.1.623 highlighted in gold, and the remaining 1,000 samples
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colored by Nextstrain clade. Note that clade sizes reflect both prevalence and local sampling
effort and we have not attempted to correct for the effect of either.

4.10.2: Lineage B.1.623 shares mutations with Variants of Concern.

We obtained a consensus sequence from 339 samples from Santa Cruz County. The

majority of these samples are high quality, and 88% have a single maximally parsimonious

placement on the global SARS-CoV-2 phylogeny that we maintain (Turakhia, Thornlow,

Hinrichs, et al. 2020). This suggests phylogenetic inference using these samples is reliable

(Turakhia, Thornlow, Hinrichs, et al. 2020). Approximately 58% of these 339 sequences are

associated with lineages B.1.427 and B.1.429, first identified in California (Deng et al. 2021).

We also detected two samples in our dataset of lineage B.1.1.7, first detected in the UK (Volz,

Mishra, et al. 2021) and increasing in southern California, USA (Washington et al. 2021). We

did not detect any other CDC-designated Variants of Concern or Variants of Interest

(https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/variant-surveillance/variant-info.h

tml). The distribution of lineages in Santa Cruz County is similar to reports from the San

Francisco Bay Area approximately 100km to the north conducted at approximately the same

time (Peng et al. 2021) (Figure 4.5).

Eight samples collected between mid February and early March represent a novel

lineage, named B.1.623 by Pangolin (Rambaut et al. 2020), and discovered by our research

team. These samples contain several mutations shared with B.1.1.7 and other VOCs. The

eight samples share six non-synonymous mutations within the S or Spike protein (S494P,

N501Y, D614G, P681H, K854N, and E1111K) relative to the Wuhan-Hu-1 SARS-CoV-2

reference sequence (RefSeq NC_045512.2). Among these, N501Y is thought to be important

for viral replication because it enables the virus to bind ACE2 and enter host cells more

efficiently (Gu et al. 2020; Starr et al. 2020). S494P is also located within the ACE2 receptor

binding domain and experimental evidence suggests that mutations at this position decrease

antibody binding affinity (Starr et al. 2020). Similarly, P681H is located within the Spike

protein furin cleavage site which is thought to be a hotspot of viral adaptive evolution (e.g.,
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(Peng et al. 2021; Zuckerman et al. 2021)). D614G became globally dominant in 2020

possibly due to higher viral loads (Volz, Hill, et al. 2021). The effect of the other two Spike

mutations is unknown.

In addition to the Spike mutations, B.1.623 includes N:M234I (G28975A), which also

appears in Variants of Interest B.1.526 and P.2 (G28975T). The three nucleotide mutations

that cause N:M234I (G28975A, G28975C, G28975T) have all been observed at the roots of

several Pango lineages and the frequency of N:M234I in 480,704 samples available from

GISAID as of 2 April 2021 with collection dates 2021-01-01 to 2021-03-31 is 7.0%. N:M234I

has been predicted to be stabilizing for the protein structure (Jacob et al. 2020). More

generally, because each of these mutations appear to have occurred independently from

other VOCs in B.1.623, these substitutions reveal significant evolutionary parallelism between

B.1.623 and known VOCs.

The parallel mutations that we observed within B.1.623 and known VOCs likely

reflect strong adaptation rather than hypermutability of specific positions (Figure 4.6).

Although there is evidence that supports highly variable mutation rates across sites within the

SARS-CoV-2 genome (Goswami et al. 2021; Pachetti et al. 2020; Badua, Baldo, and Medina

2021), none of the amino acid substitutions that we identified here are particularly recurrent in

SARS-CoV-2 evolution (Nicola De Maio et al. 2021). Given the strong experimental evidence

for immunity evasion associated with some of these specific positions, positive selection

appears to be a more likely explanation for the strong parallelism with previously described

VOCs, themselves thought to be evolving in parallel due to positive selection (Martin et al.

2021).
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Figure 4.6: Sequence variation across each VOC and lineage B.1.623. Dashed lines
indicate mutations relative to the reference sequence that are shared by B.1.623 and at least
one VOC. No stretch of variation appears to clearly match any single VOC, as we would
expect if recent recombination generated the shared mutations. In particular, the spike region
is quite distinct except for the shared mutations with known VOCs such as N501Y and P681H
as noted in the main text.

4.10.3: Lineage B.1.623 has a novel 35-nt deletion in ORF8

The B.1.623 lineage contains a 35-nt deletion that induces a frameshift and early

stop codon in ORF8 (bases 27922-27956 of RefSeq NC_045512.2) that is reminiscent of

B.1.1.7, which also contains a nonsense mutation that causes a premature stop codon in

ORF8. However, the functional significance of this mutation is not known. This parallel

evolution with the B.1.1.7 lineage suggests that inactivation of ORF8 may be favorable to the

virus, possibly in combination with shared amino acid substitutions within the Spike protein

(Zinzula 2021).

Variable genome consensus generation methods and difficulties in accurately

genotyping large indels make it challenging to establish the evolutionary pattern of this

deletion with certainty. There appears to be dramatic variation in the presence/absence of this

deletion across closely related sequences (Figure 4.7). However, many related consensus

sequences have this section of the genome replaced with Ns, and others contain nucleotide

sequences that suggest that the deletion may have been replaced with reference alleles (see

below). We believe that it is unlikely that this large, specific deletion evolved more than once

in this lineage. Conversely, a reversion to the reference, via reinsertion of identical 35bp
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nucleotide sequence is unlikely. Instead, we suggest that this highly unusual evolutionary

pattern primarily reflects apparent differences in consensus genome assembly and

submission methods where some tools may insert reference bases and others call deletions

as missing data. Of course, confident phylogenetic inference with SARS-CoV-2 is difficult

(Morel et al. 2020; Turakhia, Thornlow, Gozashti, et al. 2020), so it is possible that errors in

the inferred phylogeny contribute to this apparent improbable evolutionary pattern at this

deletion. Comparison to raw sequence data will be necessary to confirm or refute this.

However the pattern suggests that the deletion is a shared feature among most genomes in

this lineage and that its apparent sporadic absence in some genomes is an artefact of the

way virus genomes are currently assembled and submitted.
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Figure 4.7: Phylogenetic distribution of 322 sequences in the B.1.623 lineage and 15
nearest neighbors. The phylogeny was inferred based on whole-genome sequences and
colored based on ORF8. Our samples and others containing the deletion are shown in blue
and purple respectively. Samples with missing data (Ns) throughout the deletion are shown in
red, and samples with nucleotide sequence are shown in black. To accommodate slight
variation in consensus sequences, we refer to all samples with at least 30 “-” characters in
the multiple sequence alignment as deletion and similarly all sequences with at least 30 “N”
characters as missing data. Samples with missing data in ORF8 extending beyond the 35 nt
locus are shown in gray. The eight samples collected in Santa Cruz County are shown in
gold. Branch lengths are proportional to the number of mutations inferred to occur on that
branch. All spike amino-acid altering mutations in B.1.x are shown except D614G which
occurred in an ancestor that is not shown in this phylogeny. Note that two samples isolated in
the UK also contain E484K as indicated.

4.11: Conclusion

Pathogen genomic surveillance has the potential to identify novel lineages with

important immunological and epidemiological consequences. After genome sequencing and

assembly, UShER enables placement of samples on large phylogenies in less than a second

per sample. matUtils enables extraction of just the nearest neighbors of the samples of

interest, and exportation into files viewable with FigTree (Rambaut 2012) or the auspice.us

platform (Huddleston et al. 2021). Our discovery of the B.1.623 lineage and full analysis

within a week of receiving the sequencing data is an example of real-time phylogenetics at

work. Genomic surveillance can now be done anywhere with these publicly available tools.

Since our analysis, B.1.623 has died out in Santa Cruz County. This is expected for

the vast majority of novel variants, especially in areas where the vaccine has been effectively

rolled out to the public. Nonetheless, given its genomic parallels to known VOCs, its

characterization was briefly an important local health matter. Our work demonstrates that

communities everywhere are now equipped with all of the bioinformatics tools necessary to

characterize any persistent novel variants that might arise in the future, and are therefore

more able to quell additional threats to public health.

100

https://paperpile.com/c/TMmO0T/DE6U
https://paperpile.com/c/TMmO0T/HHND


Chapter 5: Pandemic-Scale Phylogenomics Reveals Elevated

Recombination Rates in the SARS-CoV-2 Spike Region

5.1: Background

Recombination is a primary contributor of novel genetic variation in many prevalent

pathogens, including betacoronaviruses (Forni, Cagliani, and Sironi 2020), the clade that

includes SARS-CoV-2. By mixing genetic material from diverse genomes, recombination can

produce novel combinations of mutations that have potentially important phenotypic effects

(Didelot and Maiden 2010). For example, recombination is thought to have played an

important role in the recent evolutionary histories of MERS (Dudas and Rambaut 2016) and

SARS-CoV (Lau et al. 2015; E. C. Holmes and Rambaut 2004). Furthermore, a

recombination event that transferred a portion of the Spike protein coding region into the

ancestor of SARS-CoV-2 may have contributed to the emergence of the COVID-19 pandemic

in human populations (X. Li et al., n.d.). Recombination is thought to have the potential to

generate viruses with zoonotic potential in the future (X. Li et al., n.d.). Therefore, accurate

and timely characterization of recombination is foundational for understanding the

evolutionary biology and infectious potential of established and emerging pathogens in

human, agricultural, and natural populations.

Now that substantial genetic diversity is present across SARS-CoV-2 populations

(Nicola De Maio et al. 2021) and co-infection with different SARS-CoV-2 variants has been

known to sometimes occur (Taghizadeh et al. 2021), recombination is expected to be an

important source of new genetic variation during the pandemic. Whether or not there is a

detectable signal for recombination events in the SARS-CoV-2 genomes has been fiercely

debated since the early days of the pandemic (X. Li et al., n.d.). Nonetheless, several

apparently genuine recombinant lineages have been identified using ad hoc approaches

(Jackson et al. 2021) and semi-automated methods that cope with vast SARS-CoV-2
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datasets by reducing the search space for possible pairs of recombinant ancestors (Jackson

et al. 2021; VanInsberghe et al. 2021). Because of the importance of timely and accurate

surveillance of viral genetic variation during the ongoing SARS-CoV-2 pandemic, new

approaches for detecting and characterizing recombinant haplotypes are needed to evaluate

new variant genome sequences as quickly as they become available. Such rapid turnaround

is essential for driving an informed and coordinated public health response to novel

SARS-CoV-2 variants.

The text of this dissertation includes reprints of the following previously published

material: Turakhia, Y., Thornlow, B., Hinrichs, A. S., Mcbroome, J., Ayala, N., Ye, C., ... &

Corbett-Detig, R. (2021). Pandemic-Scale phylogenomics reveals elevated recombination

rates in the SARS-CoV-2 spike region. bioRxiv. The co-authors listed in this publication

directed and supervised the research which forms the basis for the dissertation.

5.2: How RIPPLES works

We developed a novel method for detecting recombination in pandemic-scale

phylogenies, Recombination Inference using Phylogenetic PLacEmentS (RIPPLES, Figure

5.1). Because recombination violates the central assumption of many phylogenetic methods,

i.e., that a single evolutionary history is shared across the genome, recombinant lineages

arising from diverse genomes will often be found on “long branches” which result from

accommodating the divergent evolutionary histories of the two parental haplotypes (Figure

5.1). RIPPLES exploits that signal by first identifying long branches on a comprehensive

SARS-CoV-2 mutation-annotated tree (Turakhia et al. 2021; McBroome et al. 2021).

RIPPLES then exhaustively breaks the potential recombinant sequence into distinct

segments that are differentiated by mutations on the recombinant sequence and separated

by up to two breakpoints. For each set of breakpoints, RIPPLES places each of its

corresponding segments using maximum parsimony to find the two parental nodes –

hereafter termed donor and acceptor – that result in the highest parsimony score
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improvement relative to the original placement on the global phylogeny (Text S1). Our

approach therefore leverages phylogenetic signals for each parental lineage as well as the

spatial correlation or markers along the genome. We establish significance for the parsimony

score improvement through a null model conditioned on the inferred site-specific rates of de

novo mutation (Text S2-S3).

Figure 5.1: RIPPLES exhaustively searches for optimal parsimony improvements using
partial interval placements. (A): A phylogeny with 6 internal nodes (labeled a-f), in which
node f is the one being currently investigated as a putative recombinant. The initial parsimony
score of node f is 4, according to the multiple sequence alignment below the phylogeny,
which displays the variation among samples and internal nodes. Note that internal nodes may
not have corresponding sequences in reality, but test for recombination using reconstructed
ancestral genomes. (B-D): Three partial placements given breakpoints are shown with their
resulting parsimony scores. Arrows mark sites that increase the sum parsimony of the two
partial placements of f. The optimal partial placement and breakpoint prediction for node f is
in the center (C), with one breakpoint after site 9 and with partial placements both as a sibling
of node c and as a descendant of node d.
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5.3: Applying RIPPLES to a 1.607M-sample phylogeny

Substantial testing via simulation indicates that RIPPLES is sensitive and can

confidently identify recombinant lineages. On our tree containing over 1.6 million

SARS-CoV-2 sequences, RIPPLES takes just 6.25 minutes of wall time using 4 CPU threads

and 1.94 GB of RAM per tested node, on average (Text S4-S5). Nonetheless, recombination

breakpoints close to the edges of the SARS-CoV-2 genome are challenging to identify with

certainty (Figure 5.2), which makes RIPPLES weakly biased against identifying

recombination events near the edges of the viral genome. As expected, when recombination

occurs between genetically similar sequences, it is harder to detect it using RIPPLES (Figure

5.3). The low identifiability of recombination events among closely related lineages is a

well-known challenge in population genetics (Stephens 1986). Nonetheless, RIPPLES

detects simulated recombinants with 93% sensitivity (Table S1), and is able to detect each of

the highly confident recombinant samples identified by Jackson et al. (Jackson et al. 2021)

(Text S6). In contrast to previous methods for investigating recombination in the vast

SARS-CoV-2 genomic datasets (Varabyou et al. 2021; Jackson et al. 2021; VanInsberghe et

al. 2021), RIPPLES can search for recombination on the inferred internal nodes of the

phylogeny and does not require that phylogenetically informative sites or the set of parental

lineages be selected a priori. This allows RIPPLES to achieve high sensitivity and be able to

identify recombinant lineages without retraining the underlying model.
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Figure 5.2: RIPPLES is highly sensitive and able to detect 93% of simulated
breakpoints. We simulated 8,000 recombinant samples: 4,000 with one breakpoint and
4,000 with two breakpoints. The distributions of the true breakpoints for the simulated one-
and two-breakpoint samples are shown in A and B, and were generated by choosing random
positions across the genome, except that two breakpoints in a sample, if present, must be
1,000 nucleotides apart. The distribution of breakpoints detected for each simulated sample is
shown by breakpoint position, with one-breakpoint samples in C, and two-breakpoint samples
in D.

Figure 5.3: RIPPLES more easily detects breakpoints causing large changes in
parsimony score. The distribution of simulated breakpoints detected for each simulated
sample is shown by minimum starting parsimony score for the simulated one-breakpoint (A)
and two-breakpoint (B) sample, and minimum genetic distance from simulated
one-breakpoint (C) and two-breakpoint (D) sample to parent. Minimum starting parsimony (A,
B) is dependent upon the initial placement of the recombinant node in the tree and refers to
the genetic distance in mutations between the recombinant node and its direct parent in the
phylogeny. Minimum genetic distance from sample to parent (C, D) refers to the number of
mutations relevant to recombination that separate the recombinant node from either the
donor or the acceptor, and is not dependent on the initial phylogeny. Detected breakpoints
are shown in black and undetected breakpoints are shown in red. We condition on locating
the true breakpoints and observing a significant parsimony score according to our
phylogenetic null model. Therefore, we exclude recombination events with minimum starting
parsimony scores and genetic distances of less than 3, as these are not significant under our
null model.

Recombination analysis using RIPPLES on a global phylogeny of approximately 1.6

million SARS-CoV-2 genomes reveals that a significant fraction of the sequenced

SARS-CoV-2 genomes belong to detectable recombinant lineages. To mitigate the impacts of

sequencing and assembly errors, we exclude all nodes with only a single descendant, we

applied conservative filters to remove potentially spurious samples from the recombinant sets

flagged by RIPPLES, and we manually confirmed mutations in a subset of putatively

recombinant samples using raw sequence read data (Figure 5.4). After this, we retained 606
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unique recombination events, which have a combined total of 43,163 descendant samples

(Table 6.1). This means that approximately 2.7% of total sampled SARS-CoV-2 genomes are

inferred to belong to detectable recombinant lineages. Post hoc statistical analysis yields an

empirical false discovery rate estimate of 11.6% for our statistical thresholds (Text S9, Table

S4). Additionally, excess similarity of geographic location and date metadata among the

descendants of donor and acceptor nodes strongly supports the notion that the ancestors of

recombinant genomes co-circulated within human populations – a prerequisite for

recombination. Because recombination events that occur between genetically similar viral

lineages are challenging to detect (Figure 5.3), ours is expected to be a potentially large

underestimate of the overall frequency of recombination. As a result, the RIPPLES estimate

is likely conservative with respect to the global frequency of recombination in the

SARS-CoV-2 population.

Figure 5.4: Examples of detected trios filtered out due to sequence quality concerns.
A: Partial alignment of consensus sequences from a filtered recombinant trio of nodes 77695,
169585, and 77690, centered on site 28225, has consensus sequences of mostly 'N'
spanning several sites meant to be informative of a recombination event. This can occur
when many descendant samples have missing data. Mismatches between the three
consensus sequences immediately flanking this region may be the result of poor sequencing
quality as well. B: Partial alignment of consensus sequences from a filtered recombinant trio
of nodes 173213, 173209, and 173274, centered on site 16846, has 7
recombination-informative mutations in an 8-nucleotide window that are unlikely to be true
mutation events, but rather an alignment artifact or a complex indel event. C: Partial
alignment of consensus sequences from a filtered recombinant trio of nodes 293461, 293460,
and 211841, centered on site 29769, has 3 mismatches in a 5-nucleotide window,
immediately flanked by a large gap in the alignment and are unlikely to be true mutations.

5.4: The region surrounding the Spike protein is enriched for recombination events.

RIPPLES uncovered a strikingly non-uniform distribution of recombination breakpoint

positions across the SARS-CoV-2 genome, consistent with previous analyses in
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betacoronaviruses (Patiño-Galindo, Filip, and Rabadan 2021; Müller, Kistler, and Bedford

2021). In particular, there is an excess of recombination breakpoints towards the 3’ end of the

SARS-CoV-2 genome relative to expectations based on random breakpoint positions (p <

1×10-7; permutation test; Text S11). Importantly, no such bias is apparent when we simulate

recombination breakpoints following a uniform distribution (Figure 5.2). Change-point analysis

identifies an increase in the frequency of recombination breakpoints immediately 5’ of the

Spike protein region (20,787 bp; Text S12). The rate of recombination breakpoints is

approximately three times higher towards the 3’ of the change-point than the 5’ interval

(Figure 5.5) – which is similar to the relative recombination rates in the genomes of other

human coronaviruses (Müller, Kistler, and Bedford 2021).

Several lines of evidence suggest that the skewed distribution of recombination

breakpoint positions results primarily from a neutral mechanistic bias rather than being a

consequence of positive selection. First, many of these recombinant clades have existed for a

relatively short period of time, and might already be extinct. The mean timespan between the

earliest and latest dates of observed descendants of detected recombinant nodes is just 37

days. Second, of the subset of recombination events that we inferred to occur between

Variants of Concern (VOC; lineages B.1.1.7, B.1.351, B.1.617.2, and P.1 (Rambaut et al.

2020)) and other lineages, VOCs contribute slightly fewer Spike protein mutations than

non-VOC lineages on average (58 out of 123 VOC/non-VOC recombinants, P = 0.765, sign

test). Third, recombinant clade size does not greatly differ from the remaining clade sizes,

which would be expected if recombinant lineages experienced strong selection (P = 0.8401,

permutation test). Therefore, although natural selection on recombinant lineages could also

impact the observed distribution of recombinant breakpoint positions (Müller, Kistler, and

Bedford 2021), our data indicates that an important mechanistic bias shapes the distribution

of recombination events across the SARS-CoV-2 genome.
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Figure 5.5. RIPPLES detects an excess of recombination in the Spike protein region.
(A): The distribution of midpoints of each breakpoint’s prediction interval are shown as a
density plot, with the underlying recombination prediction intervals plotted as individual lines
in gray. We used the midpoint of the breakpoint prediction interval because recombination
events can only be localized to prediction intervals which are the regions between two
recombination informative SNPs. A dashed vertical line at position 20,787 delimits
recombination rate regions identified by change-point analysis. The apparent lack of
recombination towards the chromosome edges likely reflects a detection bias we describe
above (Figure 5.2) (B-D): Recombination-informative sites (i.e. positions where the
recombinant node matches either but not both parent nodes) for three example recombinant
trios detected by RIPPLES. The numbers to the left of each sequence correspond to the node
identifiers from our MAT. B and D are examples of a recombinant with a single breakpoint
(shown in dotted lines), C is an example of a recombinant with two breakpoints. B-D were
generated using the SNIPIT package (https://github.com/aineniamh/snipit).

5.5: Pango lineage B.1.355 is likely the result of a recombination event

Although not yet widespread among circulating SARS-CoV-2 genomes,

recombination has measurably contributed to the genetic diversity within SARS-CoV-2

lineages. The ratio of variable positions contributed by recombination versus those resulting
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from de novo mutation, R/M, is commonly used to summarize the relative impacts of these

two sources of variation (Patiño-Galindo, Filip, and Rabadan 2021). Using our dataset of

putative recombination events, we estimate that R/M = 0.00264 in SARS-CoV-2 (Text S13).

This is low for a coronavirus population (e.g. for MERS, R/M is estimated to be 0.25-0.31,

(Patiño-Galindo, Filip, and Rabadan 2021)), which presumably reflects the extremely low

genetic distances among possible recombinant ancestors during the earliest phases of the

pandemic and the conservative nature of our approach. As SARS-CoV-2 populations

accumulate genetic diversity and co-infect hosts with other species of viruses, recombination

will play an increasingly large role in generating functional genetic diversity and this ratio

could increase (D. Kim et al. 2020). RIPPLES is therefore poised to play a primary role in

detecting novel recombinant lineages and quantifying their impacts on viral genomic diversity

as the pandemic progresses.

Our extensively optimized implementation of RIPPLES allows it to search the entire

phylogenetic tree and detect recombination both within and between SARS-CoV-2 lineages

without a priori defining a set of lineages or clade-defining mutations. This is a key advantage

of our approach relative to other methods that cope with the scale of SARS-CoV-2 datasets

by reducing the search space for possible recombination events (e.g., (Jackson et al. 2021;

VanInsberghe et al. 2021; Varabyou et al. 2021)). RIPPLES discovers 239 recombination

events within branches of the same Pango lineages. Our results also include 367

inter-lineage recombination events (Table 6.1). Additionally, we find evidence that

recombination has influenced the Pangolin SARS-CoV-2 nomenclature system (Rambaut et

al. 2020). Specifically, we discover that the root of B.1.355 lineage might have resulted from a

recombination event between nodes belonging to the B.1.595 and B.1.371 lineages (Fig 5.6).

These diverse recombination events highlight the versatility and strengths of the approach

taken in RIPPLES.
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Figure 5.6. RIPPLES uncovered evidence that the B.1.355 lineage might have resulted
from a recombination event between lineages of B.1.595 and B.1.371. (A):
Sub-phylogeny consisting of all 78 B.1.355 samples (purple) and the most closely related 78
samples to nodes 94353 and 102299 from lineages B.1.371 and B.1.595, respectively, using
the "k nearest samples'' function in matUtils (McBroome et al. 2021). Nodes 94353 (red) and
102299 (blue) are connected by dotted lines to node 94354 (purple), the root of lineage
B.1.355. Recombination-informative mutations are marked where they occur in the
phylogeny, with those occurring in a parent but not shared by the recombinant sequence
shown in gray. (B): Recombination-informative sites (i.e. sites where the recombinant node
matches either but not both parent nodes) are shown following the same format as Figure
5.5B-D. B was generated using the SNIPIT package (https://github.com/aineniamh/snipit).

5.6: RIPPLES highlights the need for increased genomic surveillance

The detection of increased recombination rates around the SARS-CoV-2 Spike

protein highlight the utility of ongoing surveillance. The Spike protein is a primary location of
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adaptive novelty for viral lineages as they adapt to transmission within and among human

hosts. Our discovery of the excess of recombination events specifically around the Spike

protein, as well as and the relatively high levels of recombinants currently in circulation,

underline the importance of monitoring the evolution of new viral lineages that arise through

mutation or recombination through real-time analyses of viral genomes. Our work also

emphasizes the impact that explicitly considering phylogenetic networks will have for

accurate interpretation of SARS-CoV-2 sequences (Müller, Kistler, and Bedford 2021).

Beyond SARS-CoV-2, recombination is a major evolutionary force driving viral and

microbial adaptation. It can drive the spread of antibiotic resistance (Didelot and Maiden

2010), drug resistance (Moutouh, Corbeil, and Richman 1996), and immunity and vaccine

escape (Golubchik et al. 2012). Identification of recombination is an essential component of

pathogen evolutionary analyses pipelines, since recombination can affect the quality of

phylogenetic, transmission and phylodynamic inference (Schierup and Hein 2000). For these

reasons, computational tools to detect microbial recombination have become very popular

and important in recent years (Didelot and Wilson 2015). The SARS-CoV-2 pandemic has

driven an unprecedented surge of pathogen genome sequencing and data sharing, which

has in turn highlighted some of the limitations of current software in investigating large

genomic datasets (Hodcroft, De Maio, et al. 2021). RIPPLES was built for pandemic-scale

datasets and is sufficiently optimized to exhaustively search for recombination in one of the

largest phylogenies ever inferred in less than four days on the n2d-highcpu-224 Google

Cloud Platform (GCP) instance containing 224 vCPUs. To facilitate real-time analysis of

recombination among tens of thousands of new SARS-CoV-2 sequences being generated by

diverse research groups worldwide each day (Yuelong Shu and McCauley 2017; Sayers et al.

2021), RIPPLES provides an option to evaluate evidence for recombination ancestry in any

user-supplied samples within minutes. RIPPLES therefore opens the door for rapid analysis

of recombination in heavily sampled and rapidly evolving pathogen populations, as well as

providing a tool for real-time investigation of recombinants during a pandemic.
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5.7: Methods

5.7.1: Constructing a null model

It is necessary to define a null model in order to determine whether we observe more

recombination events than would be expected as false positives. Here, as an alternative to

recombination, we define a null model wherein the additional mutations on a branch that we

will test for recombination result instead from the underlying observed mutation process. To

do this, we selected nodes at random and added k additional mutations, where k is an input

parameter. Here, each mutation was drawn proportionally to the parsimony score of that

mutation in the global phylogeny. This should make the extended branches we consider here

consistent with the underlying null model. Importantly, our correction for de novo mutations

should be more appropriate than alternative null models that assume that the mutation rate is

equal across all sites (e.g., (VanInsberghe et al. 2021)). Furthermore, to whatever extent

recombination contributes to apparently recurrent mutations, this model will be conservative

for establishing significance under the null (below).

After generating sequences with additional mutations as described above, we placed

those samples onto the phylogeny using UShER (Turakhia et al. 2021). Then, we searched

for all possible partial placements using RIPPLES. We record the resulting improvement in

parsimony score in the best partial placement that we found relative to the initial placement.

The distribution of parsimony score improvement for each initial parsimony score provides a

null model for the amount of improvement that might be expected under a model where

mutation generates the long branches we search for and conditional on the phylogeny and

the initial parsimony score.

5.7.2: Establishing significance under a null model based on observed mutation rates.
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For each putative recombinant, we use the null distribution based on mutation on a

single phylogeny without recombination to establish significance. For each node with a given

initial parsimony score, we obtain the p-value as the proportion of simulated null distribution

samples with the same initial parsimony score where the recombinant parsimony score

improved by an equal number or more mutations than in the putative recombinant sample.

Because the parsimony score improvement distribution is discrete and relatively small in

value, the p-values obtained will typically be conservative. Furthermore, our test statistic is

defined as the best possible parsimony score improvement for a given set of partial

placements for a single node. The number of tests performed should therefore be linear with

respect to the number of potential recombinant nodes evaluated. This property will typically

be appealing when applying a false discovery rate correction because many tests will be

highly correlated among possible parent nodes due to the nodes’ proximity within the

phylogenetic tree. This can be a problem with methods that are not phylogenetic, e.g., those

that examine all possible trios for donor-acceptor-recombinant relationships (e.g., (H. M. Lam,

Ratmann, and Boni 2018)). With such methods, in some cases, if two nodes are

distinguished by a SNP that is not contained within a recombinant segment, two or more

ancestral nodes can yield identical results. More generally, closely related trios will yield

highly correlated results which can impose important challenges for multiple testing

corrections.

5.7.3: Tree pruning and sample filtration.

In order to test our method and detect as many SARS-CoV-2 recombination events

as possible, we required a large phylogeny encompassing the genetic diversity of the virus.

At UCSC, we have been maintaining a daily-updated SARS-CoV-2 phylogeny of all GISAID

(Yuelong Shu and McCauley 2017), GenBank (Sayers et al. 2021) and COG-UK (COVID-19

Genomics UK (COG-UK) consortiumcontact@cogconsortium.uk 2020) sequences using the

script
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https://github.com/ucscGenomeBrowser/kent/blob/master/src/hg/utils/otto/sarscov2phylo/upd

atePublic.sh and the method described in (Turakhia et al. 2021; McBroome et al. 2021). We

started with our phylogeny dated 28/05/2021 containing a total of 1,807,630 sequences with

a parsimony score of 1,772,324. We then used the corresponding VCF file and masked all

known problematic sites (Turakhia, Thornlow, Gozashti, et al. 2020) and pruned out samples

with fewer than 28,000 non-N nucleotides at positions where the SARS-CoV-2 reference

genome had a non-N nucleotide. We also pruned out all samples with 2 or more ambiguous

(non-[ACGTN-]) nucleotides, and then iteratively removed all samples on branches with

length greater than 30 using the -b 30 flag in matUtils. After this, we ran matOptimize twice

using an SPR radius of 10 and 40 in subsequent rounds, and using the masked VCF as an

input. Following this, we again iteratively pruned out all samples on branches with length

greater than 30. The final tree contains 1,607,799 samples, 1,967,136 nodes, and has a total

parsimony score of 1,522,210. We then optimized the tree using matOptimize

(https://github.com/yatisht/usher).

5.7.4: Establishing sensitivity

To test RIPPLES’ sensitivity, we simulated 8,000 recombinant samples by choosing 2

random internal nodes from our phylogeny with at least 10 descendants and choosing

breakpoints at random across the genome. We generated 1,000 simulations each for one and

two breakpoints with 0, 1, 2, and 3 additional mutations added to the sequence after the

recombination event. We ensured that any two breakpoints were at least 1,000 nucleotides

apart. The distribution of breakpoints selected for this experiment is approximately uniform,

with slight bias against the ends of the chromosomes caused by this 1,000-nucleotide

condition.

We then measured the ability of RIPPLES to detect breakpoints as a function of the

position of the breakpoint and the minimum genetic distance from the recombinant node to

either parent. Overall, we detect 93% of all breakpoints across all of our simulations. Scripts
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used to generate simulated recombinants are available at

https://github.com/bpt26/recombination/.

In addition to simulations, we evaluated the sensitivity of RIPPLES by asking if it

could detect each of the high-confidence recombinant SARS-CoV-2 clusters of Jackson et al.

(Jackson et al. 2021). Briefly, this work used the unique and highly divergent B.1.1.7

haplotype to detect putative recombination events. To do this, we ran RIPPLES while relaxing

the requirement that each detected recombinant have a minimum of two descendants. We

did this because several of the clusters identified in that work have only a single extant

descendant. We found that all putative recombination events identified in that work are also

discovered by RIPPLES.

5.7.5: Filtering possible false positives.

We applied several post hoc filters to remove putative recombinant nodes that may

be false positives resulting from several possible sources of error. For each internal node

from each trio (putative recombinant, donor, and acceptor nodes) that comprised a

recombinant event, we downloaded the consensus genome sequence for the nearest

descendants of each node, from COG-UK, GenBank, GISAID, and the China National Center

for Bioinformatics. We then aligned the sequences of all descendants for each trio using

MAFFT (Katoh and Standley 2013), focusing specifically on recombination-informative sites,

i.e. where the allele of the recombinant node matched one parent node but not the other.

From each set of descendants, we created a consensus sequence for the recombinant,

donor, and acceptor nodes. We then compared these consensus sequences to determine

whether the informative sites for recombination were likely to be true mutations, or alignment

artifacts not captured by our initial VCF file.

If an insertion or a deletion (indel) in the alignment or a set of missing bases (Ns)

spanned at least one recombination-informative site in at least one of the consensus

sequences, or if an informative site was within 5 nucleotides of an indel or set of missing
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bases at least 5 nucleotides long, or if more than 5 informative sites were within 2 nucleotides

of an indel or set of Ns of any length, we discarded the trio. From careful inspection of

individual trios, variation fitting these criteria might be influenced by sequencing quality. We

also discarded trios containing more than 5 recombination-informative mutations in a

20-nucleotide span. While multi-nucleotide mutation events do occur, we found upon

inspection of the raw sequences that cases of more than 5 mutations in such a small window

most often occurred very near to either end of the sequence for that sample. We then

discarded trios where 3 or more recombination-informative mutations in a 20-nucleotide span

were found within 5 nucleotides of an indel or set of Ns at least 10 nucleotides in length.

Finally, we removed trios for which the entire set of recombination-informative mutations in

the donor or acceptor sequence occurred in a 20-nucleotide span. We have aimed to be

conservative with our filtering and excluding these trios may eliminate some true variation

from our dataset, but this conservative approach should limit false positives.

To further remove low-quality recombination events, we removed cases whose

p-value in 3seq (H. M. Lam, Ratmann, and Boni 2018) was greater than 0.2. 3seq conducts

non-parametric tests for clustering in sequences of binary values. We generated binary

sequences using the informative sites for each trio ("A" if the recombinant matched only the

donor, "B" if the recombinant matched only the acceptor). Our choice for a p-value of 0.2 is

based on visual inspection of binary sequences. For example, a sequence of "AAAABBB" is

assigned a p-value of 0.143, and "AAABBB" is assigned a p-value of 0.2. Our intention with

this filter is to remove obviously erroneous recombination events, but a recombination event

between nodes with few total informative sites could certainly result in such a sequence.

However, the sequences "BAAABBABBBBBBBA" and "ABBBAABAAAAAAAB" result in

p-values of 0.275. Clustering in these sequences do not resemble what we expect from

simple recombination events and might be the result of contamination or mixed infections.

After controlling for sequence quality, we compared each parsimony improvement to

the phylogenetically informed null model described above. We retained only trios whose
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p-value was less than 0.05, where the p-value represents the proportion of null samples, with

parsimony score improvements of at least that observed for the sample of interest, given the

same initial parsimony score. We then needed to remove redundant trios from this set of

statistically significant predicted recombinants. Several recombinant nodes had predicted

recombination events with different sets of parents, and/or different predicted breakpoint

intervals, but because multiple recombination events are extremely unlikely to have occurred

at one node, we retained only one recombination event for each node. To break ties, we

favored recombination events for which we predicted only one breakpoint. Then, we favored

trios with fewer informative sites. These represent cases where the donor and acceptor have

more similar sequences, and we expect that strains with more similar sequences would be

more likely to be in the same place at the same time, as is required for recombination to take

place. After this, we resolved the remaining ties by favoring the trio with the smaller 3seq

p-value, larger predicted breakpoint interval, and greater sum of descendants of the donor

and acceptor nodes. Finally, we found a few cases where two predicted recombinant nodes

were the acceptor or donor of each other, and retained only one event for these cases. To

accomplish this, we applied the same set of sequential tiebreakers described above. After

applying these filters, we retained 606 unique putative recombinant nodes, which are parents

to 43,163 unique descendant samples. Scripts used for filtering results as described here are

available at https://github.com/bpt26/recombination.

5.7.6: Empirical false discovery rate estimation

To estimate the false discovery rate associated with our specific approach and

statistical threshold selected, we computed a post hoc empirical false discovery rate. To do

this, we obtained the number of internal nodes that we tested and which were associated with

a given parsimony score. Then, for each initial parsimony score and parsimony score

improvement, we obtained the expected number of internal nodes that would display that

parsimony score improvement under the null model, i.e. as a consequence of mutational
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processes and in the absence of recombination. We estimate the false discovery rate as the

ratio of expected nodes for a given initial and final parsimony score to the number of detected

recombinant nodes with the same initial and final parsimony score. As would be expected,

more modest parsimony score improvements are associated with a higher estimated false

discovery rate (Table 5.1).
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Table 5.1. False discovery rate estimation for each parsimony score improvement
observed in our dataset.

5.7.7: Permutation test to evaluate the apparent excess of 3' recombination.

We next sought to determine if identified recombination breakpoints are shifted

towards the 3’ end of the genome. To do this, we performed a permutation test comparing the
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difference of the mean of the distribution of detected breakpoints when recombination

breakpoints are simulated uniformly at random with the mean of the breakpoint position

distribution in the true set. Briefly, this is accomplished by randomizing the set of breakpoint

positions between two vectors of equivalent lengths to the simulated and real sets. The

reported p-value is the proportion of such permutations where the difference between the

mean position of the true and simulated vectors was greater than or equal to the observed

difference in the true data. Importantly, because both distributions reflect subsets of

recombination events that can be detected conditional on the landscape of genetic diversity

and phylogeny of SARS-CoV-2, this is an improved null comparison than assuming a

distribution, e.g., a uniform distribution.

5.7.8: Estimating R/M.

A central focus of much of microbial evolutionary analysis is distinguishing the

relative contributions of recombination and mutation to patterns of variation. To estimate this

ratio for SARS-CoV-2, we conservatively assume that RIPPLES successfully detects all

recombination events that are present on the phylogeny. Then, the decrease in parsimony

score associated with each detected recombination event is an estimate of the total variation

that results from recombination. The contribution to the total mutations present in the viral

population is then the parsimony score decrease multiplied by the number of descendant

lineages of that recombinant node. This is the total number of observed mutations whose

genealogies contain a recombination event. For lineages descendant of multiple recombinant

nodes, we multiplied by the recombinant node with greater parsimony score improvement. If

we subtract this value from the total number of mutations observed across the entire

datasets, we obtain an estimate of the number of mutations whose histories are attributed in

whole to mutational processes. The ratio of these two numbers is an estimate of R/M

averaged across all samples that are included in our tree.
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Conclusion

Transfer RNAs are a ubiquitous RNA gene family whose function is conserved in and

essential to all domains of life. Their high transcription, mutation rate, and copy number make

them an ideal model gene family for various population genetic studies. In the first chapter, I

discovered that they are heavily influenced by transcription-associated mutagenesis, and that

the most highly transcribed tRNA genes have mutation rates ~10x greater than the

genome-wide average. In the second chapter, I leveraged the correlation between mutation

rate and expression level to infer tRNA gene activity for over 10,000 tRNA genes, using only

DNA data. In the third chapter, I explored the possible effects of somatic mutation rate in

relation to tRNA gene copy number, as well as developed a model relating somatic mutations

to dominance.

Although I had planned further tRNA projects, I was able to use my knowledge of

both population genetics and RNA biology to make important contributions to SARS-CoV-2

phylogenetics. In the fourth chapter, I demonstrated how lab-specific errors can affect

phylogenetic inference, and highlighted the instability of large phylogenies consisting of

closely related samples. In the fifth chapter, I demonstrated the power of UShER to

revolutionize phylogenetics through the use of simulations, comparisons to other widely used

methods, and an application to genomic surveillance using real data from my own community.

In the final chapter, I demonstrate RIPPLES on our global phylogeny and its discovery of

extensive recombination throughout the pandemic, concentrated in the region of the clinically

relevant Spike protein.

While on the surface, tRNA biology and SARS-CoV-2 phylogenetics appear very

disparate subjects, the methods used in each chapter have significant overlap. In this

dissertation, I have used various comparative genomics and phylogenetics techniques to find

fundamental insights to the evolution of both tRNA genes and SARS-CoV-2 lineages.
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