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The impact of natural genetic variation on phenotype is difficult to measure because we 

only partially understand how polymorphisms present in a population affect gene function. 

Understanding the relationship between genetic variation and phenotype has important 

implications for human therapeutics, but on a broader level is crucial for predicting evolutionary 

outcomes and disentangling adaptations that occurred in the past. In this work, I describe a high-

throughput, cost-effective approach for assaying natural allelic variation on a species-wide level 

in the budding yeast, Saccharomyces cerevisiae. In the first chapter, I describe the many aspects 

of quantitative traits and current approaches used to understand natural allelic variation on a 

high-throughput level. I highlight approaches that have been developed particularly in yeast, as 



 

this model system continues to be an amazing tool for genetics and genomics. Following with the 

second chapter, I describe a high-throughput functional assay that I developed that can measure 

the fitness of all natural alleles of a gene, in this case the high-affinity sulfate transporter SUL1, 

at the population level. I show that this approach can categorize alleles into functional, 

intermediate, or nonfunctional groups, and tying these results to ecological origins reveals 

patterns of the evolutionary history of SUL1 in S. cerevisiae.  In chapter three, I elaborate on a 

computational approach called PacRAT, a PacBio long-read sequencing algorithm with novel 

error-correcting properties, that improves the accuracy of barcode-allele pairs. I verified the 

success of this approach using simulated libraries and show that the method maximizes the 

number of reads that can be utilized from each PacBio SMRT cell, especially as gene length 

increases. Success of the aforementioned assay combined with this computational approach 

highlights the numerous other questions we can answer about natural variation and evolution. In 

the last part of this work (Chapter 4), I show an example of this approach to study phenotypic 

differences in paralogs in the maltose utilization pathway in S. cerevisiae and show that further 

examination can reveal more about paralog functional divergence and how strains have adapted 

to maltose-rich environments. The results here will also help deconvolute the genetic basis of 

adaptation to domesticated environments, as maltose-utilizing strains are typically isolated from 

beer samples. The final chapter concludes my dissertation where I summarize my work and 

discuss potential questions that can be further answered with these results. All in all, my work on 

natural allelic variation improves our understanding of how genotypes affect phenotypes and 

informs our understanding of how selection gave rise to the existing polymorphisms that affect 

populations today. 
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Chapter 1. Introduction 

Since the discovery of the role of DNA in coding proteins that lead to observable traits, 

the answer has remained elusive to the genotype-to-phenotype question: how do genetic changes 

give rise to trait differences? Most traits are not governed by one gene (also known as monogenic 

or Mendelian traits) but are governed by multiple genes (polygenic) with varying degrees of 

effect sizes (Boyle et al., 2017; MacKay et al., 2009; Morgante et al., 2018). These traits are 

called quantitative or complex traits. Diseases like cancer are an example of a complex trait, and 

the decades of research on cancer genetics illustrates that identifying the genetic basis of 

complex traits is particularly difficult. Understanding complex traits is also important in the 

agricultural sector, such as understanding how to produce more drought-tolerant crops to sustain 

human life. Climate change necessitating organisms to adapt to new environments is furthermore 

important for many animal populations that are experiencing rapid changes to their natural 

habitats. Several approaches have been developed for identifying regions of the genome 

responsible for quantitative traits, but most have limitations and do not capture the entire 

spectrum of phenotypic variation. For instance, common variants with small effect sizes are 

difficult to detect due to lack of statistical power, and variants with large effect sizes tend to be 

rare and difficult to capture due to insufficiently large sample sizes (Marouli et al., 2017; 

Visscher et al., 2012; Yang et al., 2010). Understanding the genetic basis of quantitative traits 

has great implications for medicine, industrial applications, agriculture, and evolution. 

The budding yeast Saccharomyces cerevisiae has played a fundamental role in our 

understanding of quantitative traits. In this introduction, I discuss the major techniques used or 

developed in yeast that have moved the field forward and how they have scaled up in recent 
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years. I next discuss how sequencing of genomes from a variety of populations moves research 

in genetics beyond what we can glean from a single reference genome. Whole-genome 

sequencing of whole populations can be leveraged for understanding phenomena such as gene 

redundancy due to paralogs, and I cover the importance of such gene duplications in evolution in 

the following section.  

 

1.1 SCALING APPROACHES FOR IDENTIFYING GENES UNDERLYING QUANTITATIVE 

TRAITS IN YEAST 

Figures and text in this section was adapted from a review written in collaboration with Dr. 

Pengyao Jiang submitted to Current Opinion in Genetics & Development.  

Expansion of sequencing efforts to include thousands of genomes is providing a 

fundamental resource for determining the genetic diversity that exists in a population. Now, 

high-throughput approaches are necessary to begin to understand the role these genotypic 

changes play in affecting phenotypic variation. Saccharomyces cerevisiae maintains its position 

as an excellent model system to determine the function of unknown variants with its exceptional 

genetic diversity, phenotypic diversity, and reliable genetic manipulation tools. Here I review 

strategies and techniques developed in yeast that scale classic approaches of assessing variant 

function. These approaches improve our ability to better map quantitative trait loci at a higher 

resolution, even for rare variants, and are already providing greater insight into the role that 

different types of mutations play in phenotypic variation and evolution not just in yeast but 

across taxa. 
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1.1.1 The significance of high-throughput functional approaches 

Genetic diversity present across the budding yeast Saccharomyces cerevisiae population 

has produced the extraordinary phenotypic diversity that we see in this species today (Fay, 2013; 

Peltier et al., 2019). With a variety of wild ecological origins and over 12,000 years of 

domestication across the globe, S. cerevisiae isolates in different clades have distinct 

polymorphisms that facilitate adaptation to specific environments (Bai et al., 2022; Gallone et 

al., 2016; Peter et al., 2018). The overarching question that still remains after decades of genetics 

and genomics work is which of the genotypic differences and changes in genetic architecture 

between individuals give rise to phenotypic variation. Changes in a single locus alone can be the 

cause for phenotypic differences and is known as a Mendelian trait. However, Mendelian traits 

are rare as most traits are complex and thus governed by multiple loci and gene-by-environment 

interactions. Understanding the genetic basis of complex traits has many implications for 

advancing therapeutics for disease, industrial applications, agricultural output for our changing 

climate, and our knowledge of evolution.  

Curation, deep sequencing, and genomic analysis of 1,011 S. cerevisiae isolates collected 

from natural and domestic environments revealed the sheer number of variants present in the 

population (Peter et al., 2018). Containing over 1.6 million single nucleotide polymorphisms, 

this collection highlights that foundational approaches like QTL mapping for understanding the 

effects of these SNPs would be prohibitively labor-intensive, time-consuming, and oftentimes 

impossible given the current limitations of QTL mapping strategies (MacKay et al., 2009). Copy 

number variants (CNVs) further confound our understanding of the genetic architecture of traits; 

almost all open reading frames (ORFs) in the S. cerevisiae genome have a CNV in at least one of 

the 1,011 strains (Peter et al., 2018). The huge diversity in populations compared to the little that 
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is known about the effects of genotypic changes, with the added layer of intricacy that 

environmental factors play, necessitates high-throughput experiments that can confidently 

determine the impacts of mutations.  

Even the huge number of variants as yet observed is dwarfed by the number of variants 

that could possibly exist. Obviously, this general problem is not limited to the yeast system: 

modern genetics is going to require high throughput approaches to understanding variation 

across taxa. Technological solutions developed in yeast can immediately be applied to other 

genomes either as a testbed for methods development to port to other systems, or by 

heterologously expressing genes in yeast. 

While these challenges are daunting, the throughput of systems level approaches for 

determining and measuring variant function have increased considerably, particularly in S. 

cerevisiae, pointing to a path forward. The expansive genetic diversity of yeast, coupled with the 

extensive toolkit for dissecting genetic traits and engineering variants, provide an excellent 

foundation for understanding the impact of polymorphisms, learning fundamental principles 

underlying these effects, and ultimately predicting effects of potential mutations. Here we 

describe the latest technologies and strategies developed for addressing genotypic changes on a 

massive scale and what questions applications of these approaches can answer. 

 

1.1.2 Common approaches for identifying quantitative trait loci 

Genome-wide Association Study (GWAS) and Quantitative Trait Locus (QTL) mapping 

are the major approaches used to understand the effects of natural variants on complex traits 

(MacKay et al., 2009; Peter et al., 2018; Sardi et al., 2018). Even though tens of thousands of 

samples have been incorporated in human GWAS analysis, the missing heritability problem, 
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where mapped variants explain a small proportion of the total heritability (Manolio et al., 2009), 

is still not resolved. Previously in S. cerevisiae, due to the high degree of mosaicism and 

presence of population structure, GWAS required additional statistical corrections to avoid false 

positives (Connelly & Akey, 2012; Diao & Chen, 2012; Galardini et al., 2019; Peter et al., 2022; 

Strope et al., 2015). However, increases in sample size and diversity have improved the power of 

using GWAS for understanding the genetic basis of complex traits in yeast (Galardini et al., 

2019; Maclean et al., 2017; Peter et al., 2018, 2022; Sardi et al., 2018; Strope et al., 2015).  

 
 

 

Figure 1.1. Traditional QTL mapping procedures (left panel) and recent advancements (right 

panel). 

These approaches increase mapping precision, throughput, or diversity of natural variation for 

investigation. 
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QTL mapping, on the other hand, controls environmental factors and leverages the 

segregation of parental genotypes to pinpoint causal genetic variants leading to measurable 

phenotypes of interest (Bloom et al., 2013) (Figure 1.1, left panel). Phenotyping approaches for 

QTL mapping in yeast vary widely and include those that detect changes in molecular 

phenotypes such as gene expression or protein abundance (Albert et al., 2014; Brion et al., 2020; 

Duveau et al., 2021; Jackson et al., 2020; Renganaath et al., 2020; Shih & Fay, 2021; Sirr et al., 

2020), colony or cell morphology (Nogami et al., 2007; Karin Voordeckers et al., 2012; 

Wilkening et al., 2014), flocculation patterns (Wilkening et al., 2014), growth rate (Bloom et al., 

2019; Jakobson & Jarosz, 2019; Peter et al., 2018; Wilkening et al., 2014), enzymatic function 

(Collins et al., 2021), compound production (Eder et al., 2018), translation termination efficiency 

(Torabi & Kruglyak, 2011), and many more (Fay, 2013; Peltier et al., 2019). 

 

1.1.3 High-throughput genome-wide identification of genes contributing to trait differences 

Pooled approaches—such as bulk segregant analysis, which sequences pooled individuals 

with extreme phenotypes (Z. Wang et al., 2019), and barcoding multiple parental strains 

(Nguyen Ba et al., 2022) or individual spores (Matsui et al., 2022) in order to trace lineages of 

pooled segregants throughout a screening—improve the throughput of QTL mapping (Figure 

1.1, right panel). Although these approaches can be enriched for false positives due to beneficial 

mutations, genomic instability, and diploidization events that may arise during the growth phase 

(Wilkening et al., 2014), advancements in automated workflows now allow phenotyping of a 

remarkable number of individual segregants. The largest QTL mapping study in yeast to date 

phenotyped an astounding 100,000 F2 barcoded segregants (Nguyen Ba et al., 2022). 

Collectively, QTL mapping studies have measured over 100 complex traits (Bloom et al., 2019;  
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Haas et al., 2019; Jakobson & Jarosz, 2019; Nguyen Ba et al., 2022; Z. Wang et al., 2019; 

Wilkening et al., 2014). Furthermore, deliberate selection of parent strains can survey most of the 

natural variation in the S. cerevisiae population, with 82% of biallelic SNPs captured by just 16 

parental natural isolates (Bloom et al., 2019). Progeny of these 16 isolates, as well as hybrids 

from a diallel cross with 55 natural isolates, are also enriched for rare variants (Bloom et al., 

2019; Fournier et al., 2019). Screening of these crosses confirmed that variants of large effects 

are usually rare in the total population, consistent with negative selection on these alleles (Bloom 

et al., 2019; Fournier et al., 2019; Nguyen Ba et al., 2022).  

 

 
 

Figure 1.2. Summary of yeast library construction methods.  

Top panel: Plasmid-based variant library construction. The effects of these variants can be 

determined by transforming yeast cells with this plasmid library. Bottom panel: CRISPR-based 

variant construction. Yeast cells are transformed with a plasmid library of guide or donor-guide 

pairs so that genetic changes are incorporated into the genome.  
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Ascertainment biases in QTL mapping still exist, resulting in variants of large effects 

being overrepresented in functional studies and variants of small effects being overshadowed.  

Identification of polymorphic differences between two strains and individually introducing the 

variants from one strain to another exposes the functional effects of those variants in an unbiased 

manner. Several approaches have leveraged advances made in CRISPR/Cas9 precise editing 

techniques to introduce SNPs identified between two strains in a high-throughput manner  

Figure 1.2, bottom panel) (Després et al., 2020; Guo et al., 2018; Roy et al., 2018; Sharon et al., 

2018). Such studies have implemented improvements to increase homology-directed repair 

(HDR) efficiency over nonhomologous end joining (NHEJ) in yeast: efficient co-transformation 

of donor DNA and guide RNA to the same cell (Guo et al., 2018), increased copy number of the 

donor DNA strand (Sharon et al., 2018), and improved accessibility of the donor DNA to the 

Cas9-induced double-stranded break (Roy et al., 2018). These pooled variant studies have been 

able to interrogate the impacts of over 16,000 SNPs (in some cases over 30,000 SNPs) in one 

experiment, although variants of small effect tend to have low reproducibility and high false 

discovery rates (Després et al., 2020; Roy et al., 2018; Sharon et al., 2018). Once generated, 

libraries can be screened in various conditions to measure the interaction between each variant 

and the environment. Overcoming other limitations such as decreased editing accuracy with 

increased distance to PAM (protospacer-adjacent motifs, or the cut-site motif recognized by 

Cas9) sites or high oligonucleotide error rates will improve the power and accuracy of these 

assays. 

 Precise editing approaches have been useful for identifying expression QTLs (eQTLs), or 

cis-regulatory variants that alter expression and affect phenotype, making it possible to pinpoint 

causal cis- and trans-acting mutations in S. cerevisiae (Brion et al., 2020; Lutz et al., 2019; 
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Renganaath et al., 2020). Similarly, genome-wide perturbations that upregulate or downregulate 

nearly all genes in one assay can identify eQTLs as well, although not always at nucleotide 

resolution (Alford et al., 2021; Lian et al., 2019; McGlincy et al., 2021; Momen-Roknabadi et 

al., 2020). Scaled eQTL studies can now simultaneously measure expression and protein 

abundance with greater statistical power, providing a better understanding of how promoters and 

post-transcriptional processes may affect complex traits (Brion et al., 2020; Lutz et al., 2019; 

Renganaath et al., 2020). In addition to changes in expression and protein abundance patterns, 

complete loss of function (LOF) by full gene deletions, frameshift mutations, or introduction of 

premature stop codons can be investigated in a high-throughput manner to determine the impact 

of different types of LOF mutations (Guo et al., 2018; Sadhu et al., 2018).  

 

1.1.4 High-throughput interrogation of variant effects at a causal locus 

When genes of interest are identified by any of these mapping methods, the question 

arises of how natural genetic variation or potential new mutations in these genes impact function. 

Multiplexed Assays of Variant Effects, or MAVEs, can deeply interrogate the effects of 

substitutions and cis-regulatory mutations in one locus by creating large libraries of variants and 

measuring en masse how they affect fitness, protein interactions, expression, or enzymatic 

function (Weile & Roth, 2018). Variants can be generated through a variety of methods (Figure 

1.2, top panel): Error-prone PCR is a cost-effective approach that introduces random mutations 

into a region of interest and can explore both single and combinatorial effects of mutations, but 

specific mutations and variants of interest are not guaranteed to be generated (Rich et al., 2016). 

Inverse PCR allows for site-directed mutagenesis and has now been scaled to allow for 

saturation; this saturation mutagenesis approach has been useful for understanding the effects of 
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substitutions of all amino acids in one site but is quite labor intensive (Amorosi et al., 2021; 

Morton et al., 2020). Oligonucleotide synthesis also allows for deep interrogation into single 

substitutions and can include more complex variants, or variants with more than one mutation, 

but has a higher cost and error rate (Ollodart et al., 2021). Saturation mutagenesis can now be 

performed endogenously with CRISPR/Cas9 editing, namely by designing synonymous  

  

 
Figure 1.3. Summary of high-throughput functional assays in yeast. 

The starting library can be developed using either plasmid-based or CRISPR-based methods. 
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mutations in the donor DNA strand to prevent unintentional recognition and cleavage due to 

strand complementarity to the guide RNA (Roy et al., 2018) (Figure 1.2, bottom panel). 

Sequencing full variants or short DNA tags that act as barcodes for each variant allows the 

tracking of these variants throughout an assay, which can be used to infer variant function 

(Figure 1.3). 

MAVEs in yeast have been useful for predicting how new mutations alter phenotype, not 

just for yeast genes, but for genes from other systems as well (Figure 1.3). Remarkably, many 

human genes complement S. cerevisiae gene knockouts, smaller scale homology can be taken 

advantage of for those that don’t, and even genes without homologs can be functional when 

heterologously expressed in yeast (Amorosi et al., 2021; Boonekamp et al., 2021; Cervelli et al., 

2020; Hamza et al., 2020; Kapolka et al., 2020; Newberry et al., 2020; Ollodart et al., 2021; Sirr 

et al., 2020). A recent example is the combination of a yeast display assay and saturation 

mutagenesis on the receptor binding domain (RBD) of SARS-CoV-2 revealing the substitutions 

in the RBD that affect binding to human receptor proteins (Starr et al., 2020). These results have 

been phenomenally important for quickly anticipating the effects of mutations in SARS-CoV-2 

and for developing effective vaccines (Starr et al., 2020). 

This style of high-throughput, pooled phenotype testing can also be applied to more 

complex allele libraries. For example, we have generated and phenotyped a library of all natural 

alleles of one gene, including multiple SNPs and insertion/deletions in one haplotype (Yeh et al., 

2021). This MAVE approach for understanding gene function on a species-wide scale reveals not 

only the natural fitness distribution of variants in this gene, but informs its evolutionary history 

as well. Decreases in cost along with increases in throughput and accuracy of long-read 
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sequencing enable the genotyping of large libraries containing complex variants that are longer 

than what can be fully captured from next-generation sequencing (301bp).  

Finally, variant libraries need not be based on natural sequences at all. Generation of 

randomized sequences has been useful for understanding how translation and transcription 

factor-binding sites are utilized in promoter regions, with the effects of up to 100 million 

sequences determined in one experiment (Cuperus et al., 2017; de Boer et al., 2020; Vaishnav et 

al., 2022). The increasing number of studies focusing on exploring this space enhances our 

understanding of variant effects and is fundamental to computational programs more accurately 

predicting function (Gray et al., 2018; Jackson et al., 2020; Livesey & Marsh, 2020; Reeb et al., 

2020; Weile et al., 2017; Zhou & Cai, 2021).  

 

1.1.5 Future directions for high-throughput functional approaches for identifying QTLs 

Advancements in approaches for identifying QTLs as well as the underlying causal genes 

and nucleotides have revealed an extraordinary amount of information about complex traits. 

High throughput methods such as those described here facilitate moving beyond individual 

example cases and allow for general patterns to surface that begin to reveal the categories of 

complex traits and what is required for a comprehensive understanding of their genetic basis. 

Complex traits vary in patterns themselves and can involve multiple common variants, multiple 

rare variants, or a combination of both (Bloom et al., 2019; Nguyen Ba et al., 2022), justifying 

the need for independent interrogations of variants under multiple environments. For some traits, 

variants clustered in one locus can have effects in the same direction (Sharon et al., 2018; She & 

Jarosz, 2018); for others, however, variants can have canceling effects that result in neither 

variant being detected in a QTL (Renganaath et al., 2020). These variants can be coding or 
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noncoding, and the effect sizes of these mutations are relatively similar (Jakobson & Jarosz, 

2019; Sharon et al., 2018). Effects of variants can be additive, although greater sample sizes of 

segregants revealed that the terminal effects are more indicative of epistatic interactions (Bloom 

et al., 2019; Fournier et al., 2019; Matsui et al., 2022; Nguyen Ba et al., 2022). Identifying 

epistatic interactions is still challenging, and most high-throughput approaches for doing so have 

been through whole gene deletions or engineered mutant alleles (Costanzo et al., 2016, 2021; 

Diss & Lehner, 2018; Domingo et al., 2018; Kuzmin et al., 2020) or by investigating genetic 

network changes as a result of single gene perturbations (Caudal et al., 2021; Jackson et al., 

2020). Thus, the effects of most pairwise and complex SNP interactions at the genomic scale 

remain to be determined.  

 The end goal of these studies is to predict how genotypic changes alter phenotype. 

Saturation-level analysis can be achieved by taking a gene-centric approach to understand how 

variation in a locus affects phenotype. Good candidates for such analysis are the causal genes 

identified by QTL studies. Certain genes (such as MKT1, HAP1, IRA2) continually resurface in 

QTL maps, indicating a high degree of pleiotropy (Demogines et al., 2008; Deutschbauer & 

Davis, 2005; Dimitrov et al., 2009; Gou et al., 2019; Jakobson & Jarosz, 2019; Kim & Fay, 

2009; Nguyen Ba et al., 2022; Steinmetz et al., 2002; Wilkening et al., 2014). Yet, how 

regulatory and substitution changes alter their function under these various environments and 

across many more alleles and genetic backgrounds is still largely unknown. Measuring the 

effects of genes using standing variation can reveal patterns of evolution and signatures of 

selection (Yeh et al., 2021). Moreover, coupling growth phenotypes with molecular phenotypes 

like expression or protein function can lead to mechanistic understanding. They also illustrate a 

high-throughput way for studying distribution of fitness effects of genes, which is an important 
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and long-standing question in understanding evolution.  

Even with the high-throughput approaches developed to date, many challenges and 

prospects in identifying causal variants persist. In order to measure variant effects on complex 

traits, the traits must have phenotypes that can be measured accurately in high throughput. 

Additionally, knowing only one of the multiple traits affected by a pleiotropic gene may 

confound interpretations of how variation affects fitness. The impact of intergenic regions 

remains comparatively understudied as well. Increases in whole-genome sequencing have also 

revealed that causal copy number variants explain a larger fraction of phenotypic variance when 

compared to SNPs (Peter et al., 2018). Thus, future studies will need to move beyond nucleotide-

level variants; increasing the throughput for studying the effects of mutations such as copy 

number variation, translocation, and aneuploidies will provide a more exhaustive view of how 

genotype affects phenotype. Finally, the success of heterologously expressing human genes in 

yeast to understand gene function is evidence that this versatile model organism can test gene 

function across other organisms as well. Applications of these high-throughput methods to across 

taxa will inform the evolutionary history of selection, adaptation, and drift in spanning diverse 

populations.  

 

1.2 TECHNOLOGIES USED FOR LINKING BARCODES TO VARIANTS IN POOLED 

LIBRARIES 

Advances in sequencing technology supported the discovery of the magnitude of variant 

effects in pooled variant studies. In these pooled variant studies, genes (or regions of genes) are 

cloned into a plasmid and tagged with a unique barcode. In short-read sequencing, the length of 

the variable region of interest is the limiting factor. To date, the largest number of base pairs that 
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can be sequenced from a molecule in next-generation sequencing, without further manipulation, 

was 302 bp (151 bp paired-end reads). To overcome this limitation, a method called subassembly 

was developed to enable sequencing of a longer variable region (Hiatt et al., 2010). In this 

approach, variable regions tagged with unique DNA barcodes are randomly sheared and ligated 

with an adaptor for sequencing. Sequencing from the ends of the breakpoints ensures that the 

entirety of the variable region is covered, and sequencing results from each sheared molecule can 

be merged together (Hiatt et al., 2010). However, this approach becomes more laborious with 

increased regions of variable length. 

Another approach developed for linking barcodes with variants using short-read 

sequencing is a droplet-based approach (Borgström et al., 2015; Lan et al., 2016). Droplet 

microfluidics has been instrumental in advancing single-cell sequencing, but it can also be used 

for high-resolution sequencing of long DNA fragments. In this approach, single DNA fragments 

containing the barcode and variant are isolated into a single droplet (Borgström et al., 2015; Lan 

et al., 2016). The molecule is amplified, fragmented, and tagged with a unique index barcode (in 

Borgström et al. (2015), indexing is a bead-based process). All fragments are freed from the 

droplet and then sequenced in parallel. Sequencing reads are demultiplexed and assembled to 

determine the barcode-variant map for the entire pool. Because short-read sequencing still has 

the highest accuracy among all sequencing platforms, this approach provides an affordable 

option for linking barcodes to variants in longer DNA molecules. Although short-read 

sequencing does not have a 100% accuracy rate, the depth by which these molecules are 

sequenced provides higher confidence in read assemblies. 

Long-read sequencing technologies have recently become more affordable and more 

accurate, opening the possibility of using long-reads and bypassing the need to assemble short-
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read fragments. Oxford Nanopore Technology (ONT) sequencing can be affordable, but has a 

low accuracy rate that can sometimes be as low as 69% (Logsdon et al., 2020). The accuracy rate 

in PacBio sequencing is low as well (85%), but recent chemistry and improvements have 

increased its throughput and accuracy (Wenger et al., 2019). Specifically, PacBio high-fidelity 

(HiFi) sequencing produces reads with an accuracy rate of up to 99% through the ligation of 

SMRTbell adaptors that circularize a DNA fragment (Logsdon et al., 2020; Wenger et al., 2019). 

The reason HiFi reads are more accurate is that the circularization of molecules allows the 

polymerase to traverse the molecule multiple times, increasing the depth by which each fragment 

is sequenced. Using PacBio HiFi sequencing for linking barcode to variants has been successful 

and is becoming increasingly common (Amorosi et al., 2021; Ollodart et al., 2021; Starita et al., 

2015; Yeh et al., 2021). Highly accurate reads are especially important for correctly identifying 

variants, and improvements in both sequencing technology and computational assembly software 

will only improve the accuracy of long read sequencing. What is remarkable to me is that when I 

started graduated school, the average number of times the polymerase passed through molecules 

was ~13, and each SMRT cell produced ~200,000 HiFi reads. SMRT cells now produce upwards 

of ~2 million HiFi reads with >20 passes on average for a 4kb DNA fragment. These 

improvements in throughput and sequencing chemistry allow for greater sequencing depth of the 

library, and also allow multiplexing of libraries, which can greatly help alleviate the high price 

tag of PacBio sequencing. 
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1.3 CURATION OF S. CEREVISIAE NATURAL ISOLATES FOR UNDERSTANDING 

GENETIC DIVERSITY 

A large sampling of genomes from a population is needed to properly represent genetic 

diversity and the role it plays in phenotypic diversity. The rapid decrease in cost of sequencing 

has permitted the curation of large collections in several organisms. These large collections 

include the 1000 Genome Project analyzing the human population (Altshuler et al., 2010), the 

1001 Genome Project analyzing the Arabidopsis thaliana population (Alonso-Blanco et al., 

2016), and the 1002 Genomes analyzing the Saccharomyces cerevisiae population (Peter et al., 

2018). What stands out about S. cerevisiae is the remarkable diversity harbored in the compact 

genome of this microorganism. With powerful tools for understanding complex traits in yeast 

such as QTL mapping and GWAS, these data have enabled insight into how genome diversity 

(including ploidy, copy number changes, signatures of introgression, etc.) shaped evolutionary 

history (Peter et al., 2018).  

Sequencing of over 1,000 genomes in a population across all these species was performed 

using short-read sequencing (Alonso-Blanco et al., 2016; Altshuler et al., 2010; Peter et al., 

2018). Further analyses of these datasets underscored that while these datasets are good for high-

level comparisons of individuals or strains, phasing predictions are often inaccurate (Belsare et 

al., 2019). Thus, resequencing with long-read sequencing technology can greatly improve 

confidence in the quality of data in terms of genome structure, duplication, and haplotyping 

(Kronenberg et al., 2021; Logsdon et al., 2020; Saada et al., 2022). Accuracy and throughput of 

long-read sequencing has drastically improved in the past few years. Advances in computational 

tools provide the opportunity to move beyond using a single strain as the reference sequence 
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towards using pan-genomes for understanding a species’ genome through functional and 

sequence-based methods.  

 

1.4 ROLE OF GENE DUPLICATIONS IN EVOLUTION 

The outcomes of gene duplications have great potential for driving changes in the 

genome that shape evolution (Magadum et al., 2013; Ohno, 1970; Jianzhi Zhang, 2003). 

Alterations in copy number can result in a multitude of fates for homologs. Due to the 

redundancy, one potential fate of the gene pairs is that one retains normal function and the other 

acquires mutations that result in loss of function (Jianzhi Zhang, 2003). This loss of function due 

to redundancy is known as pseudogenization, and pseudogenes are often found in gene-dense 

regions (Torrents et al., 2003). Old pseudogenes may be undetectable since homology between 

the gene pairs decreases over time, but pseudogenes may also retain some purpose, such as 

providing a template for gene conversion in the immune system of chickens (Ota & Nei, 1995). 

Another potential fate of gene duplications is subfunctionalization, where the role of the original 

gene is divided into the two gene duplicates. These can be particularly important for controlling 

differential expression, like tissue-specific expression in an osteoglycin gene in fish (Costa et al., 

2018). Neofunctionalization, or emergence of a new function, may occur as a result of gene 

duplication as well. In this process, one gene duplicate retains its original function, and the 

relaxed selection on the other copy allows it to acquire mutations that result in a new function 

(Jianzhi Zhang, 2003). For example, duplication of a cytochrome P450 gene resulted in 

insecticide resistance in planthoppers (Zimmer et al., 2018). Especially for populations 

experiencing rapid changes in environments, neofunctionalization provides an important role in 

adaptation.  
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Duplications can arise from a variety of events: unequal crossing over during 

recombination, transposon-mediated duplications like retrotranspositions, duplicative 

transposition, or polyploidization (Magadum et al., 2013; Jianzhi Zhang, 2003). Unequal 

crossing over can occur when two sister chromatids are misaligned during recombination and 

results in novel tandem repeats (Magadum et al., 2013; Jianzhi Zhang, 2003). Transposon-

mediated duplications, like retrotranspositions, occur when mRNA is reverse transcribed to 

cDNA and reinserted into the genome. Unlike unequal crossing over events, genes duplicated 

from retrotranspositions are usually not linked (Magadum et al., 2013; Jianzhi Zhang, 2003). 

Duplicative transposition occurs during nonallelic homologous recombination or nonhomologous 

end joining and can result in repeats like segmental duplications, which are the most common 

type of gene duplication events in humans (Magadum et al., 2013; Samonte & Eichler, 2002). 

Finally, polyploidization can also result in gene duplications. These can be chromosomal, but 

whole-genome duplication events have occurred, typically thought to be due to hybridization, 

chromosome doubling, and then gene loss (Magadum et al., 2013).  

Based on sequence and knowledge of how gene duplications arise, we can use the context 

around where gene duplicates, or paralogs, exist to determine the age and potential function of 

each paralog. Genome assembly and comparative genomics confirmed the hypothesis of an 

ancient whole genome duplication event in S. cerevisiae (Kellis et al., 2004). Vertebrate 

genomes also show signatures of whole-genome duplications and chromosome-scale 

duplications (Holland & Ocampo Daza, 2018). Kellis et al., 2004 discovered that typically one 

gene in the paralog pair showed faster evolution than the other, supporting the idea of 

neofunctionalization or subfunctionalization. The idea of differentially evolving paralogs was 

supported by studies such as those of genes in the maltase family that encode the enzyme that 
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can process maltose or other carbon sources (Brown et al., 2010; K Voordeckers et al., 2012). 

What was discovered was that each paralog in the multigene family supported 

subfunctionalization and neofunctionalization models due to substrate-specific activities across 

the paralogous enzymes. In yeast, the loci where these maltase genes are located are 

subtelomeric, and thus have higher rates of recombination and mutations (Brown et al., 2010). 

The higher rates of recombination and mutations in subtelomeric maltase genes permitted the 

rapid divergence of these genes that resulted in paralogs with differing function (Brown et al., 

2010; K Voordeckers et al., 2012).   

 

1.5 DISSERTATION SUMMARY 

In this dissertation, I describe my approach for determining the function natural variants 

of Saccharomyces cerevisiae in a high-throughput manner. The approach I developed was 

piloted using the gene SUL1, a high-affinity sulfate permease, that imports sulfate molecules into 

the cell (Chapter 2). In addition to confirming the loss-of-function phenotype of alleles with 

premature stop codons, I can assign function of alleles matched to strains in the 1,011 yeast  

(Peter et al., 2018). I also show what this information provides on the species level in terms of 

function and evolution. In Chapter 3, I describe an approach developed using multiple sequence 

alignments to improve the accuracy by which barcodes and variants are mapped using PacBio 

long-read sequencing. With co-authors, I validated the performance of this program using 

simulations of PacBio deep mutational scanning libraries and furthermore show the sequencing 

depth needed to achieve a high percentage of accurately mapped reads. Following the 

development of both the experimental pipeline and computational corrections, I show how this 

approach can be applied to a biological question, specifically in understanding paralog 
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differences in yeast (Chapter 4). Application to understanding paralog differences was done in 

MALx3, which is a multigene family that includes a transcription factor required for activating 

expression of the maltose transport and maltase genes for utilization of maltose when it is the 

sole carbon source. Comparative analysis on a population scale reveals significant differences in 

patterns among the three MALx3 genes investigated, suggesting differential function of these 

paralogs. Finally, in Chapter 5, I discuss other questions in evolution that can be resolved using 

this method. I also elaborate on pitfalls in this method and what optimizations can be made to 

improve its utility. 
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Chapter 2. Developing a high-throughput assay for functional analysis of 

natural SUL1 alleles  

The work in this chapter is derived from a manuscript currently posted on bioRxiv titled “High-

throughput functional analysis of natural variants in yeast.” Andreas Tsouris conducted the 

whole isolate growth assay on sulfate-limited agar plates. PacBio sequencing was performed by 

the UW PacBio sequencing core, and barcode sequencing was performed by Noah Hanson. 

How natural variation affects phenotype is difficult to determine given our incomplete 

ability to deduce the functional impact of the polymorphisms detected in a population. Although 

current computational tools can predict allele function and experimental tools can measure it, 

there has previously been no assay that does so in a high-throughput manner while also 

representing haplotypes derived from wild populations. In this work, I present such an assay that 

measures the fitness of hundreds of natural alleles of a given gene without site-directed 

mutagenesis or DNA synthesis. In this assay, I amplify a gene of interest, the high-affinity 

sulfate transporter SUL1, from genomic DNA pooled from a collection of 1,011 S. cerevisiae 

strains and clone alleles of the genes en masse onto a low-copy, barcoded plasmid. I show that 

this approach allows us to measure the fitness conferred by each allele and to stratify functional 

and nonfunctional alleles. Additionally, I pinpoint the polymorphisms in both coding and 

noncoding regions that are detrimental to fitness or are of small effect and result in intermediate 

phenotypes. Integrating these results with a phylogenetic tree, I observe the frequency that a loss-

of-function mutation occurs and whether or not there is an evolutionary pattern to the observable 

phenotypic results. This approach is easily applicable to other genes. These results, which 
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complement classical genotype-phenotype mapping strategies and demonstrate a high-

throughput approach for understanding the effects of polymorphisms across an entire species, 

can greatly propel future investigations into quantitative traits. 

 

2.1 BACKGROUND 

Quantitative traits, or traits that vary on a continuous distribution rather than in discrete 

categories, are responsible for most phenotypic differences across all organisms (MacKay et al., 

2009; Morgante et al., 2018). Despite decades of efforts investigating how genotype informs 

phenotype, the molecular underpinnings of quantitative traits are still largely unknown, 

especially on a species-wide scale. Understanding how sequence changes lead to phenotypic 

changes is difficult to disentangle as these traits often involve interactions between multiple loci 

that each in themselves have genetic variation among natural populations. Even for a single 

locus, an exhaustive population-scale determination of the impact of genetic variants remains out 

of sight. Improved approaches for investigating the function of genetic variation in a cost-

effective and high-throughput manner will broaden insights into the genetic basis of trait 

variation, ranging from deleterious diseases to adaptive evolution.  

Due to the rapid advancement and decreased cost of high-throughput sequencing, forward 

genetics approaches have boosted our ability to pinpoint loci underlying traits of interest. For 

instance, quantitative trait loci (QTL) and linkage mapping provide avenues for identifying loci 

responsible for phenotypic differences between individuals and even in some instances can result 

in determining which polymorphisms are integral for certain phenotypes (Ehrenreich et al., 2012; 

Treusch et al., 2015). However, QTL mapping method relies on pairwise crosses between a small 

subset of genetic backgrounds and is difficult to scale to investigate phenotypic variation on the 
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population level (Stinchcombe & Hoekstra, 2008). Approaches like genome-wide association 

studies do investigate loci on the population scale, but they lack the ability to infer and 

experimentally ascertain the functional effects of rare or low-frequency variants (Morgante et al., 

2018). Other computational approaches deduce function based on collected data describing 

metrics such as conservation, statistical analyses of genomic architecture, allele frequency, 

predicted changes in protein stability, known sites of protein-protein interactions, and 

transcription factor-binding motifs, but all still require experimental validation (Adzhubei et al., 

2010; Mitchell-Olds et al., 2007; Schymkowitz et al., 2005; She & Jarosz, 2018; Wagih et al., 

2018; Wray et al., 2013). 

Recently, multiplexed assays of variant effects (MAVE) studies have provided an 

approach for determining the function of thousands of variants in a high-throughput manner 

(Starita et al., 2017; Weile & Roth, 2018). MAVEs have been extremely useful in understanding 

how missense mutations or nucleotide changes alter gene function and/or expression (Duveau et 

al., 2017; Fowler & Fields, 2014; Matreyek et al., 2018). However, most MAVEs have been 

limited to studying single nucleotide or amino acid substitutions that differ from a reference 

sequence, as technologies don’t yet exist to generate and measure the consequences of the large 

libraries that would be necessary to explore combinatorial variation. Additionally, the majority of 

variants assayed are rarely reflective of those in natural populations. For instance, natural alleles 

can have more than one polymorphism, not all of which are seen exclusively in coding or 

exclusively in noncoding regions, and thus are not surveyed completely in many MAVE studies. 

The ability to directly test the function of natural variants of whole populations provides context 

for how polymorphisms and combinations of polymorphisms alter phenotype. Furthermore, such 

an approach would provide deeper insight into the evolutionary history of a gene and how both 
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weak and strong selection or drift have resulted in natural variation (T. Johnson & Barton, 2005; 

Mitchell-Olds et al., 2007). Thus, developing a method for testing natural variants in a high-

throughput manner is of high interest. 

Here, we developed such an assay to determine the function of natural variants on a 

species-wide scale using the budding yeast Saccharomyces cerevisiae. With the rapid advances 

in high-throughput whole-genome sequencing, we now have large collections of natural S. 

cerevisiae strains that contain genomic data as well as geographical and ecological information 

(Bergström et al., 2014; Liti et al., 2009; Peter et al., 2018; Schacherer et al., 2009; Strope et al., 

2015; Zhu et al., 2016). Although much research has been done on laboratory strains for 

understanding biology, curation of these natural collections revealed the striking diversity within 

this popular model organism: S. cerevisiae has been isolated from a variety of countries all over 

the globe and from environments like humans clinical samples, domesticated products like beer 

and bread, and tree and fruit samples. Sequencing of these genomes has revealed an 

extraordinary depth of genetic variation, but still little is known about how these genetic changes 

impact phenotypic variation outside of a handful of association studies and QTL mapping efforts 

(Ehrenreich et al., 2012; Kim et al., 2012; Peltier et al., 2019; Wilkening et al., 2014). With the 

large genome sequencing efforts and strain collections, in addition to the wealth of molecular 

tools developed for yeast, S. cerevisiae is the ideal system to develop this assay and investigate 

the effects of natural polymorphisms for whole populations. 

For piloting and developing our approach, we used the natural alleles of SUL1 from a 

collection of 1,011 isolates to test whether we can deconvolute how variation affects cell growth 

under sulfate-limiting conditions (Peter et al., 2018). SUL1 encodes a high-affinity sulfate 

permease and is expressed under sulfate limitation. When different strains of S. cerevisiae are 
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evolved under sulfate limitation in the chemostat, cells with amplifications of SUL1 have high 

fitness and rise in frequency in the population (Gresham et al., 2008; Payen et al., 2014; Sanchez 

et al., 2017). Strong selection for amplification of this locus in sulfate-limiting conditions allows 

for a reliable functional assay in which we can mimic amplifications by transforming cells with a 

low-copy plasmid containing SUL1. Additionally, we have performed a deep mutational scan on 

the promoter of SUL1, giving us a dataset measuring the functional consequences of single 

mutations for comparison (Rich et al., 2016). By co-culturing a population of cells transformed 

with a barcoded library of natural alleles, we can measure competitive fitness via barcode 

sequencing, thereby determining SUL1 functionality en masse. Our results show that this assay is 

accurate in predicting function and useful in understanding which genetic changes affect 

phenotype. These data allow for insight into the evolutionary history of SUL1 function and 

possible evidence for selection of loss-of-function mutations. This approach, especially when 

combined with established forward genetics approaches in identifying causal loci, will greatly 

strengthen our understanding of quantitative traits on a species-wide scale.  

 

2.2 RESULTS 

2.2.1 Allele library curation and characterization 

When sulfate is a limiting nutrient, S. cerevisiae increases expression of SUL1, which 

encodes a high-affinity sulfate permease that increases the uptake of sulfate molecules into the 

cell. Previously, we measured the competitive fitness of SUL1 alleles isolated from 10 different 

wild yeast isolates (Payen et al., in preparation). We found that these alleles confer a wide range 

of fitness: some had loss-of-function phenotypes while others performed better than the allele 

found in the reference strain S288C. In order to determine whether this wide variation was 
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representative of the entire species and whether it correlated with features such as the 

environment from which each strain was isolated, we set out to survey SUL1 functionality across 

a bigger sample of natural isolates. For this study, we used the 1,011 S. cerevisiae strain 

collection, which was curated from a variety of geographical and ecological origins (Peter et al., 

2018). In addition, the collection contains at least 250 unique alleles of SUL1, with 354 variable 

sites in the gene. Alleles contain 11 polymorphisms on average vs. the reference allele, with the 

most polymorphic allele having 79 mutations. Therefore, these factors make SUL1 a powerful 

tool for us to better understand the natural variation of a single gene in S. cerevisiae populations.  

 In our previous studies, the fitness of individual SUL1 alleles was measured by 

transforming the reference strain with an additional copy of a SUL1 allele on a low-copy 

plasmid, and the resulting transformant was competed against the lab strain without a plasmid 

containing a GFP cassette in the HO locus, but is otherwise isogenic, under sulfate limitation 

(Sanchez et al., 2017, Payen et al., in preparation). While this assay is reliable and consistent, it 

would be difficult and unrealistic to scale to measure hundreds of alleles, as each competition is 

labor-intensive and requires extensive resources. Thus, we developed a high-throughput, 

multiplexed approach that allows us to simultaneously measure these fitness values directly 

(Figure 2.1). To do this, we pooled the 1,011 isolates together, extracted genomic DNA, and 

used barcoded primers binding to conserved regions to isolate and amplify all natural alleles of 

the SUL1 gene. These sequences were cloned en masse into low-copy CEN/ARS plasmids to 

create an allele library that was used to transform the reference strain (FY). The resulting library 

in the FY background contained approximately 6,000 barcodes for an estimated 250 unique 

alleles (24X coverage) to ensure complete coverage and internal replicates (Figure 2.1A).  
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We used PacBio long-read circular consensus sequencing (CCS) to pair barcodes with 

their respective alleles (Figure 2.1.B). Although PacBio CCS has drastically decreased 

sequencing errors over the past few years, we found that many reads still contained errors that 

were especially noticeable in the form of insertions and deletions. To further eliminate these 

sequencing artifacts, we performed multiple sequencing alignments on CCS reads that shared the 

same barcode, and we used those alignments to derive new consensus sequences. In total, our 

analysis produced 8,386 barcode-variant pairs, which we determined was still an overestimate 

given our library size of ~6,000 barcodes. We removed consensus reads that appeared only once 

to eliminate false positives or negatives in our downstream analysis, with 3,787 barcodes 

remaining. 

Among these 3,787 barcodes, we identified 407 unique alleles in our library. Of these 

variants, we were able to match 228 alleles to at least one strain in the 1,011 strain collection, 

with a total of 880 strains that had at least one matched allele in the library (Supplementary 

Figure 1). To determine how well this library reflected the polymorphisms in the strain 

collection, we plotted the correlation of polymorphism frequency in both the variant reference 

sequences and library sequences and found that these values were highly correlated (Pearson’s 

correlation, r=0.978, Supplementary Figure 2). Correlation values were similar for 

polymorphisms in all regions of the gene: the 5’-UTR, coding region, and 3’-UTR were all well-

correlated (Pearson’s correlation, r=0.956, 0.980, and 0.993, respectively). Of the 354 variable 

sites found in the reference sequences only 45 of them were not detected in the allele library, 

nine of which were rare polymorphisms. Our pipeline did not reveal any de novo mutations that 

could have resulted from PCR or sequencing artifacts. Capturing the remaining missing 
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polymorphisms may require deeper sequencing. Furthermore, errors in variant calling may be a 

factor in being able to accurately match alleles to the strains of origin.  

 

 

Figure 2.1. Workflow for assaying natural variants in the 1,011 strain collection.  

A) The S288C lab strain is transformed with SUL1 natural allele barcoded plasmid library.  

B) PacBio long-read sequencing is used to link barcodes with variants.  

C) Transformants are competed together in one flask under sulfate limitation. Each culture 

represents a biological replicate. Barcode sequencing every 3-4 generations is used to calculate 

the abundance of each variant and its respective competitive fitness. 
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Figure 2.2. Species-level distribution of fitness effects of natural SUL1 alleles.  

Yeast transformants of an allele library of SUL1 cloned onto a low-copy plasmid were competed 

in sulfate-limited media in the chemostat. The log-fold change in proportions of each barcode 

across 12 timepoints was measured through barcode sequencing and used to calculate competitive 

fitness. Alleles categorized as nonsense alleles may also contain synonymous and nonsynonymous 

polymorphisms. Those grouped as nonsynonymous alleles may contain synonymous 

polymorphisms, but do not have premature stop codons. Synonymous alleles do not have 

nonsynonymous or nonsense polymorphisms. All alleles may contain polymorphisms in the 

promoter or 3’UTR. Loss-of-function alleles were defined as having a fitness lower than the 

highest-fitness allele with a premature stop codon. Wild-type function alleles have a fitness higher 

than the lowest-fitness synonymous allele.  

 

We were also unable to capture the alleles from 23 strains that were identified to have 

SUL1 introgressed from Saccharomyces paradoxus. The inability to capture these sequences was 

likely due to these sequences being more highly diverged and therefore unable to hybridize with 

the primers that were designed. However, for completeness, we were still able to measure the 
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functionality of the introgressed SUL1 alleles using our lower throughput method of direct 

competitions, as described below. 

 

2.2.2 Fitness distribution across natural SUL1 alleles 

To determine the fitness landscape of all the SUL1 alleles present in our allele library, we 

competed the library of yeast transformants in a continuous culture system under a sulfate 

limitation condition. Samples from 12 timepoints across four replicates were collected every 3-4 

generations.  

For each sample, we extracted the plasmids from sampled cultures and sequenced the 

barcodes using Illumina short-read sequencing. By tracking the change in barcode frequencies 

over the 12 timepoints, we determined the competitive fitness values for strains carrying each 

allele (Figure 2.2). The calculated competitive fitness of the three replicates showed strong 

correlation and reproducibility (Supplementary Figure 3). 

In our barcoded library, 863 of 3,787 barcodes were associated with alleles identical to  

that of the S288C reference strain. We normalized all fitness values to the average fitness of 

these wild-type alleles (0.0097, standard deviation 0.0698). Reassuringly, we found that many 

barcodes with lower fitness values (fitness < -0.03) were associated with alleles containing 

natural premature stop codons (Figure 2.2). In fact, upon analyzing the sequences in each strain, 

we found 74 strains that are homozygous for premature stop codons in their SUL1 alleles. 

Among the 31 alleles with premature stop codons, fifteen occur in amino acid positions 155 and 

184 (Y155* and Q184*), where amino acid sequences are compared to the S288C protein 

sequence (859 amino acids total). The prevalence of the premature stop codons at positions 155 

and 184 may be due to sampling bias, but may indicate functional significance for SUL1. 
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Figure 2.3. Validation of pooled competition through direct competitions of selected natural 

SUL1 alleles.  

S288C strains transformed with a specific SUL1 allele on a low-copy plasmid were individually 

competed against an isogenic GFP-marked strain in the chemostat. Fitness values were 

calculated by tracking the log-fold change in proportion of non-fluorescent strains and 

fluorescent strains over 20 generations. These values were used to validate select alleles and their 

phenotypes observed in the pooled competition. Alleles were selected based on definitive 

categorization in wild-type-like (pooled competitive fitness close to 0) or loss-of-function 

(pooled competitive fitness less than -0.10) phenotypes. Of the loss-of-function alleles, AQM 

and BGM have premature stop codons while BII is loss of function due to nonsynonymous 

polymorphisms. SUL1 alleles in AKN, ADA, and BII were done in a prior experiment (Payen et 

al., in preparation). 

 

Due to the wide range in fitness of alleles with premature stop codons, we investigated 

whether stop codons that occurred earlier in SUL1 have a greater impact on function. We found 

that the location of stop codons in SUL1 did not dictate the deleterious effects of containing a 

nonsense mutation (Supplementary Figure 4A). However, the fitness of alleles with premature 
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stop codons at amino acid position 671 consistently have much lower fitness compared to others 

with premature stop codons elsewhere. This stop codon occurs in the predicted extracellular 

STAS (sulfate transporter and anti-sigma factor antagonist) domain, which is thought to be 

crucial for metabolism sensing, and may be further impacting sulfate transport under sulfate-

limiting conditions (Sharma et al., 2011). 

We compared the standard deviations among barcodes that shared the same loss-of-

function alleles to that of barcodes that shared the same wild-type alleles (Supplementary 

Figure 4B). The barcodes linked to loss-of-function alleles varied more in fitness (Welch two 

sample t-test, p < 0.005), although we attribute this variance to increased errors that occur when 

measuring fitness on a log scale. In regard to magnitude, the barcode counts were reliable, but 

the barcode counts tended to be less accurate when frequencies were low and continued to 

decrease through later time points. 

In addition to stratifying alleles with premature stop codons and alleles with wild-type 

phenotypes, we identified alleles with nonsynonymous polymorphisms that also resulted in a loss 

of function. For instance, alleles that have a single polymorphism resulting in a T669K amino 

acid substitution showed a loss of function. We also found that alleles with A454P and D483N 

and alleles with S699L substitutions (and no additional nonsense or promoter polymorphisms) 

had a loss of function phenotype in our pooled library. Alleles with their polymorphism 

information, corresponding strain information, and measured fitness values can be found in 

Supplementary Table 3.   

We assessed how well the fitness values are reflected in direct competitions by selecting 

SUL1 alleles from seven isolates and cloning them individually on the same low-copy plasmid. 

We transformed S288C haploid yeast with these individual plasmids and competed each allele 
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directly against an isogenic GFP strain with no plasmid (Figure 2.3). Three of the alleles were 

selected to validate a wild-type-like phenotype and corresponded to the values calculated in the 

pooled competition. Three other alleles selected showed a loss-of-function phenotype in the 

pooled competition, which was reflected in the direct competitions. Two of these alleles 

contained a deletion that resulted in a frameshift (from strains BGM and AQM), and the third 

allele had nonsynonymous mutations (from strain BII). The BII strain has previously been 

evolved through sulfate limitation for 150 generations, and it was found that a natural 

polymorphism that results in a P296L change is responsible for the loss-of-function phenotype 

(Payen et al., in preparation). In each case, we found the results of the direct competitions 

recapitulated those found in our pooled competition. 

Since we were unable to measure functionality of introgressed alleles in our library, we 

used the same approach of a direct competition to assay introgressed allele functionality. After 

validating the fitness of the SUL1 orthologue from S. paradoxus in the S. cerevisiae background, 

which has previously shown high fitness (Sanchez et al., 2017), we also tested the fitness of two 

alleles that show signatures of introgression from S. paradoxus. The two introgressed alleles, 

despite having over 40 amino acid differences compared to the reference allele, also had a wild-

type phenotype (Figure 2.3).  

 

2.2.3 Effects of promoter mutations in natural SUL1 variants 

The fitness distribution across the natural alleles shows alleles with only synonymous site 

changes in the coding region that nevertheless had a lower competitive fitness compared to 

strains carrying the wild-type coding sequence from the reference strain (Figure 2.2). We 

reasoned that one explanation is that these alleles may instead carry functional differences in the 
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noncoding sequences. We found that these alleles share the n.-456G>A polymorphism, and upon 

further inspection discovered that this SNP is present only in alleles (including those with 

additional nonsynonymous SNPs) with lower competitive fitness values under sulfate limitation 

(median competitive fitness = -0.04). Since this competitive fitness value is not as low as alleles 

with premature stop codons (median competitive fitness = -0.17), it is indicative of an 

intermediate phenotype. This SNP occurs in a putative Cbf1-binding motif, and binding of the 

Cbf1 transcription factor is important for growth in sulfate-limiting conditions (Rich et al., 2016; 

Siggers et al., 2011). The SNP also decreased fitness in a SUL1-promoter mutagenesis study, 

further supporting the functional effects of changes in this motif (Rich et al., 2016).  

 

 

Figure 2.4. Coding polymorphisms are more useful for predicting deleterious effects 

compared to those in the promoter of SUL1.  

A) Violin plots of the standard deviations of the competitive fitness for barcodes grouped by 

those that share the same coding sequence compared with the standard deviation of those that 

share the same promoter sequence.  

B) Boxplots of competitive fitness of the sequences that share the same coding sequence but 

differ in the promoter sequences. 
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We used the highest fitness of an allele that contains a premature codon (median 

competitive fitness = -0.108) and the lowest fitness of alleles without promoter or 

nonsynonymous polymorphisms (median competitive fitness = -0.0120) to establish a range for 

other alleles with intermediate phenotypes. Twenty-two unique alleles show an intermediate 

phenotype, and 9/20 alleles with nonsynonymous polymorphisms also have the n.-456G>A  

polymorphism. Using these benchmarks, we also identified nonsynonymous changes that did not 

confer a complete loss of function. 

The observation of promoter mutations affecting phenotype in sulfate limitation led us to 

inspect how much promoter polymorphisms in general contribute to the fitness values observed 

across the entire allele library. We compared the standard deviation in fitness for sequences that 

share the same coding sequence to the standard deviation in fitness for sequences that share the 

same promoter sequences. We found that the coding sequences seemed to determine fitness of a 

strain more consistently under sulfate limitation (Figure 2.4A). That is, alleles with the same 

promoter sequences had a greater variance in fitness values. Furthermore, alleles that shared the 

same coding sequences but differed in promoter sequences showed few significant differences in 

fitness (Figure 2.4B). Finally, despite the fact that the promoter mutagenesis study found 

mutations that could improve fitness under sulfate limitation, we did not identify such 

polymorphisms among our natural variants. This result may be because the benefit due to 

regulatory mutations is not strong enough to affect fitness significantly in the natural habitats of 

yeast. 
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2.2.4 Comparing competitive fitness with mutfunc 

With nonsense mutations, loss of function can be predicted based on sequence alone. 

However, predicting the functional effects of other mutations based on sequence alone is much 

more challenging. To determine how well these fitness values are reflected in functional 

computational predictors, we used mutfunc to compare our results to predicted functional effects 

(Wagih et al., 2018). For each variant, we took the most putatively detrimental mutation and 

compared its SIFT (Sorting Intolerant From Tolerant) score, which is based on amino acid 

biochemistry and sequence homology, to the fitness values calculated in our pooled competition 

assay. While the SIFT scores and our fitness values themselves showed very little correlation 

(Supplementary Figure 5A), we found that most alleles with a loss-of-function phenotype had a 

low SIFT score (Supplementary Figure 5B). Interestingly, many mutations that SIFT predicted 

would be detrimental actually had a wild-type-like phenotype under sulfate limitation. The 

differences between the predicted and measured scores highlight the value of experimentally 

measuring the function of variants, especially in cases for which we need to consider the 

functional impacts of multiple polymorphisms on the same haplotype.  

 

2.2.5 Phylogenetics and sequence analysis of natural SUL1 alleles 

To assess phenotypic patterns of SUL1 on the population level, we annotated a distance-based 

gene tree of SUL1 (Figure 2.5) with the competitive fitness values we calculated from our 

pooled competition assay. In our gene tree, we used the SUL1 allele of Saccharomyces 

paradoxus (CBS432) as the outgroup. We removed branch lengths from these trees to simplify 

interpretations. Using these annotated trees, we can interpret phenotype in relation to ecological 

origins and phylogenetic relationships (Figure 2.5). We firstly looked at the strains  
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Figure 2.5. Neighbor-joining gene cladogram generated through PHYLIP using unique 
genotypes of SUL1 in the 1,011 strain collection.  
French dairy and sake/Asian fermentation clades both show multiple independent instances of 
loss-of-function mutations. A stop codon at amino acid position 184 occurs independently in 
different strains. Color of edges (pink or black) indicates whether the genotypes for those 
terminal nodes is homozygous or heterozygous. Heterozygous alleles can be derived from 
diploid, triploid, tetraploid, or even pentaploid strains. Boxes directly adjacent to terminal nodes 
indicate the genotypes that are homozygous for a premature stop codon (red) or a -456G>A 
mutation (cyan). Flanking boxes of genotypes with premature stop codons are numbers 
indicating where in the amino acid sequence the premature stop codon occurred. The ring 
surrounding the tree denotes the mean SUL1 competitive fitness values for a given strain’s allele 
on a purple (wild-type-like fitness) to red (loss-of-function fitness) gradient. Labeled regions are 
generalizations for what comprises most of those clades.  
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homozygous for premature stop codons in SUL1. The polymorphism that results in Q184* does 

not occur in a singular clade, reducing the possibility that this premature stop codon arose in 

prevalence as a result of drift or identity by descent. Alleles with Y155* are primarily present in 

strains isolated from dairy environments in Normandy, France; however, not all dairy strains 

share the same nonsense mutation (Figure 2.6). Two other strains derived from dairy, AQM and 

BGM, instead have the L125* frameshift mutation. This pattern suggests that a loss-of-function 

mutation could be beneficial in a dairy environment. 

The majority of strains with the detrimental promoter mutation n.-456G>A were isolated 

from sake or Asian fermentation strains. Additionally, many strains in this clade have a 

premature stop codon and or nonsynonymous polymorphisms that result in loss of function, 

which again supports the idea that there may be a trade-off for having a loss-of-function SUL1 

allele since more than one loss-of-function allele sequence exists among these strains. 

 Based on the distribution of deleterious alleles over the phylogeny, we wondered if these 

allele differences lead to phenotype differences when the alleles are in their native strain context.  

We grew all isolates (unmodified) from the 1,011 strain collection on solid minimal media agar 

plates under sulfate limitation and compared the growth rates to that of the strains pinned on 

sulfate-abundant minimal media. Interestingly, we found little to no correlation between the 

growth rates of strains and the competitive fitness values of their SUL1 alleles (Supplementary 

Figure 6A,B). We additionally looked for growth patterns among ploidy, geographical origins, 

and clade and found no patterns related to these groupings (Supplementary Figure 6C). These 

results argue that additional background effects beyond the SUL1 locus matter for determining 

fitness in sulfate limitation. Measuring the fitness of the alleles in the library in additional strain 

backgrounds may help further characterize this genetic complexity. 
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Figure 2.6. Dairy and African beer subtree of the 1,011 SUL1 genotypes.  

Although dairy strains AQM and BGM share a more recent common ancestor to African beer 

strains, they show different but independent and homozygous loss-of-function polymorphisms. 

Color of edges (pink or black) indicates whether genotype for those terminal nodes is 

homozygous or heterozygous. PSC, amino acid site with premature stop codon (homozygous); 

CF, competitive fitness; NSRG, number of strains represented by genotype. Boxes around 

terminal nodes indicate the genotypes that are homozygous for a premature stop codon (red) or a 

-456G>A mutation (cyan). Scale (bottom left) indicates number of nucleotide substitutions per 

site. 
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We calculated the average dN/dS value of SUL1 across all 1,011 strains and found that 

the value was low (dN/dS < 0.2), suggesting that there may be purifying selection on SUL1. 

Additionally, Tajima’s D statistic suggests that SUL1 is unlikely to be evolving neutrally (D = -

2.85). This statistic may indicate that this locus has not reached equilibrium after a bottleneck in 

the past and is still undergoing expansion. The neutrality index calculated from the McDonald-

Kreitman test indicated no evidence of selection (NI = 1.117, Fisher’s exact two-tailed test, p = 

0.625); however, there are mutations in the S. cerevisiae population that are slightly and fully 

deleterious which have been shown to cause errors in predictions of adaptive evolution using this 

test (Charlesworth & Eyre-Walker, 2008). 

In order to determine whether SUL1 is exceptional in the prevalence of loss-of-function 

mutations, we determined the frequency of likely deleterious premature stop codons at all loci in 

the 1,011 strain collection sequences. Using the sequencing data curated in the 1,011 S. 

cerevisiae strains, we analyzed the coding sequences of genes in the pangenome for premature 

stop codons that occurred in the first 90% of the gene. We excluded genes that either did not 

appear in the pan-genome or contained premature stop codons in the pan-genome reference 

sequences. Grouping these genes enriched in premature stop codons by ecological origins, we 

found that dairy strains tended to have a consistently higher number of genes that are 

homozygous for premature stop codons compared to strains isolated from other ecological 

origins (Supplementary Figure 7). Enrichment of dairy strains with premature stop codons is 

consistent with previous studies that identified enriched loss-of-function alleles among dairy 

strains that were a result of drift and are important for trait variation (Legras et al., 2018; Zorgo 

et al., 2012). Of all the genes in the pangenome, 2,465 genes contain a premature stop codon in 

at least two strains, with 862 of these genes containing premature stop codons in more than 20 
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strains. Gene Ontology (GO) term analysis revealed that 158 of these 862 genes are involved in 

ion and/or transmembrane transport. This GO analysis corresponds with previous analyses that 

found that genes encoding transmembrane proteins tended to be closer to telomeric ends of 

chromosomes and were more likely to acquire loss-of-function mutations (Bergström et al., 

2014). Of the 1601 genes that have premature stop codons in fewer than 20 strains, 284 are 

involved in catabolic processes (Holm-Bonferroni test/Benjamini Hochberg p-value < 3e-4) and 

385 are involved in responses to stimuli (p-value < 6e-5). The number of genes with loss-of-

function variants is much greater than the number found in previous studies, likely due to the fact 

that this dataset has a greater number of strains and much more diversity among strains in 

regards to factors such as ploidy and isolation origin (Bergström et al., 2014; Jelier et al., 2011). 

 

2.3 DISCUSSION 

Assessing the phenotype of alleles on a species-wide scale is crucial for understanding 

how quantitative traits vary in a population. Previous approaches for experimentally identifying 

causal variants use DNA synthesis or mutagenesis, and in many cases do not reflect the alleles 

found in natural populations. We developed here a high-throughput and low-cost functional 

approach that can measure the fitness of nearly all alleles present in a population. Specifically in 

our study, we investigated the function of 228 natural variants of SUL1, a high-affinity sulfate 

transporter gene, present in the 1,011 S. cerevisiae strain collection. Our assay identified 

instances of functional, intermediate, and loss-of-function phenotypes. Using these data, as well 

as gene and whole genome sequencing data, we related SUL1 fitness to its evolutionary history. 

SUL1 acquired multiple independent instances of loss of function, the majority of which were 

due to premature stop codons. Other alleles suffered from frameshift, nonsynonymous, and 
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promoter polymorphisms that negatively affect fitness. These multiple independent instances 

provide evidence that there may be a fitness trade-off for yeast to have a loss-of-function SUL1 

allele. The strains carrying these loss-of-function alleles were largely isolated from dairy, beer, 

and sake clades. Because not all loss-of-function polymorphisms were identical in each clade 

(for instance, there are three different premature stop codons among dairy strains), these events 

were likely not due to drift but have a functional benefit instead. An alternative explanation is 

that some strains, including those from dairy environments, naturally carry a high burden of loss-

of-function polymorphisms, and SUL1 could simply represent an easily tolerated loss that is 

recurrent by chance. As speculated in previous studies, enriched loss-of-function events in 

specific populations are thought to arise as a result of genetic drift and play an important role in 

maintaining genetic variation (Legras et al., 2018; Zorgo et al., 2012). 

Nevertheless, there is some evidence that a loss-of-function SUL1 allele may confer a 

trade-off and be beneficial under particular environments. There are toxic analogues of sulfate, 

such as chromate and selenate, that can be transported into the cell through the Sul1 permease 

(Cherest et al., 1997; A. J. Johnson et al., 2016). Other compounds, such as cadmium, that affect 

cell function and growth are toxic due to the uptake of sulfate by Sul1 (X. Zhang et al., 2020). 

These results show instances in which having a functional copy of SUL1 would be detrimental 

and suggest that SUL1 may have some antagonistic pleiotropic effects. Having multiple 

functions may also explain the lack of gain-of-function alleles in our library, as having a higher-

affinity SUL1 may not be beneficial in natural environments. Despite the results from previous 

studies, many of which investigated the effects of toxic compounds in lab strain backgrounds 

similar to what we used here, we have been unable to recapitulate these trade-offs.  
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Identifying loss-of-function alleles by searching for premature stop codons is relatively 

straightforward. Additionally, we found that many of the nonsynonymous polymorphisms were 

predicted by mutfunc to have a deleterious effect, although many of these predicted deleterious 

polymorphisms were false positives. Moreover, the effects of polymorphisms in regulatory 

regions are more challenging to predict computationally. Using natural variation, we have 

identified instances where a single polymorphism (n.-456G>A) in a predicted transcription 

factor-binding site affects fitness of cells under sulfate limitation, a result that was also apparent 

in our prior promoter mutagenesis study (Rich et al., 2016). 

Our approach also identifies intermediate phenotypes, many of which in our pool were 

likely a result of a natural promoter polymorphism that affects expression. In studying variants, it 

is challenging to identify deleterious mutations in a population. Here, we illustrate an example 

showing the importance of studying both coding and noncoding polymorphisms, as both normal 

expression and protein structure affect phenotype and thus how selection acts on a population.  

While some SUL1 alleles have single polymorphisms that can result in a total loss of 

function, there were also alleles with several nonsynonymous mutations that had wild-type-like 

fitness under sulfate limitation. Notable examples include the two SUL1 alleles found across 21 

unique isolates that had signatures of introgression from S. paradoxus; these alleles had over 40 

amino acid differences, yet they functioned normally in the S288C background. These results 

support our previous findings that SUL1’s high affinity has been maintained across S. paradoxus 

and S. cerevisiae (Sanchez et al., 2017), and the fitness measurements of the introgressed alleles 

support the idea that these sequences maintain their function even in a new genetic background 

context. The wide variation in SUL1 function under sulfate limitation is stark, and using these 

natural variants has provided further evidence for non-neutral evolution. 
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 In this study and our prior study, we found no correlation between SUL1 function and 

yeast growth on sulfate-limited media (Payen et al., in preparation). Despite the fact that SUL1 

copy number increases in evolution experiments under sulfate limitation, the fitness of 

endogenous copies of SUL1 did not necessarily dictate cell performance under sulfate limitation. 

One possible reason for this observation is that these strains contain functional copies of the 

SUL1 paralog, SUL2. Despite being a lower affinity sulfate permease compared to SUL1, we 

found no strains that were homozygous for obvious loss-of-function SUL2 alleles. A possible 

explanation for this lack of loss-of-function mutations in SUL2 is that between the two 

paralogous genes, SUL1 is evolving new or diverging function while SUL2 maintains the original 

function of transporting sulfate. The alleles of SUL2 and other transporters like SOA1 likely also 

play an important role in growth under sulfate-limiting conditions. Alternatively, small growth 

rate changes may not be observable in our solid media growth rate assays compared to what is 

possible to measure in chemostat culture.  

 In sum, leveraging the technologies available in high-throughput Illumina and PacBio 

sequencing, we present here a widely applicable and affordable approach for assaying hundreds 

of natural variants in high-throughput. Assaying natural variants in this manner is especially 

useful when coupled with whole-genome sequencing data, as it allows us to better understand 

function in relation to molecular evolution. Furthermore, our method compares many alleles of a 

gene in isolation in an otherwise isogenic background away from the complexities of genetic 

background interactions. This approach complements methods like QTL mapping, providing a 

more thorough investigation of phenotypic patterns across an entire species, which can also 

contribute to our understanding of how pleiotropic a gene is. Further application of this approach 

in other genes and other genetic backgrounds will be greatly beneficial to our understanding of 
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how selection acts on natural populations and how multiple polymorphisms contribute to 

function and ultimately phenotype.  

 

2.4 MATERIALS AND METHODS 

2.4.1 Strains and plasmids 

Natural isolates from the 1,011 Saccharomyces cerevisiae collection were used to isolate 

natural variants of SUL1 (Peter et al., 2018). Strains pinned on yeast extract peptone dextrose 

(YPD) agar plates were transferred to liquid YPD in 96-well plates, grown overnight at 30°C, and 

stored in 30% glycerol at -80°C. The FY3 S288C strain DBY7284 (MATa ura3-52) was used for 

transformation and competition experiments (described below). A GFP-marked strain YMD1214 

(MATa ho∆::GFP-KANMX) that has neutral fitness under sulfate limitation was used for 

validation competition assays. Prototrophic FY3 (DBY11069), YMD4321 (MATa ura3-52 

sul1∆::URA3-KANMX), YMD4322 (MATa ura3-52 sul2∆::URA3-KANMX), and YMD4323 

(MATa ura3-52 sul1∆::URA3-KanMX sul2∆::URA3-KanMX) were used to validate growth rates 

on sulfate-limited and sulfate-abundant agar plates. A pRS316 vector with an NruI site inserted in 

the BamHI site (YMD2307) was used in this study for molecular cloning and competitions 

described below. A complete list of strains and plasmids can be found in Supplementary Table 

2. 

 

2.4.2 Plasmid and yeast library generation 

Strains from the 1,011 S. cerevisiae collection were pooled together from colonies on a 

solid agar plate. Genomic DNA was then extracted using the QIAGEN Genomic-tip 100/G kit. 
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Natural variants of SUL1 were amplified with primers designed to hybridize to conserved 

regions 844 bp upstream of the translation start site and 262 bp downstream of the stop codon 

(oligos 1 and 2, Supplementary Table 1). The promoter region contains 39 bp that overlap with 

the coding region of the upstream gene VBA2. Oligo 2 also contained an 8 bp randomized 

sequence to serve as a barcode. PCR was performed using KAPA HiFi Hotstart Readymix with 

the following cycling conditions: 95°C for 3 min, then 19 cycles of 98°C for 20 seconds, 60°C 

for 15 seconds, and 72°C for 4 minutes. Final extension was at 72°C for 4 minutes, and then the 

reaction was cooled to 4°C. The barcoded product was purified using the DNA Clean and 

Concentrator kit from Zymo Research and assembled into an NruI-digested plasmid via Gibson 

assembly. Chemically competent E. coli cells were transformed with the product using heat 

shock at 42°C, and >20,000 transformants were collected and pooled. Plasmids were extracted 

from the pooled transformants using Wizard® Plus SV Miniprep DNA Purification Kit and then 

used to transform yeast (DBY7284) using 100 μL of 2 M lithium acetate, 800 μL of 50% 4000 

polyethylene glycol, 100 μL of 1M dithiothreitol, and 50 μL of 10 mg/mL of carrier DNA. 

Approximately 6,000 Ura+ yeast transformants were collected for pooled competition 

experiments and for PacBio sequencing (Figure 2.1A).  

 

2.4.3 Linking barcodes with full-length variants 

Plasmids were extracted from the yeast transformant pool using Zymoprep Yeast Plasmid 

Miniprep II (Zymo Research). Plasmid fragments containing the barcode and variant were 

isolated using M13/pUC primers with KAPA HiFi Hotstart Readymix and the following cycling 

conditions: 95°C for 3 min, then 13 cycles of 98°C for 20 seconds, 60°C for 15 seconds, and 

72°C for 4 minutes. The final product was extracted from a 0.5% agar gel using Qiagen’s Gel 
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Extraction kit and cleaned using Ampure PB beads (Pacific Biosciences). Two PacBio libraries 

were made using the SMRTbell™ Template Prep Kit 1.0 (Pacific Biosciences) and sent to 

University of Washington PacBio Sequencing Services for sequencing and Sequel II circular 

consensus sequence (CCS) analysis.  

 BAM files of CCS reads were aligned to the plasmid reference file using BWA/0.7.13 

mem (Heng Li, 2013). Reads that were aligned to the reference were piped to a new BAM file 

with Samtools/1.9 (H. Li et al., 2009). These reads were also analyzed with cigar strings to 

validate alignment of PacBio reads. From there, the barcodes were extracted, and a barcode-

variant map was generated that contained a file with all of the barcode-variant reads and all of 

the highest quality reads for each barcode, as previously described (Matreyek et al., 2018). Since 

the resulting barcode-variant map still showed a considerable number of insertion and deletion 

errors, we used a multiple sequence alignment of all the reads that shared the same barcodes to 

eliminate additional sequencing errors. Alignments were done using MUSCLE (v.3.8.31) (Edgar, 

2004). Any further ambiguous nucleotides were resolved by performing a pairwise alignment 

against the highest quality read (EMBOSS Needle v. 6.4.0) (Needleman & Wunsch, 1970). 

 To match PacBio reads to strains in the 1,011 collection, reference sequences were first 

extracted from the GVCF in the 1,011 collection genome data using BCFtools consensus. We 

then used regular expressions to search for reads that were putatively derived from these 

reference sequences. We removed barcodes that contained only one CCS read or were not 

represented in our barcode sequencing analysis (Figure 2.1B). 

 



 

 

49 

2.4.4 Pooled library competition in chemostats 

Sulfate-limited media (3mg/L ammonium sulfate) was prepared as previously described 

(Gresham et al., 2008; Payen et al., 2014). Four 50-mL chemostat culture vessels were filled with 

20 mL of media at 30°C and inoculated with 1 mL of the yeast transformant pool. This culture 

was grown for 24 hours, after which the pumps were turned on and the culture switched to a 

continuous culture system at a dilution rate of about 0.17 volumes per hour (~3.4 mL/hour in a 

20 mL culture). Samples were taken twice a day for 5 days, or about 25 generations. For each 

sample, 1 mL was stored in 25% glycerol at -80°C, and another 1 mL was used for plasmid 

extraction (Figure 2.1C).  

 

2.4.5 Barcode sequencing and analysis 

For each time point and replicate from the pooled library competition, plasmids were 

again extracted using the Zymoprep Yeast Plasmid Miniprep kit. One replicate was discarded 

due to technical errors. Barcodes were isolated and amplified using forward oligo 25 and indexed 

reverse oligos 26-40 and 120-128 that included Illumina Nextera sequencing adaptors. KAPA 

HiFi Hotstart Readymix was used with 1 μL of 1X SYBR™ Green I and the following PCR 

cycles: 95°C for 3 min, then 17-19 cycles of 98°C for 20 seconds, 60°C for 15 seconds, and 

72°C for 15 seconds. The reaction was run on a Bio-Rad MiniOpticon (Bio-Rad) to avoid 

overamplification. PCR products were cleaned using Ampure XP Beads (Agencourt) and 

quantified using the KAPA Library Quantification Kit for Illumina® Platforms (Roche). 

Libraries were sequenced on a NextSeq sequencer (Illumina) with sequencing oligos 41 (Read 

1), 44 (Read 2), and 100 (Index). Paired-end reads were merged using PEAR/0.9.5 (Jiajie Zhang 

et al., 2014). Using FitSeq, we calculated the fitness of each barcode for each given replicate (F. 
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Li et al., 2018). FitSeq normalizes each pool to account for experimental error between 

replicates, providing a more accurate readout of fitness. The fitness values were then normalized 

by the average fitness of barcodes associated with the wild-type (S288C) alleles. The effects of 

single mutations were also compared with predicted consequences of mutations from mutfunc 

(Wagih et al., 2018) (Figure 2.1C). 

 

2.4.6 Pairwise fitness assays in chemostats 

To assess fitness of strains carrying individual alleles, 300 μL of a liquid culture of each 

strain was inoculated into a chemostat containing 20 mL of sulfate-limited media at 30°C. For 

each of the competitors, one competitor strain contained a plasmid with an extra copy of SUL1 

and the other isogenic strain contained a neutral GFP marker. Additionally, competition 

experiments of strains carrying each allele being assayed were conducted in at least two 

biological replicates. Cultures were grown for 24 hours before switching to a continuous culture 

system. Once cultures achieved steady state, the competing cultures were mixed at a 1:1 ratio 

(around 72 hours). Cultures were competed for 15 generations after mixing and sampled twice 

daily (approximately every 3-6 generations). For each sample, cultures were assayed for percent 

GFP cells with a BD Accuri C6 flow cytometer (BD Biosciences). Competitive fitness values 

were calculated by plotting ln(number of dark cells/number of GFP+ cells) over about 25 

generations and taking the linear slope of the linear regression from this data.  

 

2.4.7 Measuring the growth of the 1,011 isolates on solid media 

Solid sulfate-limited media (3mg/L ammonium sulfate) was prepared by adding 2% 

agarose to liquid sulfate-limited media and poured in PlusPlates (Singer Instruments). Solid 
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sulfate abundant media was prepared by adding ammonium sulfate (to 5g/L) to the sulfate-

limited media. To ensure the depletion of sulfate in the cells, all 1,011 natural isolates were 

grown overnight (~14 hours) on solid sulfate-limited media. The isolates were then replicated in 

quadruplicate on solid sulfate-limited and sulfate-abundant media. Photos of the colonies were 

taken every 12 hours for 3 days and the R package gitter was used to calculate the size of each 

colony in the photos (Wagih & Parts, 2014). For each time point on both limited and abundant 

conditions, we subtracted the colony size at the first time point from the colony size at 

subsequent time points (colony size = sizet - sizet=0). Growth rates were calculated by taking the 

average of the ratio of the colony size in limited media over the colony size in abundant media 

across 72 hours. 

 

2.4.8 Phylogenetic tree generation and sequence analysis 

To generate our phylogenetic trees, SUL1 sequences from the 1,011 strains and from S. 

paradoxus strain CBS432 were aligned using MUSCLE (Edgar, 2004). The genetic distances for 

SUL1 alleles were calculated using the maximum-likelihood-based distances through DNADIST 

in the PHYLIP package (Felsenstein, 2005). A gene tree for SUL1 was then generated using the 

NEIGHBOR program, and the final tree was visualized and annotated using R/ggtree (Yu et al., 

2017). dN/dS was calculated using the yn00 function in PAML. 

 To determine the prevalence of loss-of-function mutations across all genes in the 1,011 

strains, we used sequences from the core ORFs in the pangenome as reference sequences and 

identified which strains were homozygous for premature stop codons in each of the core ORFs 

(Peter et al., 2018). Premature stop codons that occurred in the last 90% of an ORF were not 

included, as previous studies have shown that these mutations would not necessarily cause a 
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significant loss of function (Bergström et al., 2014). Gene Ontology (GO) analysis was 

conducted using Yeastmine (accessed May 22, 2020) and both Benjamini-Hochberg and 

Bonferroni test corrections were used to account for multiple testing (Balakrishnan et al., 2012). 

 

2.4.9 Data availability 

Raw sequencing data can be found in the Sequencing Read Archive (BioProject 

Accession PRJNA681436 https://www.ncbi.nlm.nih.gov/bioproject/PRJNA681436). Scripts and 

full version of the Supplemental Tables used for this paper can be found at 

https://github.com/dunhamlab/SUL1_natural_variants. All alleles, matched strains, barcodes, 

fitness, coding mutations, and noncoding mutations can be found in Supplementary Table 3. 
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Chapter 3. Development of PacRAT: a program to improve barcode-

variant mapping from PacBio long reads using multiple sequence 

alignments 

Work described in this chapter is derived from “PacRAT: a program to improve barcode-variant 

mapping from PacBio long reads using multiple sequence alignments” published in 

Bioinformatics. Simulations and figures were done in collaboration with Clara Amorosi and 

Soyeon Showman. Reanalysis of the CYP2C9 library was performed by Clara Amorosi. 

Use of PacBio sequencing for characterizing barcoded libraries of genetic variants is on 

the rise. However, current approaches in resolving PacBio sequencing artifacts can result in a high 

number of incorrectly identified or unusable reads. Here, we developed a PacBio Read Alignment 

Tool (PacRAT) that improves the accuracy of barcode-variant mapping through several steps of 

read alignment and consensus calling. To quantify the performance of our approach, we simulated 

PacBio reads from eight variant libraries of various lengths and showed that PacRAT improves 

the accuracy in pairing barcodes and variants across these libraries. Analysis of real (non-

simulated) libraries also showed an increase in the number of reads that can be used for 

downstream analyses when using PacRAT.  

 

3.1 BACKGROUND 

Improvements in sequencing technology have greatly expanded our capacity not just for 

detecting genetic variants, but also for assessing their function. Approaches such as deep 

mutational scanning (DMS) use a library of variants to characterize the impact of genetic variation 
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on protein structure, gene expression, and gene function across many fields including protein 

science (McLaughlin et al., 2012; Newberry et al., 2020; Thompson et al., 2020; Tinberg et al., 

2013), evolutionary biology (Hietpas et al., 2013; Hoggard et al., 2016; Rich et al., 2016)), and 

pathology (Chiasson et al., 2019; Gray et al., 2019; Matreyek et al., 2018; Starita et al., 2015; 

Suiter et al., 2020). Such variant libraries are commonly “barcoded” with short random DNA tags, 

and this barcoding allows for short-read sequencing of multiple time points and removes the step 

of directly sequencing entire variants at every time point. Barcodes are associated with library 

variants; this association is a simple process if the variable region and the linked barcode can be 

sequenced together with short-read methods. Hierarchical tag-directed sequencing, known as 

subassembly, converts longer sequences (>600 bp) into short-read-accessible fragments that 

ultimately get assembled into the full-length sequence. However, with longer variable regions 

and/or distance to the barcode, subassembly becomes increasingly costly, challenging, and time-

consuming (Hiatt et al., 2010). To overcome the labor-intensive and expensive approach of 

subassembly, many studies are turning to PacBio sequencing to generate high-quality long reads 

that span the entirety of the barcode and variable region (Amorosi et al., 2021; Matreyek et al., 

2018; Ollodart et al., 2021; Suiter et al., 2020). 

Compared to Illumina short-read sequencing, PacBio generates much longer continuous 

reads. Whereas Illumina sequencing using clonal populations of molecules to generate highly 

accurate reads, PacBio sequencing directly retrieves sequence information from each individual 

molecule. Molecules are immobilized at the bottom of a zero-mode waveguide sequencing cell, 

where a polymerase then traverses the molecule and emits a unique fluorophore for each nucleotide 

added (Buck et al., 2017). Longer reads overcome previous limitations, though they have the 

disadvantage of an increased error rate, which can be as high as 15% (Wenger et al., 2019). This 
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is due to a low signal-to-noise ratio from fluorophores cleaved off from the zero-mode waveguide 

present in the sequencing cell. Errors are not prone to clustering in AT- or GC-rich regions, like 

they are in next-generation sequencing. Rather, errors are dispersed fairly evenly throughout a 

molecule (Buck et al., 2017). To reduce errors, highly accurate reads are generated from circular 

consensus sequencing (CCS), which circularizes molecules by ligating single-stranded 

SMRTbellTM adaptors and allowing a single DNA molecule to be sequenced multiple times. Each 

pass through the molecule produces a subread, and these subreads are collapsed to form a 

consensus sequence that improves the quality score of a sequence (Rhoads & Au, 2015; Wenger 

et al., 2019).  

Although PacBio chemistry has improved, errors are still pervasive in CCS reads. Despite 

the fact that errors are unbiased, CCS errors still tend to cluster as insertion/deletion (indel) errors 

in homopolymer regions due to suboptimal sequence alignments that are performed when 

retrieving consensus sequences. Compared to Illumina NovaSeq, the PacBio mismatch rate is 17X 

lower, but indel rates are 181X higher (Wenger et al., 2019). Such indel errors are more prominent 

in CCS reads with lower numbers of subreads, often those from longer target sequences, as fewer 

complete passes are contained within the average read length. In a recent study that performed 

PacBio barcode-variant mapping, more than 30% of barcodes were associated with indels and were 

discarded during analysis due to variation in length (Matreyek et al., 2018). Some libraries include 

variants that have real indels, which cannot always be ignored or discarded. Therefore, additional 

computational error correction steps are required to improve reliability and maximize information 

gained from PacBio consensus reads.  

In this work, we present PacBio Read Alignment Tool (“PacRAT”) which maximizes the 

number of usable reads for barcode-variant mapping while reducing sequencing errors found in 
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CCS reads. We tested the utility of PacRAT by simulating eight libraries of various read lengths 

and analyzing two real libraries. Our approach reduces costs of sequencing by utilizing reads that 

otherwise were assigned incorrect sequences in previous methods. Pac-RAT also provides 

researchers with metrics for estimating the necessary read coverage for different types of libraries, 

an approach that allows for more efficient multiplexing of variant libraries. 

 

 

Figure 3.1. Comparison of correct variant identification between ABP and PacRAT in 

simulated libraries with different lengths of variable region.  

Variant libraries of eight different variable region lengths (759, 936, 1128, 1710, 2166, 2538, 2961, 

and 4086 bp) were generated in triplicate using SimLoRD (Stöcker et al., 2016) at 10X, 5X, and 

3X read coverage. For both plots, the number of correctly identified variants using ABP and 

PacRAT were compared. A) Simulations were performed with default SimLoRD Chi-squared 

parameters (-xn 1.8923e-03 2.5394e+00 5500 -xs 0.0121 -5.12 675 48303.073 1.469). B) Simulations 

performed with adjusted Chi-squared parameters (-xn 8e-03 2.54 5500 -xs 2.78e-03 -0.48 825 

48303.073 1.469), chosen to better simulate longer variable regions (Table 3.1). Significance 

values are derived from a one-way ANOVA test and Tukey post hoc pairwise comparisons 

(Supplementary Table 4): Not significant (NS), p < 0.05 (**), p<0.0005(***). 
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3.2 RESULTS 

3.2.1 Simulation of deep mutational scanning libraries to assess PacRAT performance 

To assess the accuracy of PacRAT, we computationally generated eight DMS libraries 

with a range of sizes (759-4086 bp). These DMS libraries were created from cDNA sequences 

found in the human genome that span a range of lengths. Using SimLoRD, a PacBio SMRT read 

simulator (Stöcker et al., 2016), we simulated CCS reads in triplicate from these DMS libraries 

with 10X, 5X, and 3X read coverage (Figure 3.1). Using SimLoRD’s default Chi-squared  

 

Gene 
length 
(bp) 

mean number of 
passes 

real or simulated 
library 

default or adjusted 
SimLoRD parameters 

MSH2 4675 11.55 real NA 

4086 bp simulated 4086 4.34 simulated default 

4086 bp simulated 4086 9.65 simulated adjusted 

CYP2C9 1625 19.45 real NA 

1710-bp simulated 1710 6.51 simulated default 

1710-bp simulated 1710 14.86 simulated adjusted 
 

Table 3.1. Comparison of mean passes through SimLoRD simulated and real libraries.  

We determined that the average pass numbers produced using SimLoRD’s default Chi-squared (-

xn 1.8923e-03 2.5394e+00 5500 -xs 0.0121 -5.12 675 48303.073 1.469) did not accurately reflect 

those of real PacBio libraries. Thus, we adjusted these parameters (-xn 8e-03 2.54 5500 -xs 2.78e-

03 -0.48 825 48303.073 1.469) to better reflect the number of passes found in Sequel II data. 

as variable region lengths increase since MSA is able to correct many of the errors present in longer 

libraries. 5X and 3X downsamples of our libraries correctly matched 72% and 41% of barcodes 

from the longest simulated library, respectively. In a smaller 2.1 kb library, we observed that 

99.7%, 91.5%, and 72.7% of barcodes were correctly identified with PacRAT at 10X, 5X, and 3X 

coverage, respectively. These results indicate that PacRAT can accommodate reduced sequencing 

read requirements while maintaining accuracy of data, which could reduce library sequencing costs 

and improve throughput.  
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parameters (-xn and -xs), which are designed to model P4 chemistry (RS II), PacRAT increased 

the number of correctly identified variants in libraries sized between 1700-2500 bp, but its 

effectiveness dropped rapidly after 2500 bp. (Figure 3.1A). The average pass numbers produced 

using these default parameters did not accurately reflect those of real PacBio libraries (Table 3.1). 

Thus, we adjusted these parameters (described in Stöcker et al., 2016) to better reflect the number 

of passes found in Sequel II data (Table 3.1). A one-way ANOVA test and post hoc Tukey test 

showed that barcode-variant mapping significantly improves with PacRAT in nearly all libraries 

(Figure 3.1, Supplementary Table 4). For the largest simulated library (4086 bp), PacRAT 

correctly identified the variant for 97% of barcodes, whereas ABP only identified 14% (Figure 

3.1). Efficiency decrease is amplified as variable region lengths increase since MSA is able to 

correct many of the errors present in longer libraries. 5X and 3X downsamples of our libraries 

correctly matched 72% and 41% of barcodes from the longest simulated library, respectively. In a 

smaller 2.1 kb library, we observed that 99.7%, 91.5%, and 72.7% of barcodes were correctly 

identified with PacRAT at 10X, 5X, and 3X coverage, respectively. These results indicate that 

PacRAT can accommodate reduced sequencing read requirements while maintaining accuracy of 

data, which could reduce library sequencing costs and improve throughput.  

 

3.2.2 Assessing PacRAT performance through reanalysis of published libraries 

 
To verify that our program improves barcode variant mapping with real PacBio data, we 

reanalyzed the PTEN and TPMT libraries sequenced from Matreyek et al., 2018. These older 

libraries were sequenced with an RS II instrument, which has a much lower read quality than newer 

chemistry (Sequel and Sequel II). The software for converting raw RS II sequencing files to .bam  
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Library CYP2C9 
without 
PacRAT 

CYP2C9 with 
PacRAT 

MSH2 
without 
PacRAT 

MSH2 with 
PacRAT 

Total CCS reads 432,500 273,308 

Total unique barcodes recovered 
from PacBio 

118,896 12,081 

# barcodes associated with on-
target mutations 

36,108 39,847 2,687 3,441 

# barcodes associated with indels 66,761 61,551 7,004 6,209 

# barcodes associated with WT 
sequences 

1,565 1,723 1,632 1,919 

# barcodes associated with off-
target mutations (excluding 
indels) 

14,462 15,775 854 615 

# of unique on-target variants 
(observed/expected) 

8,980/15,648 9,261/15,648 236/241 241/241 

Coverage of on-target variants 4.0 4.3 18.3 22.2 

Table 3.2. CYP2C9 and MSH2 library statistics.  

The MSH2 library was synthesized from Twist Biosciences and sequenced on a Sequel II 

machine (Sequel 3.0) using one flow cell (Ollodart et al., 2021). The CYP2C9 library is the 

activity library described in Amorosi et al., 2021, and was sequenced on a Sequel II machine 

(Sequel 2.1) using two flow cells. For all PacRAT analyses, parameters --cutoff 1 and --threshold 

0.6 were used.  

 

files (bax2bam) and for generating CCS reads (ccs2) now exist as legacy softwares and are no 

longer maintained by PacBio. Despite version and compatibility issues, we were able to reanalyze 

the libraries with more recent versions of the software. For the PTEN library (variable region 

length 1398 bp), we found that PacRAT decreased the number of reads discarded due to indels by 

9.2% and increased the number of usable reads by 11.6%. PacRAT ultimately increased the 

number of unique variants in the library by 11.3%. For the TPMT library (variable region length 
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1016 bp), the number of indels decreased by 9.1%. The number of usable reads increased by 14% 

and the number of unique variants in the pool increased by 15.1%. 

We also re-analyzed two published variant libraries created for genes MSH2 (Ollodart et 

al., 2021) and CYP2C9 (Amorosi et al., 2021), both of which were sequenced on a Sequel II 

machine. Additional information on the generation and characteristics of these libraries can be 

found in Table 3.1 and Table 3.2. The MSH2 library was generated at 22X coverage via DNA 

synthesis, where specific single amino acid variants were requested from Twist Biosciences. 

PacRAT decreased the number of unexpected variants from 16.8% of barcodes analyzed with ABP 

to 10.5% with PacRAT (Table 3.2). We additionally analyzed smaller subsets of this library and 

observed similar results. We are unable to distinguish if these errors are sequencing or synthesis 

errors. 

For the ~118,000-barcode CYP2C9 library, which was generated by NNK mutagenesis at 

each codon via inverse PCR, PacRAT increased the number of barcodes associated with on-target 

variants from 36,108 barcodes to 39,847 barcodes, while reducing the number of barcodes 

associated with indels from 66,761 barcodes to 61,551 barcodes. Barcodes associated with indels 

are expected to have low functional scores, but with ABP only, we observed 3,043 barcodes 

associated with indels that had scores similar to wild-type variants, likely indicating a variant 

misclassification. PacRAT was able to reduce the number of these misclassifications by 48.4%.  

 

3.3 DISCUSSION 

PacRAT improves upon existing PacBio library barcode-variant mapping pipelines by 

implementing multiple sequence alignments to resolve the variant sequence associated with each 

barcode. Our method is reference-free and resolves sequence artifacts, commonly indels. While 
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not all reads will map to an expected variant, users can adjust thresholds to determine the ideal 

parameters for each specific library.  

Importantly, because PacBio sequencing is still much more costly than next-generation 

sequencing, this approach provides users with an idea for how to multiplex libraries for one 

single PacBio run. Each library sequenced with current PacBio sequencing chemistry (Sequel II) 

can return nearly 3 million CCS reads. The simulations performed here with PacRAT provide 

users with an idea for how much sequencing coverage an individual library needs for highly 

accurate barcode-variant mapping and how many libraries can be multiplexed in one run. To 

reduce sequencing costs further, PacRAT utilizes reads that were assigned incorrect sequences or 

otherwise discarded in previous methods, thereby maximizing the number of usable reads in each 

library.  

 

3.4 MATERIALS AND METHODS 

3.4.1 PacRAT algorithm and development 

PacRAT is a reference-free, highly reliable approach for linking barcodes to variants and 

improves upon the output of a previously used method, Assembly By PacBio (ABP) (Matreyek et 

al., 2018). ABP assigns barcodes to variants by taking either the highest-frequency sequence 

associated with each barcode or highest average quality sequence associated with each barcode. 

Crucially, this assigned variant often retains sequencing errors (most commonly 1 bp indels), 

depending on the coverage and quality of reads associated with each barcode.  

To fix this issue, our program assigns barcodes to variants by aligning CCS reads with the 

same barcode using multiple sequence alignment (MSA) (Edgar, 2004). If a sequencing error 
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occurs in a barcode, it will not be includd in the alignment process. A consensus sequence is then 

generated from these alignments. If no ambiguous nucleotides are present, this consensus sequence 

is used as the final, error-corrected sequence. However, if ambiguities in these alignments persist, 

a second pairwise alignment is performed with EMBOSS Needle (Rice et al., 2000) between the 

highest average quality CCS read and the derived consensus sequence. Sites with ambiguities are 

resolved by taking the nucleotide sequence from the highest quality read. Thresholds for 

determining consensus sequences can be specified by the user, with the default requiring that the 

majority of sequences share the same base at each position. 

 

3.4.2 Simulation deep mutational scanning (DMS) libraries 

The simulated DMS libraries were generated using custom scripts 

(https://github.com/dunhamlab/PacRAT) by generating all possible amino acid substitutions at 

each site. Once these libraries were generated, SimLoRD version 1.0.4 was used to simulate a 

PacBio sequencing run. For each library, we specified the number of reads with the parameter –

num-reads, and these numbers were selected based on desired sequencing coverage. For default 

parameters, -xn and -xs parameters were not included. For adjusted parameters, we used -xn 8e-

03 2.54 5500 -xs 2.78e-03 -0.48 825 48303.073 1.469. We aligned using the Burrows-Wheeler 

Aligner (version 0.7.17) with options -C -M and -L 80. Extra flags in bam file were removed and 

CIGAR string files were generated using samtools (version 1.9). Barcode-variant maps were 

generated using scripts from AssemblyByPacBio 

(https://github.com/shendurelab/AssemblyByPacBio). Comparisons between reference 

sequences and in silico PacBio reads returns the error correction rates between ABP and 

PacRAT. 
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3.4.3 Reanalysis of PTEN/TPMT libraries 

The libraries from Matreyek et al., 2018 were downloaded from SRA and converted from 

raw sequencing files to .bam files using the program bax2bam version 0.08. Circular consensus 

sequences (CCS) were generated using the ccs function in SMRT Link version 6.0. The resulting 

libraries were aligned to a reference sequence using bwa version 0.7.10 with options -C -M -L 80 

and flagged with samtools version 1.9. Output files were processed through Assembly by PacBio 

and the subsequent results were compared with results from PacRAT using custom scripts.  
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Chapter 4. High-throughput approach for understanding functional 

differences between paralogous genes in the maltose utilization pathway 

Experiments performed in this chapter were done with the assistance of Andrea Chang. 

In Chapter 2, I described an approach for assessing allele function on a species-wide 

scale. This chapter describes an application of that approach to answer a different biological 

question: How do paralogous differences affect phenotype throughout different clades in the 

Saccharomyces cerevisiae population. This approach is applied to MAL33, a gene that encodes 

an activator protein that facilitates the import and utilization of maltose as a carbon source in S. 

cerevisiae. Not only are the functional differences among the alleles of MAL33 unknown, but the 

functional differences among the five other paralogs of MAL33 (MAL13, MAL23, MAL43, 

MAL63, and MAL73) are largely unknown as well. By determining the function of MAL33 on a 

species-wide scale, I begin to understand how maltose utilization is varies throughout different 

clades in the population. Comparative sequence and phylogenetic analysis among MAL13, 

MAL33, and MAL73 portray how vastly different the paralogs are in terms of number of unique 

alleles, prevalence of premature stop codons, and range in copy number. This chapter highlights 

an exciting application to understand genes on a population level and the potential to 

comprehensively compare paralog function. 

 

4.1 BACKGROUND 

Paralogs, or genes that arose from a duplication event in an ancestral genome, play a 

critical role in evolution. Functional redundancy of paralogs permits genes to diverge and acquire 
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mutations, resulting in pseudogenization or neofunctionalization that may affect fitness in new or 

changing environments (Guan et al., 2007). While paralogous genes share a significant amount 

of sequence identity, natural allelic differences within even just one gene in a paralogous group 

contribute to phenotypic variation in a population. Although some studies have pinpointed 

polymorphisms that contribute to functional differences among paralogs, few have investigated 

how phenotypic variation among multiple paralogs affects fitness of an organism, especially on a 

species-wide scale (Leh-Louis et al., 2004; Noree et al., 2019; Will et al., 2010). 

The human genome is highly redundant as more than 13,000 of about 19,000 protein-

coding genes have at least one paralog (T. Wang et al., 2015). Most studies of the human 

genome do not account for gene redundancy, and understanding functional differences between 

redundant regions becomes particularly important to understand when determining how cells 

respond to therapeutics. Due to recent developments in high-throughput genotype-to-phenotype 

approaches, we now have the capacity to study not just allelic differences within a gene, but 

allelic variation among paralogous groups of genes as well.  

The work herein describes the beginnings of an application of the high-throughput 

approach detailed in Chapter 2 to analyze natural allelic function among paralogs, namely from 

activator genes in the MAL loci. S. cerevisiae has several MAL loci, each of which consists of a  

group of three genes that are essential for the transport (MALx1), regulation (MALx3), and 

hydrolysis (MALx2) of maltose (Figure 4.1). Several MAL loci exist (MAL1, MAL2, MAL3, 

MAL4, MAL6), all of which have diverged in sequence but still retain similar and complementary 

functions (Figure 4.2A) (Charron et al., 1989). Genes in each locus are named based on the 

locus in which they exist. For instance, the MAL genes in the MAL1 locus are termed MAL11, 

MAL12, and MAL13. Copy number differences within each paralogous locus may also exist 
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(Duan et al., 2018). Allelic variation in these loci are present primarily in domesticated strains, 

hypothesized to have formed due to outcrossing of diverse wild isolates (Duan et al., 2018). 

Maltose utilization is a major characteristic of domestication in yeast; most domesticated 

strains—including yeast isolated from sources without maltose like milk and honey—can use 

maltose as the sole carbon source, but wild isolates typically cannot (Bai et al., 2022). Although 

wild isolates do contain MAL genes, the reason behind why these isolates largely cannot use 

maltose is still unknown.  

 

 

Figure 4.1. The MAL locus permits cells to use maltose as the sole carbon source. 

A) Each MAL locus contains three genes that encode a transporter (MALx1), an enzyme that 

catalyzes the hydrolysis of maltose (MALx2), and a transcription factor that regulates the 

expression of genes in the locus (MALx3). B) Visual representation of the three genes necessary 

for growth in maltose. 
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Figure 4.2. The MAL locus has duplicated several times in S. cerevisiae. 

A) All known MAL loci across all strains of S. cerevisiae. Each locus contains a MALx1, MALx2, 

and MALx3 gene. B) The lab strain S288C contains two of the known loci, MAL1 and MAL3. 

The transporter (MALx1) and maltase (MALx2) genes are functional; however, the transcription 

factor-encoding gene (MALx3) is not, and thus S288C cannot grow using maltose as its sole 

carbon source. An addition of a functional MALx3 allele can rescue growth. 

 

MAL loci are approximately 9.0-kb in length and are typically located near telomeric 

regions (Figure 4.1) (Charron et al., 1989; Naumov et al., 1994). The location of these genes 

strongly suggests that duplication of these loci occurred through translocation of the genes to 

different chromosomes. Not all strains contain the same duplications or number of MAL loci. 

Furthermore, not all strains are able to utilize maltose due to loss of function in one, two, or all 

three genes in the MAL loci. For instance, the lab reference strain S288C has two MAL (MAL1 

and MAL3) loci, both of which have functional maltose transporter (MALx1) and maltase 

(MALx2) genes, but nonfunctional alleles of the MAL-activator protein (MALx3) (Figure 4.2B). 

Despite decades of work understanding the structure of maltose loci, determining functionality of 



 

 

68 

alleles in these paralogs is still difficult, especially given the diversity across the entire S. 

cerevisiae population. Variation exists between and within paralogs, adding an additional layer 

of complexity in understanding allele function (Figure 4.3). 

Because paralogs are complementary, the loss of function of MALx3 genes (which 

encode the activator protein) in S288C makes the MALx3 paralogs ideal candidates for testing 

function across paralogous alleles (Figure 4.4). The S288C reference strain only contains copies 

of MAL13, MAL33, or MAL73 (which is also known as YPR196W, see footnote*). In order to 

sample all natural MALx3 alleles in a species-wide manner, we used genomic DNA from a 
 

 
Figure 4.3. Functional differences can exist within a gene and between all of its paralogs. 

Six different paralogs of MALx3 exist across the S. cerevisiae population. Not all S. cerevisiae 

have all six paralogs, and the copy number of each paralog can vary (Brown et al., 2010; Duan et 

al., 2018). The function of each paralog can differ between isolates (Brown et al., 2010). 

 
* MAL7 is not a known or characterized MAL locus comprising all three genes in a canonical MAL locus. Prior to the 
characterization study done in Ohdate et al., 2018, the gene was known only as a putative maltose-response 
transcription factor located on chromosome XVI.  
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Figure 4.4. Paralogs of the MAL gene complement each other. 

S288C does not have a functional copy of MALx3, but has functional copies of MAL11, MAL12, 

MAL31, and MAL32. Because the paralogs of MAL genes complement each other, we can use 

MALx3 to test the functional differences of paralogs on a species-wide scale by competing allele 

libraries in maltose limiting media. Any functional MALx3 should rescue growth, including ones 

from loci that are not present in S288C (MAL23, MAL43, MAL63) (Charron et al., 1989). 

 

collection of 1,011 strains isolated from diverse geographical and ecological origins. We started 

our assay by first validating that the lab strain transformed with a plasmid containing a functional 

MALx3 allele from the MAL3 locus (MAL33) rescues growth in maltose. Next, we tested the 

growth of strains under different maltose conditions to determine the maltose-limiting 

concentration. We then developed a library of MAL33 and competed this library in maltose-

limited chemostats. Although these experiments are still underway, PacBio long-read sequencing 
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and barcode sequencing will reveal a lot about MAL33 function across the S. cerevisiae 

population. Insights into MALx3 paralog function across all alleles will not only reveal how 

maltose utilization has evolved in S. cerevisiae, but they will also emphasize the importance of 

investigating paralog allelic differences within the human genome for understanding phenotypic 

variation and responses to therapeutics.  

 

4.2 RESULTS 

4.2.1 Validation that a functional MALx3 can rescue growth in maltose 

Before proceeding with building a barcoded allele library, we first validated that 1) the 

reference strain S288C (FY) cannot grow using maltose as its sole carbon source, and 2) a 

functional MALx3 allele on a low-copy plasmid in the background of the reference strain can 

rescue growth in maltose for the reference strain. We grew the S288C in 2% maltose for 72 

hours and saw no changes or increases in optical density. Next, we created a small library for 

three MALx3 genes (MAL13, MAL33, and MAL73), transforming the lab strain with the library, 

and observing whether cells grew. We designed primers in conserved regions that flank MAL13, 

MAL33, and MAL73. Using the 1,011 natural isolate collection (Peter et al., 2018), we isolated 

and amplified the three genes from pooled genomic DNA, creating a small library of ~250 E. 

coli transformants and ~2,000 yeast transformants per paralogous gene. The yeast mini libraries 

were grown in 2% maltose flasks for seven days. After 48 hours, we observed growth in the 

MAL33 library, but did not see any growth in the MAL13 and MAL73 libraries. Lack of growth in  

the MAL13 and MAL73 libraries may have been due to insufficient sampling of the 1,011 natural 

isolates. Alternatively, lack of growth could have been the inability of MAL13 and MAL73 to 

complement the MAL33 in the S288C background. 
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Figure 4.5. Saturation densities of cultures grown in flasks with differing maltose 

concentrations 

Cultures with greater than 0.25% maltose had approximately the same saturation density, 

indicating that those cultures had a sufficient amount of maltose for cells to utilize as their sole 

carbon source, and thus the carbon source was not limiting. 

 

4.2.2  Determining the function of MAL33 on a species-wide scale in the chemostat 

In order to compare functions of MALx3 alleles through competitions in the chemostat, 

we determined which concentration of maltose is limiting to facilitate competition between cells 

carrying different MALx3 alleles. Although prior studies have tested the growth of cells in 

maltose limitation in the chemostat, we performed control tests to determine the optimal maltose 

concentration (Jansen et al., 2004). We first tested growth in flasks of the reference strain 

transformed with a functional MAL33 on a low-copy plasmid. Despite prior studies using 0.75% 

maltose at a dilution rate of 0.1 hr-1 (Jansen et al., 2004), our results support that 0.75% maltose 

is not limiting (Figure 4.5). Thus, we opted to use 0.25% maltose with carbon-limiting 
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chemostat media. We also tested cultures in the chemostat to determine the dilution rate and 

found that cells were able to remain at steady-state at a dilution rate of 0.15 hr-1. 

 We next created a more complex library of MAL33 using the same approach described in 

Section 4.2.1, but instead with barcoded primers. These primers captured 802 bp upstream and 

598 bp downstream of the MAL33 coding sequence. MAL33 is substantially more polymorphic 

than SUL1, with 840 unique genotypes among the 1,011 natural isolates. We collected ~11,000 

yeast transformants and competed them together for ~20 generations. Although results are still 

being collected, we found ~20,000 unique barcodes in the starting pool. Barcode sequencing 

over these 20 generations will reveal a fitness distribution, and PacBio long read sequencing will 

provide information about each haplotype contributing to growth in maltose limited media. 

 

4.2.3 Phylogenetic and sequence analysis of MALx3 alleles 

The reference strain does not contain a premature stop codon in its MAL33 allele, yet the 

allele is nonfunctional. Loss of function across multiple alleles may be the case for many MAL33 

alleles (Figure 4.6). Notably, not many clades labeled as “Not domesticated” have premature 

stop codons, despite the fact that it is uncommon for wild strains to have the capacity to grow 

using maltose as the sole carbon source. It is particularly striking that the number of unique 

MAL33 alleles is so high, yet the polymorphisms that render the gene nonfunctional are generally 

unknown (apart from premature stop codons). In addition to having a high number of 

polymorphisms across the entire population, MAL33 also varies in copy number (Figure 4.6, 

Figure 4.7). Variation in copy number further complicates our ability to predict which strains 

can utilize maltose, as the different copies of MAL33 in one genome can all have multiple alleles 

with varying function.  
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Figure 4.6. Neighbor joining cladogram of unique MAL33 alleles. 

The innermost ring adjacent to the cladogram indicates whether a homozygous premature stop 

codon exists in the MAL33 allele for a particular genotype. Premature stop codons are 

categorized by color; light gray indicates genotypes that are not homozygous for premature stop 

codons. The second innermost ring labels the clade from which the genotype is derived. The 

outermost ring with gridlines indicates an approximate copy number for strains with those 

genotypes. 

 

Further confounding these results is the fact that some sequences for MAL33 were called 

for strains that were reported to have 0 copies of MAL33 in the genome (Figure 4.6). This 

discordance is likely a result of paralogs aligning to the MAL33 locus: the S288C reference strain 

does not have copies of MAL23, MAL43, or MAL63 and therefore does not contain these 
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sequences in the reference genome. Thus, if other isolates contain sequences from these three 

paralogs, they were likely to have been mapped to the MAL33, MAL13, or MAL73 (YPR196W) 

locus.  

Although MAL33 is relatively polymorphic, the number of polymorphisms across the 

MAL33 gene is particularly higher at about 777 bp into the gene through the end of the 3’UTR 

(Figure 4.7). This base pair position is at amino acid position 260 in the MAL33 protein, which 

is the initial location where many of the observed premature stop codons occur (Figure 4.6). The 

nuclear localization signal (amino acid position 41-49) for MAL33 is also relatively well 

conserved. Other predicted domains, such as the DNA-binding domain, occur early in the protein 

 

Figure 4.7. Polymorphisms across the MAL33 locus.  

The red trendline is the locally weighted smoothing (LOESS) regression analysis and shows a 

general pattern between the polymorphisms across the entire locus. The DNA-binding domain is 

located within the first 60 amino acids of the transcription factor. 
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Figure 4.8. Neighbor joining cladogram of unique MAL13 alleles. 

The innermost ring adjacent to the cladogram indicates whether a homozygous premature stop 

codon exists in the MAL13 allele for a particular genotype. Premature stop codons are 

categorized by color; light gray indicates genotypes that are not homozygous for premature stop 

codons. The second innermost ring labels the clade from which the genotype is derived. The 

outermost ring with gridlines indicates an approximate copy number for strains with those 

genotypes. 

 

as well (between amino acids 2-58). The location of these important domains suggests that 

despite having 467 amino acids, the transcription factor maintains the most crucial domains 

towards the beginning of the protein. 

To determine if all MALx3 alleles have this same pattern, I performed the same analysis 

on MAL13. Interestingly, MAL13 had a greater variety in copy number, ranging from 0 to ~5 
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copies in some strains (Figure 4.8). The number of unique premature stop codons is smaller, and 

these tend to originate from the same clade. MAL13 is less polymorphic, with 340 unique alleles 

across the population (compared to 840 in MAL33) (Figure 4.9.). Wine strains have fewer 

unique premature stop codons in MAL13 compared to MAL33, and the fact that so many strains 

do not have any copies of MAL13 (including those of beer, wine, and wild isolates) suggests that 

other MALx3 paralogs may act as the functional transcription factor permitting growth using 

maltose as the sole carbon source. Future investigations will include determining when these 

duplications occurred, and if the lower number of polymorphisms in MAL13 indicate purifying 

selection or less time to diverge.  

 

 
Figure 4.9. Polymorphisms across the MAL13 locus.  

The red trendline is the locally weighted smoothing (LOESS) regression analysis and shows a 

general pattern between the polymorphisms across the entire locus. 
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Figure 4.10. Polymorphisms across the MAL73 locus. 

The red trendline is the locally weighted smoothing (LOESS) regression analysis and shows a 
general pattern between the polymorphism across the entire MAL73 gene. 
 

The same analysis done on MAL73 (YPR196W) also produced patterns different than 

those of MAL13 and MAL33. MAL73 showed a very similar polymorphic pattern as MAL13 

(Figure 4.10). Very few of the 467 unique MAL73 genotypes had a premature stop codon, at 

least not compared to the reference S288C sequence (Figure 4.11). The number of unique 

premature stop codons is also very small, with only 22 strains exhibiting these nonsense 

mutations. Copy number varies further in this gene, with one strain even having 7 copies in its 

genome (Figure 4.11). The polymorphic differences between these alleles may play an important 

role in maltose utilization, although the extent to which any of these alleles were incorrectly 

mapped reads from MAL23, MAL43, and MAL63 is unknown.   

Comparison of the three dN/dS values of MAL13, MAL33, and MAL73 provided a 

glimpse into the substitution patterns of these three paralogs (dN/dS = 0.23, 0.226, and 0.42, 

respectively). The dN/dS values of MAL13 and MAL33 are lower than that of MAL73, suggesting  
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Figure 4.11. Neighbor joining cladogram of unique MAL73 alleles. 

Similar to the other tree figures, the centermost ring flanking the cladogram indicates the 

location of a homozygous premature stop codon (if present) in the particular MAL73 genotype. 

The middle ring indicates the clade from which the genotype is derived, and the outermost ring 

with gridlines indicates an approximate copy number for strains with those genotypes. An inlet is 

provided for reading the axis label on the copy number ring.   

   

that they may be under greater purifying selection that MAL73. Like SUL1, the low dN/dS values 

may represent balancing selection, where multiple alleles are being maintained in the population. 

The high functioning, nonfunctional, and intermediary alleles all seem to play an important role:  

the function of the weak MAL73 allele is important for sake fermentation (Ohdate et al., 2018), 
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inability to utilize maltose is common in wild isolates (Bai et al., 2022), and high-functioning 

alleles are common in beer strains where maltose is abundant and sometimes the sole carbon 

source (Gibson et al., 1997). 

 

4.3 DISCUSSION 

We show here an application of an inexpensive high-throughput approach to 

functionalize natural variants present in a population in order to understand the role of paralogs 

in evolution. This approach can demonstrate how the genotype of a cell contributes to its 

phenotype in certain environments. Being able to disentangle the function of paralogs on a large 

scale is important for understanding their roles in complex traits and evolution. Specifically, the 

experiments and analyses described here provide evidence for what MAL33 alleles are functional 

across the 1,011 S. cerevisiae strains. The paralogs of MALx3 can exist in a strain in a variety of 

combinations and copy numbers. The results from the phylogenetic trees show that some 

paralogs (such as MAL33) are more prevalent among all strains; however, some paralogs (such 

as MAL13 and MAL73) can vary more in terms of copy number. Differences in species-wide 

patterns between paralogs can reveal a lot about paralog function, subfunctionalization, and 

neofunctionalization. The use of a reference genome and mapping software that can distinguish 

between the five MALx3 paralogs will further strengthen the results from whole-genome 

sequencing.  

Allelic differences have been observed before in several MALx3 paralogs (Gibson et al., 

1997; Ohdate et al., 2018). Some paralogs have alleles that can be split into the categories of 

inducible, noninducible, and constitutive alleles, which may explain why some MALx3 genes do 

not rescue growth in S288C. Interestingly, Gibson et al. (1997) observed such a pattern in the 
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paralogs MAL23, MAL43, and MAL63, and found that the domain that causes inducibility is 

located in the C-terminal region of the MALx3 proteins. Complete truncation of this region did 

not affect the ability of strains to utilize maltose, but only affected the their ability to respond to 

inducible factors. Although MAL33 is more diverged from MAL23, MAL43, and MAL63 (Figure 

4.12, Supplementary Table 6), it is possible that polymorphisms in the same homologous, C-

terminal region of MAL33 can also cause differences like inducibility in allelic function. 

Similarly, allelic differences in MAL73 were observed to be due to a frameshift mutation that 

resulted not in loss of function, but in weaker maltose fermentation. Future work functionalizing 

different paralogs of MALx3 will demonstrate if this pattern is unique to MAL73 and will identify 

loss-of-function alleles that are not detectable simply through sequence alone. The results from 

both these papers—as well as the results from MAL13 and MAL33 shown here—indicate that 

identification of frameshift or nonsense mutations may not be good indicators of MALx3 

function, and that experimental validations are the optimal way to determine how these paralogs 

all contribute to a cell’s ability to grow in maltose.  

 

Figure 4.12. Unrooted neighbor-joining tree of MALx3 paralogs. 

This neighbor joining tree was generated by entering the DNA sequences of MALx3 alleles 

derived from the pangenome of the 1,011 strains into Clustal Omega.  
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Interestingly, MAL13, MAL33, and MAL73 appear to be evolving more rapidly compared 

to MAL23, MAL43, and MAL63 (Figure 4.12). Additionally, the percent identity and similarity 

between MAL23, MAL43, and MAL63 (both DNA and amino acid sequences) are above 92%; 

these values are greater than the percent identity and similarity of MAL13, MAL33, and MAL73 

(Supplementary Table 6). Alignment of the 1,011 strains against a reference sequence that 

contains MAL23, MAL43, and MAL63 would help our understanding of 1) paralog function; 2) 

when translocation mutations may have occurred; and 3) if specific clades retain certain MALx3 

paralogs due to functional benefits. The same analysis can be performed using an ancestrally 

reconstructed sequence. Few studies have investigated these paralogous genes on a species-wide 

level, and investigation of the functional differences between these genes will provide insight 

into why some paralogs in this gene family are diverging more rapidly than others. 

Although this project still has much work left to be done, analyses reveal here provide the 

start to an interesting story for how the paralogous MALx3 genes diverged in sequence, function, 

copy number, and prevalence in Saccharomyces cerevisiae. Future work creating allele libraries 

for all genes in the MAL-activator family will assist in understanding functional differences 

between paralogous genes. The MAL activator proteins are a complex set of paralogs; application 

of this approach to another set of paralogs – perhaps SUL2, a paralog of SUL1 – would be 

interesting to complement results from Chapter 2. 

 

4.4 MATERIALS AND METHODS 

4.4.1 Strains, primers, and plasmids 

Primers for this chapter were designed by extracting the number of strains with 

polymorphisms at each position where the primer would bind. Optimally, primers would have 



 

 

82 

fewer than two sites with a polymorphism, and at most 500 strains with polymorphisms at either 

of those positions. The most conserved regions were selected for primer binding. Primers used in 

this chapter are listed in Supplementary Table 5.  

Natural isolates from the 1,011 S. cerevisiae collection were pinned on YPD agar plates, 

transferred to liquid YPD in 96-well plates, grown overnight at 30°C, and stored in 30% glycerol 

at -80°C. Prototrophic FY3 (DBY11069) was used to test growth in 2% maltose. The FY3 

S288C strain DBY7284 (MATa ura3-52) was used for transformation and competition 

experiments. Vector pRS316 with an NruI site inserted in the BamHI site (YMD2307) was used 

for molecular cloning and competitions described below. 

 

4.4.2 Plasmid/yeast library generation and tests in maltose media 

Strains from the 1,011 S. cerevisiae collection were pooled together from colonies on a 

solid agar plate. Genomic DNA was then extracted using the QIAGEN Genomic-tip 100/G kit.  

For creating the mini library, Gibson primers of MAL13, MAL33, and MAL73 were used 

to amplify regions ~800bp upstream and ~300 bp downstream of the coding sequence. PCR was 

performed using KAPA HiFi Hotstart Readymix with the following cycling conditions: 95°C for 

3 min, then 23 cycles of 98°C for 20 seconds, 58°C/64°C/67°C for 15 seconds (respectively), 

and 72°C for 4 minutes. Final extension was at 72°C for 4 minutes, and the reaction was cooled 

to 4°C. The product was purified using the DNA Clean and Concentrator kit from Zymo 

Research and assembled into the NruI-digested plasmid YMD2307 via Gibson assembly. 

Chemically competent E. coli cells were transformed with the product using heat shock at 42°C, 

and ~250 transformants were collected per library. Plasmids were extracted from bacterial 

transformants using Wizard® Plus SV Miniprep DNA Purification Kit and used to transform 
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DBY7284 using 100 μL of 2 M lithium acetate, 800 μL of 50% 4000 polyethylene glycol, 100 

μL of 1M dithiothreitol, and 50 μL of 10 mg/mL of carrier DNA. Approximately 2,000 Ura+ 

yeast transformants were collected for testing growth in C-Ura +2% maltose media. Starting 

cultures in 2% maltose media for each library were at OD600=0.05 and allowed to grow for 7 

days at 30°C.  

Single colonies were isolated from the MAL33 mini library that grew in 2% maltose and 

grown overnight in C-Ura (glucose) media. 0.125%, 0.25%, 0.75%, 1%, 1.5% and 2% maltose 

was added to carbon limiting media (0.1g calcium chloride dihydrate, 0.1g sodium chloride, 0.5g 

magnesium sulfate heptahydrate, 1g potassium phosphate monobasic, 5g ammonium sulfate, 

vitamins and minerals as previously described (Gresham et al., 2008), water to 1L). Culture 

started at OD=0.09 and density was measured on the 3rd, 5th, and 7th days (until saturation).  

For creating the full barcoded MAL33 library, oligos P172 and P194 were used to amplify 

the gene. P194 contains a 10-bp randomized sequence to serve as a barcode. PCR was performed 

using KAPA HiFi Hotstart Readymix with the following conditions: 95°C for 3 min, then 20 

cycles of 98°C for 20 seconds, 64°C for 15 seconds, and 72°C for 4 minutes. Final extension was 

at 72°C for 4 minutes, and then the reaction was cooled to 4°C. The reaction was done in 8 

replicates, and final PCR reactions were pooled, cleaned, and eluted in 10uL of water using the 

DNA Clean and Concentrator kit from Zymo Research. The barcoded product was assembled 

into YMD2307 via Gibson assembly. NEB® 10-beta electrocompetent E. coli were transformed 

with the product, and 20,000 transformants were collected and pooled by plating 10% of the 

entire transformation (the rest was discarded). Plasmids were extracted from the pooled 

transformants using Wizard® Plus SV Miniprep DNA Purification Kit and then used to 

transform yeast (DBY7284). To achieve high efficiency transformation, yeast culture was grown 
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overnight in 20mL of YPD. Cells were diluted to OD600=0.45 the following day in 50mL YPD, 

and regrown for 5 hours until the OD600 reached ~1.8. Cells were pelleted at 25°C for 3 minutes 

at 3000 rpm in 50mL falcon tubes and resuspended in 30 mL LiSORB (100mM lithium acetate, 

1M sorbitol in TE). Cells were pelleted again at room temperature for 3 minutes at 3000 rpm. 

This wash was repeated again. LiSORB was decanted and cells were resuspended in 2mL of 

LiSORB solution, allowed to rotate at room temperature for 30 minutes. 50uL of boiled (10 

minutes) and cooled salmon sperm DNA (2mg/mL) was added to 1ug of the MAL33 plasmid 

DNA library. 200uL of cells still in LiSORB were added to the DNA mix and vortexed. 1 mL of 

LiPEG (100mM lithium acetate, 40% PEG 3350 in TE) was added to the solution, and mix was 

allowed to rotate at room temperature for 30 minutes. Next, 100uL of DMSO was added, and the 

mixture was put in 42°C for 10 minutes. Solution was centrifuged at 5000 rpm at room 

temperature. Supernatant was aspirated, and final solution was resuspended in 3.75 mL of YPD 

and 1.25 mL of 2M sorbitol (0.5M final concentration). Cells were allowed to recover for 1 hour 

at 30°C in a roller drum. Two C-Ura plates that had been plated with 10% of cell culture were 

used to collect transformants, and approximately 11,000 Ura+ yeast transformants were collected 

(in both glycerol stocks and frozen pellets) for pooled competition experiments and further 

analysis. 

 

4.4.3 Pooled library competition in chemostats’ 

Maltose-limited media (0.25%) was added to carbon-limiting media (1g calcium chloride 

dihydrate, 1g sodium chloride, 5g magnesium sulfate heptahydrate, 10g potassium phosphate 

monobasic, 50g ammonium sulfate, vitamins and minerals as previously described (Gresham et 

al., 2008), water to 10L). Two 230 mL chemostat culture vessels were filled with media in a 
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30°C water jacket. 1 mL of yeast transformant pool was added to the culture, grown for 30 

hours, and then diluted at a rate of about 0.15 volumes per hour. Samples were taken twice a day 

for 5 days, or about 25 generations. For each sample, 2mL were stored in 25% glycerol at -80°C 

and another 2mL pelleted for plasmid extraction.  

 

4.4.4 Barcode sequencing 

For each time point and replicate from the pooled library competition, plasmids were 

again extracted using the Zymoprep Yeast Plasmid Miniprep kit. Barcodes were isolated and 

amplified using forward primer P199 and indexed reverse primer P200, which included Illumina 

Nextera sequencing adaptors. KAPA HiFi Hotstart Readymix was used with 1 μL of 1X 

SYBR™ Green I and the following PCR cycles: 95°C for 3 min, then 20 cycles of 98°C for 20 

seconds, 66°C for 30 seconds, and 72°C for 30 seconds. PCR products were cleaned using 

Sample Purification Beads (Illumina). Libraries were sequenced on a NextSeq sequencer 

(Illumina) with sequencing P197 (Read 1), P198 (Read 2), and P202 (Index).  

 

4.4.5 Phylogenetic tree and sequence analysis 

To generate phylogenetic trees, MAL33 sequences from the 1,011 strains and from S. 

paradoxus strain CBS432 were aligned using MUSCLE (Edgar, 2004). The genetic distances for 

MAL33 alleles were calculated using the maximum-likelihood-based distances through 

DNADIST in the PHYLIP package (Felsenstein, 2005). A gene tree for MAL33 was then 

generated using the NEIGHBOR program, and the final tree was visualized and annotated using 

R/ggtree (Yu et al., 2017).  
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 Mutation and copy number data were retrieved from Peter et al., 2018. dN/dS values were 

calculated using the yn00 median value from PAML. Phylogenetic trees between all the known 

MALx3 genes and amino acid sequences were generated using Clustal Omega. Percent identity 

and similarity were calculated using the SMS (Stothard, 2000). 
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Chapter 5. Conclusions and future directions 

5.1 INFORMATION GLEANED FROM A HIGH-THROUGHPUT ANALYSIS OF NATURAL 

VARIANTS 

Predicting phenotype based on genotype is a long-standing question that has been 

investigated for decades. Accurate predictions have great implications for many fields including 

evolution, medicine, industrial settings, and agriculture. Since the start of the work described in 

this dissertation (2017), many technological advances have been made to improve our 

understanding of the effects of polymorphisms. The ability to identify quantitative trait loci and 

causal polymorphisms that affect phenotype has scaled now to assays that survey whole genomes 

or thousands of single nucleotide polymorphisms (SNPs) in one or few experiments. The work 

here fills the niche of surveying entire haplotypes of genes that are essential under certain 

environmental conditions on a population level. It also provides a bigger picture of the fitness 

distribution as a result of changes to that one gene. It does so in a cost-effective manner and 

avoids having to use DNA oligonucleotide synthesis, which has an error rate that is difficult to 

determine/validate and can be expensive as the length of the locus and the number of unique 

variants increase.  

In Chapter 2, I describe a proof-of-concept experiment that portrays how competing 

natural variants together provides a comprehensive fitness distribution of alleles. Using 

sequences inferred from whole-genome sequencing and mapped to the reference S288C strain 

genome, I am able to identify which strains contain alleles that have premature stop codons and 

validate that those alleles confer a lower fitness compared to the wild-type allele. These results 

reaffirmed that both coding and noncoding SNPs affect fitness and function. With phylogenetics, 

I could interpret the evolutionary history of SUL1; multiple independent instances of loss-of-
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function mutations suggest that the phenotype conferred by a loss-of-function allele may be 

beneficial under certain conditions. Of particular interest is that many of the loss-of-function 

mutations occurred in domesticated strains (isolated from beer, dairy, sake, or wine); these 

results raise the question of). It is also thought-provoking to consider whether these 

environments select for nonfunctional alleles, or whether the functional alleles were lost long 

before domestication occurred. One possibility is that some environments (such as dairy and 

bakeries) provide protein-rich nutrients, so cells are able to use the protein as their sulfur source. 

Losing the necessity of using the sulfate transporter due to these protein-rich environments 

would be an example where loss of function due to drift may have taken place. Alternatively, 

sulfate is abundant in the grape juice used to make wine, and under nitrogen limitation, a high-

affinity sulfate transporter can produce hydrogen sulfide and impart to the wine an undesirable 

flavor (Walker et al., 2021). An intentional selection of low-affinity sulfate transporters may be a 

result of domestication in the winery. The fitness of cells transformed with the SUL1 allele 

library grown in these domesticated environments may provide some interesting insights into 

validating whether either of these hypotheses is true. 

 I was surprised to find that the SUL1 allele that contained signatures of introgression 

from Saccharomyces paradoxus had a fitness in the S. cerevisiae background that was similar to 

the reference allele in S288C. However, this finding is perhaps not surprising since the SUL1 

allele of S. paradoxus functions nearly as well as the S. cerevisiae S288C allele of SUL1 

(Sanchez et al., 2017). Because S. paradoxus is more often isolated from wild environments, 

similarity in SUL1 function may further support that SUL1 function is important in wild 

environments where protein content is not as accessible as protein content is in domesticated 

environments. The question now left unanswered is why signatures of introgression from S. 
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paradoxus still remain in the S. cerevisiae genome if these signatures do not significantly alter 

ability to transport sulfate into the cell; this transporter may be pleiotropic, meaning that it can 

influence more than one trait.  

S. paradoxus has higher nucleotide diversity compared to S. cerevisiae, but has not been 

as extensively domesticated (L. J. Johnson et al., 2004). The genetic diversity in S. paradoxus 

provides another excellent resource for surveying natural genetic variation without the influence 

of thousands of years of domestication by humans. Because many of the features of S. paradoxus 

are the same as S. cerevisiae – for instance, the species have the same number of chromosomes 

and have a high level of synteny – we can generate natural allele libraries from S. paradoxus to 

gain a better understanding of gene function across the two species to understand gene function 

divergence.  

Another key feature of domestication in S. cerevisiae is the utilization of maltose as the 

sole carbon source. Despite the MAL locus being essential for maltose uptake and utilization, 

these loci are also present in S. paradoxus strains, where the influence of domestication has not 

occurred. Some alleles are functional in S. paradoxus, and the orthologs of MAL13, MAL33, and 

MAL73 analyzed in this dissertation are distinguishable in the genome of the reference CBS432 

S. paradoxus isolate (Naumov et al., 1994). A functional S. cerevisiae MAL13 allele can serve as 

an activator in S. paradoxus for the maltase gene that results in the hydrolysis of maltose 

(Naumov et al., 1994). The Naumov et al. (1994) study hypothesizes that maltose utilization is 

weak in S. paradoxus, but a survey of MAL alleles in S. paradoxus isolates, or even S. cerevisiae 

x S. paradoxus hybrids, will undoubtedly reveal information about paralog divergence and 

maltose utilization in different species and ecological environments. Investigation into the 
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equivalent orthologs in even more diverged species, such as Saccharomyces uvarum, would be 

interesting as well. 

Applying this high-throughput approach of assaying natural variants of MALx3 alleles 

will also provide great insight into domestication and MALx3 functional diversity. I have already 

begun to test the possibility of building these libraries through my experiments with MAL33. 

With just sequence analysis alone, great differences are already observable in copy number, 

SNPs, and function. The fact that some strains can have up to 7 copies of MAL73 is surprising in 

itself, and this paralog tends to have fewer premature stop codons compared to the MAL13 and 

MAL33 alleles. Subfunctionalization or neofunctionalization may be occurring throughout these 

paralogs. Once MAL13 and MAL73 libraries are built, the libraries of these three paralogs can be 

pooled and competed together. It would be especially interesting to determine if any paralog 

(regardless of allele) is more effective at activating expression of MAL genes, or if the paralogs 

all have alleles that can be categorized as high-functioning, loss-of-function, or intermediary.   

This approach is preferable over those like deep mutational scanning or random 

mutagenesis. All alleles assayed in these experiments are present in the natural S. cerevisiae 

population and provide information on how cells respond to environmental conditions. Some 

alleles contain only one mutation; however, many have multiple mutations. While we did not 

find mutations in combination that affect gene function, investigation of other genes may reveal 

examples where polymorphisms of a gene are epistatic and only impact function in combination 

with other polymorphisms. Deep mutational scanning investigates only single substitutions, and 

combinatorial mutations become exponentially more complex to study. Random mutagenesis 

does not always reflect variants present in the wild; however, it is useful in exploring a fitness 

landscape that may not be achieved from simply using natural alleles.  
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I was surprised that no SUL1 alleles showed any signatures of gain of function. The 

results described here reinforce the hypothesis that the reference allele of SUL1 in the S. 

cerevisiae background confers the highest fitness. Perhaps additional work on other genes, such 

as a MALx3 gene, would reveal instances of gain-of-function SNPs. 

All in all, the results from this work underscore the persistent utility of yeast as a model 

organism for studying questions about domestication, loss of function, and paralog evolution. 

Natural allele libraries of SUL1 and MAL33 already provide a better picture of gene function 

than what was previously known. By leveraging the diversity present among these strains, we 

can better understand how genotypic changes give rise to phenotypic differences between 

isolates.  

 

5.2 APPLICATION OF HIGH-THROUGHPUT ANALYSES OF NATURAL VARIANTS TO 

LONG-STANDING QUESTIONS IN EVOLUTION 

The benefit of having an allele library is its use to test how genotypic changes on a 

species-wide scale alter phenotype under changing environments. Many prior studies have 

demonstrated that selection against a functional sulfate transporter can be achieved by using 

toxic sulfate analogues like potassium dichromate and sodium selenate (Cherest et al., 1997; 

Walker et al., 2021). Although I was unable to replicate the antagonistic effects of these 

compounds with functional SUL1 alleles, there may be alternative media that I did not test but 

can result in selection against a high-affinity sulfate transporter.  

The concept of one gene affecting multiple traits is called pleiotropy. The concept of an 

allele being beneficial in one environment but detrimental in another is called antagonistic 

pleiotropy. SUL1 has this trade-off phenotype, and understanding how allelic differences in 
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SUL1 affect fitness distribution under antagonistic environments is another question that can be 

answered through these libraries of natural alleles. Several studies have identified genes with 

antagonistic pleiotropy, but whether or not these trade-off phenotypes are consistent across the 

population remains to be determined. Excellent examples of genes with trade-offs under different 

environments are the genes AQY1 and AQY2, where a functional copy of an AQY gene provides 

higher tolerance to cycles of freeze-thaw with a trade-off of lower tolerance to high osmolarity 

(Will et al., 2010). Loss of function results in the opposite phenotype (low freeze-thaw tolerance 

and improved tolerance to high osmolarity). Both functional and nonfunctional alleles exist in 

the S. cerevisiae population, but apart from frameshift and nonsense mutations, loss of function 

is challenging to identify. Some phenotypic information may be gleaned from ecological origins, 

but these allelic functions may still need to be validated experimentally.  

Another gene I identified with characteristics of antagonistic pleiotropy is RIM15. This 

gene encodes a protein kinase involved in cell proliferation in response to certain nutrients, and 

prior experiments have shown that a functional copy improves growth under toxic environments 

like cadmium chloride and lead nitrate (Kessi-Pérez et al., 2016). The antagonistic condition for 

RIM15 is when the sole carbon source is ethanol and is only available in a limiting concentration 

(N. Zhang et al., 2009). Although this gene illustrates a perfect example of antagonistic 

pleiotropy, the gene is large by yeast standards (nearly 5 kb) and thus it may be difficult to 

accurately assemble its full haplotype. However, with improvements in PacBio sequencing, the 

feasibility of investigating this gene accurately is not too far away. 

 Other genes that may exhibit signs of antagonistic pleiotropy have been identified before. 

In a study published in 2012, researchers were able to identify instances of antagonistic 

pleiotropy throughout the whole genome by analyzing nonessential genes (Qian et al., 2012). 
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Allele libraries are validating and identifying how frequently such patterns appear across the 

entire population. A question that remains unanswered is if all alleles of a gene exhibit this trade-

off, or if these results are only due to surveying a handful of alleles. Understanding allele 

function on a species-wide level can provide an ample amount of information about evolutionary 

history and the relationship of a particular isolate to environmental factors. 

 This population-wide survey of natural alleles can also be applied to understanding 

epistasis or protein-protein interactions. This approach can be combined with a yeast display 

assay to investigate agglutinin proteins such as AGA1, AGA2, SAG1, and even the AGA1 paralog 

known as FIG2. By building two individual libraries, we can investigate variation in the 

interaction between two interacting proteins can inform how well natural alleles agglutinate and 

how much these interactions promote mating in yeast. This approach would also be a way to 

survey what isolates are compatible with one another for mating and if other isolates are less 

likely to agglutinate and have less of an affinity for mating. Similar to work done using MAL 

libraries, it may be interesting to build allele libraries in S. paradoxus and may reveal 

information about what isolates are more likely to hybridize with S. cerevisiae. 

 Another set of genes that can be used to investigate epistasis are STE5 and STE7. These 

two genes interact to activate an important kinase pathway in yeast and are also important for 

yeast mating. In a project not detailed in this dissertation, I have begun to identify instances of 

epistasis between variants of these two genes. Generating libraries of natural variants of STE5 

and STE7 could help in understanding if epistatic effects between these alleles play an important 

role in this kinase pathway and ultimately in mating evolution.  

 As mentioned before, the genotypic and phenotypic diversity in S. cerevisiae makes it an 

ideal model organism for investigating genetic changes. Therefore, the genetic backgrounds that 
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these alleles are in undoubtedly plays an important role in gene function. In investigating SUL1 

allelic differences, I was unable to find instances where genetic background dramatically altered 

the phenotype of alleles, even in different backgrounds. A notable example of this is that the 

introgressed allele – and even the S. paradoxus allele – when moved to the background of the 

reference S288C strain, did not show significant fitness differences. Although I was unable to 

find these differences in SUL1, usage of other genes for allele libraries can be used to investigate 

how genetic background alters allelic function and fitness distribution of a gene. Differences in 

function due to changes in genetic backgrounds can also help identify epistatic and trans-acting 

factors that were previously unknown. One gene that could potentially be used for allele libraries 

is MLH1, which confers differences in mutation rate as a result of changes in genetic background 

(Wanat et al., 2007). Traditional fluctuation assays make it difficult to determine mutation rate in 

a high-throughput manner, although a recent study multiplexing mutation rate assays in a 

turbidostat streamlines this approach (Ollodart et al., 2021). 

 Application of this approach can also be used to investigate differences in expression. 

Work described here confirmed studies that showed that SNPs in the promoter region of SUL1 

can affect fitness (Rich et al., 2016). Numerous studies investigating diversity in quantitative 

traits found that expression differences are responsible for a significant amount of phenotypic 

diversity (Salinas et al., 2016), and this focus on natural variation in transcriptional changes has 

increased in recent years. A gene that could be used for identifying these natural expression 

differences is SGE1, a gene encoding an efflux pump, which shows differences in imidazolium 

ionic liquids (IIL) tolerance based on changes in transcript levels (Higgins et al., 2018).  

 The applications of studying natural variation on a species-wide scale are endless. The 

examples listed above are a handful of the few genes that can be investigated to investigate a 
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number of biological questions, including how paralog functions differ, how gene function 

changes under altered environmental conditions, how genetic background changes fitness 

distributions, and how expression differences underlie phenotypic diversity.   

 

5.3 REMAINING OPTIMIZATIONS TO IMPROVE ASSAY 

The current approach of studying natural variants in a high-throughput manner still has 

many aspects that could be improved. After I retrieved PacBio sequences from the SUL1 allele 

library, an obstacle that I immediately encountered was matching these alleles to their strain of 

origin. This obstacle arose because currently most of the strains in the collection are diploid, and 

resolved haplotypes are not complete in many of these strains. With decreasing costs and 

improved confidence in long-read sequencing, resequencing of these isolates with longer reads 

could improve haplotype information. Without long-read sequencing, one approach to improve 

mapping of alleles back to the strain of origin would be using a Hidden-Markov Model (HMM), 

based on allele frequency both in the strain collection and in the PacBio sequenced alleles. The 

frequency of these alleles would serve as the basis for the “start” probability of each allele in 

terms of which strain it matches up with. Clade information could help improve confidence of 

this information, especially if these clades contain both haploid and polyploid strains and the 

unique alleles in these strains can be used to infer haplotypes for the polyploid strains. An 

increasing number of strains are being sequenced with Oxford Nanopore Technology (ONT) or 

PacBio, and reanalysis with these new data could warrant a reanalysis of the libraries generated 

here. 

While the phenotypic data overlaid on the phylogenetic data reveal information about 

allele function, the majority of these results were interpreted in a single genetic background. 
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How fitness distribution and allele function change as a result of changes in background would 

provide more information on phenotypic variation. Even having the allele library on a plasmid, 

rather than integrated into the genome, with a selectable marker also present on the plasmid 

could cause a misinterpretation of gene function. For instance, if a gene of interest has an 

epistatic interaction with the selectable marker used in an assay, the allele could affect function 

of this gene of interest. In future libraries, establishing a similar system that would result in 

integration into the native locus in the genome would allow us to better understand how 

genotypic changes affect phenotype when the differences exist at the native location in the 

genome. Advances in CRISPR/Cas9 technology can facilitate this integration, although 

integrating multiple edits throughout a ~4 kb locus may be an obstacle.  

One complication of many of these high-throughput studies is that measuring gene 

function is not always easy. In the libraries created and assayed here, fitness was measured as a 

result of the ability of a yeast strain to utilize or transport a specific nutrient. For cells that may 

have phenotypic differences, such as morphology, separating distinct types of cells may be more 

difficult. For genes without a measurable phenotype, or even with only subtle changes in 

phenotype, performing a study on natural variants may be more difficult. 

The curation and extensive analysis of the 1,011 S. cerevisiae strains facilitated the 

possibility of developing this assay. Numerous parts of this assay depended on the accuracy of 

this strain collection and its associated dataset. However, during analysis, I discovered that some 

alleles were incorrectly called. For instance, the genotype for SUL1 in the strain DBVPG1106 

was missing the crucial SNP that results in a loss-of-function phenotype under sulfate limitation. 

While I was able to correct this error and validate that the SNP exists through Sanger 

sequencing, I am unable to determine how prevalent these errors are. This type of error also 
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existed in my analysis of the MALx3 alleles, where an allele sequence would exist in the database 

for a strain that has no copies of that particular gene. I discussed in Chapter 4 that this 

discordance may be as a result of a mapping error, but the extent to which this mismapping exists 

and which alleles are actually mismapped reads is difficult to deconvolute. In general, 

identifying true mismapping errors is a pitfall in current genome assemblies, but improvements 

long-read sequencing technologies and algorithms are reducing these issues (Logsdon et al., 

2020). 

The ability to capture all alleles of a gene is also an integral part of this assay. I show in 

the SUL1 library that none of the introgressed alleles were captured. This failure was a result of 

designing primers based on a conserved region in a subset of strains. In subsequent libraries, I 

developed an approach for designing primers based on all 1,011 strains in the collection. 

Interestingly, the strains with signatures of introgression were incorrectly called in the 

sequencing results, likely due to mapping errors as well. Thus, while this new approach for 

designing primers may be able to capture more variants, it is possible that it would still not be 

able to capture sequences as diverged as introgressed sequences.  

Another factor of concern is template switching during PCR. Some groups have observed 

this from their PacBio sequencing specifically when using the Kapa HiFi polymerase; however, I 

did not identify any heteroduplexes in my libraries, nor did I observe any barcodes with 

heteroduplexes. To test if this template-switching issue is unique to Kapa HiFi, different 

polymerases could be used on the same library and sequenced together to determine if the same 

barcode-sequences are returned.  

 In sum, the multitude of approaches for improving this technique will optimize the 

accuracy of matching allele sequences to the strain of origin and its resulting phenotype. 
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Although many drawbacks exist in both the experimental and computational design of this 

approach, these data can be reanalyzed to provide much higher accuracy in matching alleles to 

strain of origin, especially as technologies continue to improve. 

 

5.4 OTHER APPLICATIONS AND OPTIMIZATIONS OF PACRAT  

This high-throughput approach relies on the accuracy of PacBio sequencing reads. Since 

the first sequencing run of SUL1 was performed, PacBio sequencing technology has greatly 

improved. Using polymerases with higher fidelity, which increases the number of passes through 

each circular consensus sequence (CCS), provided higher quality reads. Furthermore, one SMRT 

cell can now sequence up to 3 million molecules, an output that is much greater than the 200,000 

reads/cell obtained in previous models. The simulations provided in this dissertation showed how 

much coverage was necessary for accurately matching barcodes to variants. Since PacBio 

sequencing quality has improved since doing those simulations, it is likely that the required 

coverage is now even lower. Lower required coverage combined with higher sequence quality 

provides room for multiplexing in one SMRT cell, a combination that would greatly reduce cost 

and labor for preparing libraries for sequencing.  

One optimization of PacRAT would be utilizing minimap2 to perform pairwise alignment 

(Heng Li, 2018). This software is much faster than current aligners and is integrated with Python. 

It also outperforms other aligners when aligning long reads, such as those retrieved from ONT or 

PacBio. Since it does not have a significant difference in output compared to other aligners for 

PacBio SMRT reads, the current approach using EMBOSS Needle for pairwise alignment works 

well (Heng Li, 2018; Needleman & Wunsch, 1970; Rice et al., 2000).  
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Additional features added to PacRAT would be useful for determining the accuracy of 

alignments as well. For instance, adding a metric that reports the concordance between variants 

with the same barcode sequenced from individual molecules would help with reducing the false 

discovery rate. Being able to identify whether subclusters of barcode-variant molecules exist 

may also help, either in the unlikely event that one barcode contains multiple variants or if an 

error occurred early during PCR and resulted in a jackpot event. Knowing how many of these 

subclusters exist and if a minor allele is present for a specific barcode may be useful as well. 

Furthermore, it may be helpful to understand if the errors were due to discordant reads, barcode 

swaps, or sequencing errors alone. 

Sequence aligners can inaccurately align homopolymer tracks between two reads. We 

found that many of the errors between alignments occurred in such homopolymer regions. 

Although PacBio polymerases do not exhibit nucleotide bias in errors, they do have a higher 

likelihood of insertion/deletion errors that, when they occur in these homopolymer tracks, are 

difficult to remediate. These issues will likely resolve themselves as CCS accuracy continues to 

improve. 

Correspondence with other researchers using PacBio for linking barcodes to variants also 

revealed that heteroduplexes can form with PCR products. That is, in some cases, due to the high 

degree of identity between sequences, template switching may occur between barcodes and their 

respective variants. Future analysis will need to address this issue. In addition, PacBio 

sequencing errors can occur in the barcode, and deeper investigation into the barcode sequencing 

errors will reveal how often these types of errors occur. 
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5.5 CONCLUDING REMARKS 

The outcomes of this dissertation foreshadow a thrilling future for the characterization of 

genes. Assaying hundreds or thousands of variants in one experiment raises our standards for 

understanding gene function in yeast, and these assays can now be done on a population level. 

Although this approach is imperfect, its current form already reveals new patterns and questions 

for investigating the impact of SNPs under certain environments. I am excited for future 

optimizations and work using this approach, and I am inspired by what questions it has the 

capacity to answer about evolution and population genetics. 
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APPENDIX A: SUPPLEMENTARY FIGURES 
Supplementary Figure 1. Percentage of strains for each genome-wide ploidy that matched 

to at least one PacBio read. 

 

 
 
Supplementary Figure 2. Allele frequencies found in PacBio allele library reflect those 
found in the Illumina reference sequences (expected values). 
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Supplementary Figure 3.  Competitive fitness values calculated using FitSeq are well-

correlated across replicates.  

Pearson correlation coefficients r are listed on the top half. ***p<2.2e-16 
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Supplementary Figure 4. Fitness and variance among loss-of-function alleles. 

a) Barplot representing average fitness and standard deviation of barcodes categorized by 

location of premature stop codons (SUL1 contains 859 amino acids). Sites without error bars are 

represented by only one barcode. b) Barcodes associated with loss-of-function alleles tend to 

have greater variance compared to barcodes with wild-type fitness. 
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Supplementary Figure 5. mutfunc predicts which mutations are deleterious.  

For our data, mutfunc returned SIFT scores for each mutation. We used the mutation with the 

most deleterious SIFT scores for each allele. a) Competitive fitness of allele from pooled natural 

variant library plotted against SIFT score of most deleterious mutation shows very little 

correlation (Pearson’s correlation r=0.253). b) Distribution of experimentally assayed compared 

with mutfunc predictions of deleteriousness.  
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Supplementary Figure 6. Growth rates of unmodified isolates on sulfate limited solid 

plates.  

For each plot, mean ratio indicates the growth rate on sulfate-limited media compared to growth 

on sulfate-rich media. a) Growth rate of sul1∆sul2∆ strains (orange) and wild-type strain (blue) 

show differential growth on sulfate-limited media. b) Scatterplot comparing strain competitive 

fitness with growth rate on solid sulfate-limited media show no correlation. c) Grouped by clade, 

ploidy, zygosity, and continent, strains show no obvious pattern.  
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Supplementary Figure 7.  Barplot of number of genes with premature stop codons per 

strain, grouped by ecological origins.  

Variation within an ecological group may be due to geographical factors (for instance, yeast 

isolated from fruit in South America will have a different genetic makeup than yeast isolated 

from Southeast Asia).  
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APPENDIX B: SUPPLEMENTARY TABLES 
Supplementary Table 1. Primers used in SUL1 natural allele study 

 
Primer 
ID 

Primer Name Function Oligo sequence 

1 SUL1_1011_Forward Forward GAATTCCTGCAGCCCGGGGGATCTC
Gccttaaagacaatctggcgaaacc 

2 SUL1_1011_Reverse Reverse GCGGCCGCTCTAGAACTAGTGGAT
CTCGNNNNNNNNNNaggacatttgtagaaaa
taggctcaagc 

25 pCY04_P25_amplifyForw
ard 

Forward aatgatacggcgaccaccgagatctacacCCCAGT
CACGACGTTGTAAAACGAC 

26 PCY04_amplifyReverse_P
26 

Reverse caagcagaagacggcatacgagatTCTGTCTGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

27 PCY04_amplifyReverse_P
27 

Reverse caagcagaagacggcatacgagatGGACAACCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

28 PCY04_amplifyReverse_P
28 

Reverse caagcagaagacggcatacgagatGCTAGATGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

29 PCY04_amplifyReverse_P
29 

Reverse caagcagaagacggcatacgagatCAATTTTCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

30 PCY04_amplifyReverse_P
30 

Reverse caagcagaagacggcatacgagatGTGGGACAG
CCGTTTTCAGTAGTTTAAGGCGCTG 

31 PCY04_amplifyReverse_P
31 

Reverse caagcagaagacggcatacgagatCAGGACGCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

32 PCY04_amplifyReverse_P
32 

Reverse caagcagaagacggcatacgagatCTAGAATAG
CCGTTTTCAGTAGTTTAAGGCGCTG 

33 PCY04_amplifyReverse_P
33 

Reverse caagcagaagacggcatacgagatTGGCTAGAG
CCGTTTTCAGTAGTTTAAGGCGCTG 

34 PCY04_amplifyReverse_P
34 

Reverse caagcagaagacggcatacgagatTCGCGGGCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

35 PCY04_amplifyReverse_P
35 

Reverse caagcagaagacggcatacgagatCTGGGTGCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

36 PCY04_amplifyReverse_P
36 

Reverse caagcagaagacggcatacgagatCTCCGGCTG
CCGTTTTCAGTAGTTTAAGGCGCTG 

37 PCY04_amplifyReverse_P
37 

Reverse caagcagaagacggcatacgagatGATAAGCTG
CCGTTTTCAGTAGTTTAAGGCGCTG 

38 PCY04_amplifyReverse_P
38 

Reverse caagcagaagacggcatacgagatAAACATGGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

39 PCY04_amplifyReverse_P
39 

Reverse caagcagaagacggcatacgagatCCCGTGTAG
CCGTTTTCAGTAGTTTAAGGCGCTG 

40 PCY04_amplifyReverse_P
40 

Reverse caagcagaagacggcatacgagatATCCATTTG
CCGTTTTCAGTAGTTTAAGGCGCTG 

41 pCY04_SeqPrimer_P41_R
ead1 

Read1 CGGCCGCTCTAGAACTAGTGGATCT
CG 
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44 pCY04_Read2 Read2 GTCTAGAAGTTAACTTGAGCTTGAG
CCTATTTTCTACAAATGTCCT 

77 P77_YJM320_SUL1_F Forward tctagaactagtggatctcgAAGTTTCCCCCAC
TTTTC 

78 P78_YJM320_SUL1_R Forward ctgcagcccgggggatctcgTTGTAAAGGGTA
AGCTCATTC 

79 P79_YJM320_SUL1_A Forward accgttcatattttcttgaacgctgtc 
80 P80_YJM320_SUL1_B Forward agacgtcttgtacgattctattccagc 
81 P81_YJM320_SUL1_C Forward ctgctcttatgggatacaactcattgg 
82 P82_YJM320_SUL1_D Forward aacgactataaagtcgtccctgacc 
83 P83_YJM320_SUL1_E Forward gatgctgtgaaatcatctagtgaattaccc 
84 P84_YJM320_SUL1_F Forward gcccaagttgattccaccgc 
85 P85_YJM320_SUL1_G Forward gggaaaagcgaaaataaacttttgtacgc 

100 CY_pCY03_seq_Index_Pri
mer_P100 

Index AGGACATTTGTAGAAAATAGGCTC
AAGC 

120 PCY04_amplifyReverse_P
120 

Reverse caagcagaagacggcatacgagatATCTTGGGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

121 PCY04_amplifyReverse_P
121 

Reverse caagcagaagacggcatacgagatAGGGCATCG
CCGTTTTCAGTAGTTTAAGGCGCTG 

122 PCY04_amplifyReverse_P
122 

Reverse caagcagaagacggcatacgagatCTGGACTTG
CCGTTTTCAGTAGTTTAAGGCGCTG 

123 PCY04_amplifyReverse_P
123 

Reverse caagcagaagacggcatacgagatTCAAGAAGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

124 PCY04_amplifyReverse_P
124 

Reverse caagcagaagacggcatacgagatTGGAGTATG
CCGTTTTCAGTAGTTTAAGGCGCTG 

125 PCY04_amplifyReverse_P
125 

Reverse caagcagaagacggcatacgagatCGTTATGGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

126 PCY04_amplifyReverse_P
126 

Reverse caagcagaagacggcatacgagatAGAACTATG
CCGTTTTCAGTAGTTTAAGGCGCTG 

127 PCY04_amplifyReverse_P
127 

Reverse caagcagaagacggcatacgagatTATGTGAGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

128 PCY04_amplifyReverse_P
128 

Reverse caagcagaagacggcatacgagatAGCGTTTGG
CCGTTTTCAGTAGTTTAAGGCGCTG 

147 YJM450_pIL37_Gibson_F Forward gcggccgctctagaactagtggatctcgcgaTGGAT
ATTTGTAAAGGGTAAGCTCA 

148 YJM450_pIL37_Gibson_R Reverse gaattcctgcagcccgggggatctcgtgcatACTTA
AAGAAAATTTGGCGAAACCT 

149 SUL1_seq_A Forward CGTCTCAAAACCAGGTCAATA 
150 SUL1_seq_B Forward CCTATTATAAAATGGTTTCCTC 
151 SUL1_seq_C Forward TCCGCATTTAACATCATCTG 
152 SUL1_seq_D Forward TGAGGTGGGAGTTATGAAAAT 
153 SUL1_seq_E Forward CCACCTGGACCTTCTGGAAG 
154 SUL1_seq_F Forward AGTCTATCGTTTGGGTGATAG 
155 SUL1_seq_G Forward TCTCCATGGATCAAAAGAAGT 
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Supplementary Table 2. Plasmids and strains used in SUL1 allele study 

 
Strain Alt ID Collection Genotype Mating 

type 
Species Notes 

DBY7
284 

FY3 DBY ura3-52 
Gal+ 

MATa S. 
cerevisiae 

 

YMD
1214 

BDY12
7a 

YMD ho∆::GFP-
KANMX 

MATa S. 
cerevisiae 

 

DBY1
1069 

FY4 DBY prototroph MATa S. 
cerevisiae 

 

YMD
4321 

ILY53 YMD ura3-52 
sul1∆::UR
A3-
KANMX 

MATa S. 
cerevisiae 

 

YMD
4322 

ILY56 YMD ura3-52 
sul2∆::UR
A3-
KANMX 

MATa S. 
cerevisiae 

 

YMD
4323 

ILY67 YMD ura3-52 
sul1∆::UR
A3-KanMX 
sul2∆::UR
A3-KanMX 

MATa S. 
cerevisiae 

 

YMD
2307 

pIL37 YMD 
  

E. coli pRS316 vector with an 
NruI site inserted in the 
BamHI site. Used for 
cloning in SUL1. 
Plasmid map here: 
https://benchling.com/s/
seq-
GlLbFAfgfnaU9P8UMe
P3 

YMD
2890 

pMS10 YMD 
  

E. coli pIL37 with S. paradoxus 
(CBS432) SUL1 cloned 
in NruI site 

YMD
4324 

YCY69 YMD ura3-52 
Gal+ 

MATa S. 
cerevisiae 

DBY7284 with AAV 
SUL1 inserted in pIL37 
NruI site 

YMD
4325 

YCY10
4 

YMD ura3-52 
Gal+ 

MATa S. 
cerevisiae 

DBY7284 SACE_YCC 
SUL1 inserted in pIL37 
NruI site 

YMD
4326 

YCY10
5 

YMD ura3-52 
Gal+ 

MATa S. 
cerevisiae 

DBY7284 with AQM 
SUL1 inserted in pIL37 
NruI site 
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YMD
4327 

YCY11
0 

YMD ura3-52 
Gal+ 

MATa S. 
cerevisiae 

DBY7284 with BGM 
SUL1 inserted in pIL37 
NruI site 

AAV YMD1
405, 
YJM32
0 

YMD, 
1,011 

  
S. 
cerevisiae 

Competed SUL1 allele 
found to be introgressed 
from S. paradoxus 
(CBS432) vs YMD1214 

SACE
_YCC 

YJM13
55 

1,011 
  

S. 
cerevisiae 

Competed SUL1 allele 
found to be introgressed 
from S. paradoxus 
(CBS432)  vs 
YMD1214 

AKN YPS12
8, 
YMD1
749 

YMD, 
1,011 

  
S. 
cerevisiae 

Competed SUL1 allele 
vs YMD1214 
(previously done) 

AQM CBS42
0 

1,011 
  

S. 
cerevisiae 

Competed SUL1 allele 
vs YMD1214 
(previously done) 

BGM CLIB5
60 

1,011 
  

S. 
cerevisiae 

Competed SUL1 allele 
vs YMD1214 

BII DBVP
G1106, 
YMD1
750 
(previo
usly 
done) 

YMD, 
1,011 

  
S. 
cerevisiae 

Competed SUL1 allele 
vs YMD1214 

ADA Y55_1b
, 
YMD1
736 

YMD, 
1,011 

  
S. 
cerevisiae 

Competed SUL1 allele 
vs YMD1214 
(previously done) 

AGK CBS23
61 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

ACN YJM26
9 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

ABM CBS30
93 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

BLP DBVP
G1661 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

AQR CBS11
90 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

BML NCYC
2780 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

BEK CLIB6
51 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 
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CBB 1-9 1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

CLH NCYC
2743 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

ATV CECT1
462 

1,011 
  

S. 
cerevisiae 

Tested growth in liquid 
sulfate-limited media 

BGR CLIB5
64 

1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 

BDQ CEY61
6 

1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 

BBP 1663 1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 

BMQ 2720 1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 

BSR L-958 1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 

AKT CLQC
A_10-
003 

1,011 
  

S. 
cerevisiae 

Sanger sequenced SUL1 
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Supplementary Table 3. Allele metadata for SUL1 

Due to its size, this table was split into two parts. Use the Allele ID column for this section and 

the second table to pair strains with associated alleles and fitness values. One strain can be 

matched with multiple alleles since some strains in the 1,011 S. cerevisiae collection are 

polyploid and are heterozygous for SUL1. The full table can be found at 

https://github.com/cindyyeh/SUL1_natural_variants/blob/main/Supplementary%20Tables.xlsx  

Table 3, part 1 
Allele ID Strains from 1,011 S. cerevisiae collection matched to allele 

1 BKD,BNP 
2 CFT,BSK,ABD,ATC,AGT,YDN 
3 AGL,BPT,BQM,BQS,BQE,BQR,BLT,BPF,AGF,AQQ,ASG,BLG,BLI,ALL,AVH,AH

R,YAD,AGH,BFQ,CIA,BFR,CIB,CBG,ACF,YCD,ARC,BER,ARK,GAP,BHC,BHF,B
LB,BPP,CRH,AHT,ATN,YBO,BNK,BNR,BEQ,AIK,CAH,CBA,CAI,CAK,CAL,BSL,
YBX,BSC,CFQ,CFR,YCQ,BNF,BQI,AGA,AGS,BLH,CRG,AIL,AMS,BQB,AMR,AB
T,BRA,BRF,BSM,BSN,CPE,BPV,CRC,BHN,BBB,BAV,CAE,CAF,CRL,BBA,ACR,B
IH,BKC,BLS,CBH,CRB,CHD,BIF,BKG,BKF,BLL,CKI,CKL,CKH,CKD,CKE,CIS,B
MN,CIT,CKP,CKQ,CKB,CKC,CIQ,CIM,CIN,CIR,CKF,CKG,CKM,CIP,BCA,AMT,C
IV,CKT,ABS,BLV,BQG,CRD,BVM,CQV,CRK,BLF,CEA,CEB,BLD,BNH,BLC,CEE,
ANQ,AVK,BIR,BNG,AIM,CFB,CHF,AHP,AEK,AQP,CAB,CAP,BPR,CAM,CAQ,CB
B,CBE,CAS,CAR,CAT,CBC,CAV,CBD,AIC,YAF,BSR,BSS,BTR,BTP,ASR,YDJ,AQ
A,AHL,BRK,YBR,AGN,BHD,BHM,BHL,BHK,BTV,BVA,CNK,CNP,CNH,BPI,BPN,
YDB,AQH,YCF,BHG,ATS,BBP,BMG,ADP,AMK,AMI,AMG,AMQ,APK,APN,CIE,
ATR,APM,API,ASL,BTF,ASP,BCR,BCS,BCT,ALV,CFP,BBF,AAP,ALN,ALP,BBD,
APL,CFI,CFN,CHK,ADM,CHG,CHR,BML,BTE,BMM,CBF,CKK,CKS,CLA,YBW,B
DQ,YAX,YCG,CBR,CFG,CFH,CNC,BMQ,ACN,CBK,CBL,CBM,ACA,ACB,ADT,G
AV,CQC,CQD,CQG,CQH,CQL,ANN,CQM,CQE,CQK,CQF,CQN,CQP,AKS,ALG,Y
AP,YAQ,ABK,ABA,YAV,AAS,CEN,AAG,AHA,CHQ,CIH 

6 ASD,ASE,BQA,BFB,ALS,BBH,BPQ,BEP,BTI 
7 YCT,BHH,BHI,MAB,CKA,CHS,CHT 
9 AAD,AQN,CLM,CMN 

10 CEP,CGN,CGP,ACM,AKL,ABB,ACK,ADH 
11 CLC,CLB,CLD 
12 BTT,BVH,CNN,CNF,CNB,BVG,CNE,CNL,BVD,BVF,CNS,CNT 
13 BDK 
14 CHH,ADL,BDL,BFM,BFE,BFG,BTD,ADM,AKT,CHR,BTE,BMM,CBF,CKK,CLA,C

BR,CFG,CFH 
15 BNT 
16 ASS,BSD,CQT 
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17 BQC,ARL 
18 BFP 
20 AFN 
22 APC,APD,AVC,CMD,CLP,CMC,APF,APE,AVD,AVM,CLT,CLS,CME,CLL,CLR,C

ML,CMM,CMB,AVL,CLV,CLK,CQQ,CQR 
24 ANP,ATS,BBP,CDR,BMG,CHL,AMK,AML,AMI,AMG,AMQ,APK,APN,CIE,AEM,

AQI,ATR,APM,API,ASL,BTF,BCR,BCS,BCT,AGK,AGE,BTC,ALV,CFP,BBF,AAP,
ALN,ALP,BBD,AAN,APL,AEV,CFI,CFN,CHK,CHG,CHR,BML,BTE,BMM,CBF,C
KK,CKS,CLA 

26 BIT 
27 BLG,BLI,AHN,BSG,YCA 
28 ANP,ATS,BBP,BMG,ADP,AMK,AMI,AMG,AMQ,APK,APN,CIE,ATR,APM,API,A

SL,BTF,ASP,BCR,BCS,BCT,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CH
K,CHG,CHR,BML,BTE,BMM,CBF,CKK,CKS,CLA 

29 BMA,AKM,BMB,BMC,MAL 
30 AAM,AFE,ATR,ABV,ALV,BBC,AMN,CFP,BBF,AAP,ALN,ALP,BBD,BBE,CHI,AP

L,CFI,CFN,CHK,CHH,BFE,BFG,BTD,AEE,ARA 
31 AQD,ATQ,AID,AIE,YAE,YDM 
32 CAK,CAL,BSR,BSS,BTP 
33 BNE,BLA,BKT,BIA,BKL,BIB,BKK,BLQ,YBY,ARQ,AAA,CFS,ATM,BAR,BAS,BA

T,BRD,BPC,CPA 
37 AQB,BRH 
38 CGB,YAW,CMP,CCH,ACC,CCC,CCD,CCE,CCF,CCG,CCI,CMQ,GAT,YCX,BBR 
41 BPK,YDF,YDO,CHC,BKS,BLP,BLN,CHF 
42 BKI,ABR,ABQ,BNV,BFK,BID,ACP,ALT,BBK,BFB,ATH,YAA,BSP,BQP,AAL,AH

V,AFT 
43 AQG 
44 ABE,YAM 
45 ATS,BBP,BMG,ASP,ADL,BDL,BFM,BFE,BFG,BTD,AKT,CHG,BML,BTE,BMM,C

BF,CKK,CKS,CLA,ARB 
47 ABP,BIR,BHL,BHK,BTV,BVA,CNK,CNP,CNH,CNC 
49 AAL 
51 YAY,ADI,YBA,YAZ,BMI,YBE,BMK,YBF,BMH,ADD,YBB,YBG,YBH 
52 AIM,AIP,CAN,CAB,CAP,AHK,BVT,CAA,CAC,BVV,CAD,CAM,CAQ,ART 
53 YBM,ABC,YDL 
56 BCG,BCB,BCM,BCF,BCL,BCD,BDP,BCC,BEC,BED,BCE,BCQ,BDV,BDR,BMV,B

NA,BCN,BEA,BEE 
57 AIN,BLR,BNL,BPG,BPH,BQT,AIQ,BKH 
58 BHV 
59 AEI,AFG,YBU,CKR,AFH,AGG,CEV,CGI 
60 BFD,BQN,CBI,CCM,BBQ,BBS 
61 AHE 
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62 ABL,YCB 
63 ATS,BBP,BMG,ATR,ASP,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CHK,

CHH,ADL,BDL,BFM,BFE,BFG,BTD,ADM,AKT,CHG,CHR,BML,BTE,BMM,CBF,
CKK,CKS,CLA,AGB,ATV,AAC,CBR,CFG,CFH,AEC,AQT 

65 BTV,BVA,CNK,CNP,CNH,BDQ,CNC 
66 BLG,BLI,CAI,CAK,CAL,CHA,BSR,BSS,BTP 
67 YCI,CMH,ARM,CLI,CMK 
68 CHN,CHP 
69 AFL,AEN,ASC 
70 ATS,BBP,BMG,ADP,AMK,AMI,AMG,AMQ,APK,APN,CIE,ASP,CHG,BML,BTE,B

MM,CBF,CKK,CKS,CLA,CQG 
71 ACT,ACV,AKP,AKV,ALE,BHB 
72 BKQ,BQB 
73 AVI,ACD,ANF,ANH,ANC,ANE,ANG,AND,ANK,ANI,AKN,YBS,YCU 
74 BFB,BRC,ACS 
76 AFC 
77 BCV,BDB,BDD,BDA,BDE,BDH,BDI 
78 APT,AKI,ADA,ATE 
79 BBV,BVK,CFE 
83 AFM,APA,ANT,ANR,ANV,ADN,CMF 
84 CBN,AFB,AFP,BTA 
85 AEF,CMH,ARM,CLQ,CGP 
86 BEV,BET,BST,ADS 
88 AKQ,YBZ,BFA,BFL,AMB,AMC 
90 BIR,BHL,BHK,CHV,AEG,AGM,CNQ,AFD,BTV,BVA,CMT,CNG,CNK,APG,CNM,

CNP,CNR,BVB,CNI,CNH,BVE,CNV,YCE,ADK 
94 CHN,CHP 
95 YBK,YBL,ATD,CDQ,CMS,ADG,CDP,YDI 
96 AQT 
97 AVB,CPG 
99 AIM,CHF,AAK,AHP,AQP,CAB,CAP,BPR,BVT,CAA,CAC,BVV,CAD,CAM,CAQ,C

BB,CBE,ART 
101 AVP,AVR,AVS,AVT 
102 CPC 
103 ALL,ALM 
104 CGI,ALB,AKR,ALC,ALH,ALA,ALK,CGQ,BRG,CGK,CHM 
105 AQC 
106 CAH,CBA 
108 BSE,BTG 
109 BHE,ARE,CHN,CHP 
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110 YBN,APV,CFV,YDC 
111 AHQ 
113 ABM,AHM,AQA,CGD,CGE 
114 AHG 
119 ACI 
120 BFC,BQM,BLT,BPF,AII,AQQ,BQB,CIH 
122 BQM,BLT,BPF,AAI,ARV,BSA,ADR,BQB,BIL,BKS,BLP,BLN 
124 ADQ 
125 AGV,BKE,BIP,BIQ 
126 BDT,BNB,BCH,BNC,BEB,BND 
127 AMA,BRB,BFN,BGR,CPC 
128 BIR,BHL,BHK,BTV,BVA,CNK,CNP,CNH 
129 AQH,ATS,BBP,BMG,ASP,CQG,CHQ 
130 ABF,YAL,BBT 
131 BKP,CRA,BIR,BHL,BHK,ACG,ACH,BTV,BVA,CNK,CNP,CNH,YBV 
132 CES,CER,CET 
134 BIE,BPA 
136 AQH,ATS,BBP,BMG,ASP,CQG,CHQ 
137 BNN,BKS,BLP,BLN 
138 BKM,CRI,CHF 
142 BEK,BEM 
144 ARI 
146 BQM,AIF,AQR,BPF,BTH,BTL,BIG 
148 BQQ 
152 BGB,ARR,BFV,BGA,BGT,BGV,BGN,CKV 
153 AEH,AHC,AHB,YBQ 
154 APS 
155 CID,YCS 
156 BKR,CEC 
157 ALR 
159 BQM,BPF 
160 BRP,BSI,CGC 
161 CBR,CFG 
163 CGI,BHP,BHQ,BHR,BHS 
164 AQM 
166 BEK,BEM 
167 AGB,ATV 
168 BGD,BGF,BGG,BGC,BGQ 
169 BVC 
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171 BSB,ADC,YCP 
174 BGP,ASN,BGK,BGS 
175 CPD 
178 CHQ 
180 BRP,BSI,AEB,ASH,BBG,BRQ,CGC 
181 YAB,AAR,AEA,BRM,AEQ,YAG,AGC 
184 CHN,CHP 
185 CPF 
189 BRL 
190 CDS 
191 AQS 
192 BII,BIS,BKS,BLP,BLN 
193 YAU,YBT 
194 BME 
195 AFF 
197 ACQ,CCN,YCR 
198 CII,CIF 
199 ARH 
201 CGI 
202 BKN,BNQ 
208 BDQ 
209 AFK 
210 ATR,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CHK 
211 CGR 
212 BTB 
215 BQM,BQE,BLT,BPF,BLG,BLI,BER,CAI,CAK,CAL,BQB,BKS,BLP,BLN,CHF,BSR,

BSS,BTP 
217 ATA 
218 CGV 
219 AFV,ART 
220 BDC,BDF,BDG 
221 YCN 
224 BLK,AHI 
225 ATR,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CHK 
226 BEI,BEN,BHA 
227 CGP,CGG 
228 BLE 
233 BTT 
234 ADB 
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236 BAB,AVV,BAA,BAD,BAC,BAE 
238 BNI 
239 AQH 
241 ALQ 
242 BTN 
243 AQP,CAB,CAP,AES,AFI,CBB,CBE 
246 BIR,BHL,BHK,BTV,BVA,CNK,CNP,CNH 
247 AFR,AFQ 
249 BCK 
250 CCT 
251 BCM,BCF,BCI 
257 BFT,BGE 
259 BEF 
260 CMI 
268 CED,BKS,BLP,BLN,CDV 
269 AGI,BQB 
271 CAK,CAL,BSR,BSS,BTP 
272 BLG,BLI,BQH,CAI,CAK,CAL,BSR,BSS,BTP 
274 ATS,BBP,BMG,AMK,AMI,AMG,AMQ,APK,APN,CIE,ATR,APM,API,ASL,BTF,BC

R,BCS,BCT,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CHK,CHG,CHR,B
ML,BTE,BMM,CBF,CKK,CKS,CLA 

276 AIA,AAE,AIB 
278 CCV 
281 AKG,AKE 
282 BPM 
286 BCP,BDS,BMR 
287 CHE 
290 AHD 
291 CPC 
295 ANS 
297 BIK,CLH,BII 
298 ARP 
304 AAB 
305 CDB 
307 BGR 
309 BBM 
310 CHN,CHP 
312 CGT,CGS,CHD 
320 BLM 
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321 CEF 
324 BTT,APH 
325 CAK,CAL,BSR,BSS,BTP 
327 AAT 
328 GAL,APQ,APR,ATP,YBP,YCV 
330 BRP,BSI,CGC 
331 BTV,BVA,CNK,CNP,CNH,BDQ 
332 AGR 
333 ASV,CLG 
334 AIR,AIT 
342 ADF,AKB,AKC,AKH 
345 CLN 
346 ABI,YAT 
348 CIC 
349 APP 
350 BDQ,AGP,YDH 
351 CEK 
353 BFH 
359 CHB 
363 AST 
365 BKS,BLP,BLN 
367 YCM,YDE 
370 BPI,BPN 
373 YAC 
374 BTT,BVH,CNN,CNF,CNB,BVG,CNE,CNL,BVF,CNS,CNT 
382 CFD,CFM 
383 AIG,YDD,ALR,CHN,CHP 
384 MAA,YCZ 
389 ATS,BBP,BMG,AMK,AMI,AMG,AMQ,APK,APN,CIE,ATR,APM,API,ASL,BTF,BC

R,BCS,BCT,ALV,CFP,BBF,AAP,ALN,ALP,BBD,APL,CFI,CFN,CHK,CHG,CHR,B
ML,BTE,BMM,CBF,CKK,CKS,CLA 

390 CHQ 
393 AEC 
400 AAQ,ASB,AAH 
402 BRE 
403 CDL 
405 CGL,BEH 
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Table 3, part 2 
Allele 
ID 

Amino acid 
mutations 

Median 
fitness 

Standard 
deviation 

Allele type Promoter 
mutations 

1 T7I,A99V,P323
S,N588K,K856E 

0.00260588 0.00051268 Nonsynonymous ins-125A,ins-125A 

2 V20I,I716V 0.00668779 0.01073587 Nonsynonymous G-733C,ins-642T,A-
121T,A-95G,G-
52A,T-40A,ins-
32T,T-28A 

3 NA 0.0040422 0.06971981 Synonymous NA 
6 NA 0.00246911 0.1259488 Synonymous NA 
7 V20I,T221I,I716

V 
-0.0300245 0.01760643 Nonsynonymous G-733C,ins-642T,A-

609G,C-511G,A-
408G,C-371T,A-
121T,A-95G,G-
52A,T-40A,ins-
32T,T-28A 

9 Y651*,I716V NA NA Nonsense C-793A,C-736T,ins-
642T,G-456A,A-
72G 

10 A454P,D483N,I
716V 

-0.2110058 0.01702836 Nonsynonymous C-793A,C-736T,ins-
642T,G-456A,A-
72G 

11 NA 0.00390098 0.00583692 Synonymous NA 
12 NA 0.00378297 0.09868416 Synonymous C-512T,ins-494A,A-

482G,T-391C,G-
381C,A-243G,T-
170C 

13 A99V,N588K,K
856E 

0.00401867 0.01174142 Nonsynonymous ins-125A,ins-125A 

14 Q184*,V749A -0.1754401 0.04050917 Nonsense NA 
15 N588K,V598L 0.00369886 3.96E-05 Nonsynonymous NA 
16 NA 0.00476619 0.00763915 Synonymous NA 
17 NA 0.00380343 0.00702995 Synonymous G-709C 
18 NA 0.00847534 0 Synonymous NA 
20 R671*,I716V -0.2275183 0.02937796 Nonsense C-793A,C-736T,ins-

642T,A-451G,T-
230C,G-189A 

22 I716V -0.0116793 0.0498073 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,A-72G 

24 NA 0.00224413 0.04511842 Synonymous A-571G,A-218G,G-
51A 
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26 E45K,A190V,W
306*,N588K 

-0.1745094 0.0240452 Nonsense ins-642T,T-120A 

27 NA 0.0050192 0.00742821 Synonymous NA 
28 NA 0.00445578 0.01085219 Synonymous A-218G,G-51A 
29 F612Y,I716V 0.00729921 0.21100804 Nonsynonymous ins-642T,C-

556T,del-209A,del-
208A,del-207A,del-
206A,del-205G,del-
204A,del-203A,del-
202T,A-121T,C-
97T,G-52A,ins-
32T,T-28A 

30 Q184* -0.1727313 0.04107916 Nonsense NA 
31 NA 0.00381926 0.05098052 Synonymous G-701A 
32 N588K,K856E 0.00445204 0.00921734 Nonsynonymous NA 
33 A99V,N588K 0.00329738 0.01667405 Nonsynonymous ins-125A,ins-125A 
37 NA -0.0069505 0.0278462 Synonymous C-352T,C-255T 
38 N595S,I716V -0.0034444 0.08202838 Nonsynonymous C-793A,C-785T,C-

736T,ins-642T,C-
593A,A-121T,A-
95G 

41 N588K 0.00066352 0.00988962 Nonsynonymous G-64A 
42 NA 0.00320577 0.02640487 Synonymous NA 
43 R29K,V533I 0.00221477 0.00612072 Nonsynonymous ins-642T 
44 S374* -0.2150144 0 Nonsense NA 
45 Q184* -0.1709992 0.04440701 Nonsense NA 
47 NA -0.002565 0.00972076 Synonymous NA 
49 NA 0.0119962 0.00496793 Synonymous A-571G,A-218G,G-

51A 
51 NA 0.0033728 0.01953584 Synonymous NA 
52 NA 0.00585929 0.00435239 Synonymous A-527G,A-85C 
53 E14D,V346I,I71

6V 
0.00070826 0.00695283 Nonsynonymous T-390A,A-121T,G-

52A,T-40C,A-
32T,T-28A 

56 E45K -0.0077705 0.00784661 Nonsynonymous ins-723T,C-654T,A-
370G,A-331G,T-
41A 

57 A99V,N588K,V
598L 

-0.000469 0.13698275 Nonsynonymous ins-125A,ins-125A 

58 N588K,V598L -0.0014028 0.01143826 Nonsynonymous NA 
59 H41R,I716V -0.0113396 0.00544813 Nonsynonymous C-793A,C-736T,ins-

642T,A-451G,T-
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230C,G-189A,A-
72G 

60 NA 0.00223935 0.03800177 Synonymous C-670A 
61 NA 0.00136885 0.00636551 Synonymous NA 
62 I716V 0.00396585 0.0067267 Nonsynonymous C-650T,ins-642T,A-

539G,A-532G,T-
469C,C-338T,A-
121T,A-95G,G-
52A,ins-32T,T-28A 

63 Q184* -0.1913311 0.04904495 Nonsense NA 
65 NA 0.00202632 0.00174099 Synonymous NA 
66 A99V 0.0089908 0.00196686 Nonsynonymous NA 
67 R671*,I716V -0.2338855 0.01184721 Nonsense C-793A,C-736T,ins-

642T,A-451G,T-
230C,G-189A 

68 NA NA NA Synonymous C-793A,C-736T,ins-
642T 

69 S367R 0.01660449 0.00741045 Nonsynonymous NA 
70 NA 0.0025552 0.00672036 Synonymous NA 
71 A99V,G380R,N

588K,K856E 
0.00538443 0.11865665 Nonsynonymous ins-125A,ins-125A 

72 N588K -4.32E-05 0 Nonsynonymous NA 
73 I716V 0.00155558 0.00996298 Nonsynonymous G-733C,ins-

637A,G-52A,G-19A 
74 A99V 0.00500974 0.00786516 Nonsynonymous NA 
76 NA 0.00803079 0.00719111 Synonymous NA 
77 A99V,N588K 0.00082677 0.00285151 Nonsynonymous T-641A,ins-

125A,ins-125A 
78 NA 0.00756172 0.01324578 Synonymous ins-125A,ins-125A 
79 T7I,A99V,K856

E 
0.00927301 0.00424664 Nonsynonymous ins-125A,ins-125A 

83 I716V,R761G -0.0481548 0.005039 Nonsynonymous C-793A,C-736T,ins-
642T,G-456A,A-
72G 

84 R29K 0.00254674 0.01144027 Nonsynonymous ins-642T 
85 I716V -0.0311353 0.00471679 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,A-
72G 

86 A99V 0.00564602 0.01746402 Nonsynonymous ins-125A,ins-125A 
88 V20I,I716V 0.00489155 0.00378931 Nonsynonymous G-733C,ins-642T,A-

121T,A-95G,G-
52A,T-40A,ins-
32T,T-28A 
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90 NA -0.0056512 0.00985183 Synonymous C-352T,C-255T 
94 NA 0.01285654 0 Synonymous ins-642T 
95 E14Q,I716V -0.0003572 0.17220489 Nonsynonymous C-759T,ins-642T,A-

72G 
96 Q184* -0.1094067 0 Nonsense NA 
97 V496I 0.00290339 0.00593124 Nonsynonymous C-383T,T-91C 
99 NA 0.0033844 0.00402804 Synonymous A-527G 

101 I312V,V325A,P
591L 

0.01157028 0.00215187 Nonsynonymous T-426C,ins-228A,A-
107G 

102 NA -0.0005955 0.00034368 Synonymous NA 
103 NA 0.00062527 0.02893702 Synonymous T-230C 
104 H41R,I716V -0.0377311 0.00626955 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,T-
230C,G-189A,A-
72G 

105 NA 0.01054989 0.00770442 Synonymous T-133C 
106 NA NA NA Synonymous NA 
108 NA 0.00693599 0.00521281 Synonymous T-74C 
109 NA 0.00622269 0.012805 Synonymous ins-642T 
110 NA 0.00087836 0.00457137 Synonymous NA 
111 H41R,A127T,I7

16V 
-0.069237 0.02700295 Nonsynonymous C-793A,C-736T,C-

683T,ins-642T,G-
456A,T-230C,G-
189A,A-72G 

113 NA 0.00548194 0.00586441 Synonymous NA 
114 S739F -0.0135567 0.0009969 Nonsynonymous NA 
119 H41R,K516N,I7

16V 
-0.0336921 0.00244471 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,T-
230C,G-189A,A-
72G 

120 NA 0.00413953 0.00653931 Synonymous NA 
122 N588K 0.00306534 0.01651155 Nonsynonymous NA 
124 I716V -0.0328567 0.00665592 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,G-
419A,A-72G 

125 A99V,N588K 0.00560279 0.00569371 Nonsynonymous ins-125A,ins-125A 
126 NA 0.0100521 0.00193563 Synonymous C-512T,ins-494A,A-

482G,T-391C,G-
381C,A-243G,T-
170C 

127 NA 0.00529189 0.00653596 Synonymous NA 
128 NA -0.0088571 0.00337017 Synonymous C-352T 



 

 

150 

129 NA 0.00909043 0.0065556 Synonymous NA 
130 N47K,W48L,K4

9E,V50G,N51* 
-0.1816265 0 Nonsense C-648T,ins-642T,T-

230C,G-189A 
131 NA -0.0087293 0.05453093 Synonymous C-352T,C-255T 
132 S367R,N711S,Y

830F 
0.01569839 0.07900653 Nonsynonymous C-736T,ins-642T,A-

571G 
134 H41R,M244I,P4

24S,I716V 
-0.0442812 0 Nonsynonymous C-793A,C-736T,ins-

642T,A-451G,del-
359A,T-230C,G-
189A,A-72G 

136 NA 0.01114801 0.00494171 Synonymous NA 
137 N588K 0.00577349 0.1679314 Nonsynonymous G-64A 
138 NA 0.00549552 0.0049324 Synonymous G-64A 
142 N42S,S367R,P5

91L,S827G,F846
L 

0.00424189 0 Nonsynonymous A-807G,G-258A 

144 S712N,I716V 0.00274794 0.00405283 Nonsynonymous A-699G,ins-642T,C-
329T,A-121T,T-
103C,A-100T,G-
52A,ins-32T,T-28A 

146 I256L,N588K -0.0022006 0.00682726 Nonsynonymous NA 
148 NA 0.01347668 0.00990649 Synonymous C-821T 
152 Y155*,G242C,K

412E,S782C 
-0.1650256 0.03684735 Nonsense G-733C,ins-642T 

153 NA 0.00185683 0.0104543 Synonymous C-512T,ins-494A,A-
482G,T-391C,G-
381C,A-243G,T-
170C 

154 A99V 0.00841408 0.00849012 Nonsynonymous NA 
155 E14D,V346I,I71

6V 
0.01011974 0.00235178 Nonsynonymous A-777G,G-

662C,ins-642T,T-
390A,A-121T,G-
52A,T-40C,A-
32T,T-28A 

156 NA 0.00641719 0.21477225 Synonymous A-216G 
157 R29K 0.00022905 0.00262626 Nonsynonymous ins-642T 
159 I256L,N588K -0.0136778 0 Nonsynonymous NA 
160 T676I 0.00166653 0.00543886 Nonsynonymous ins-642T,A-82G 
161 Q184*,V749A -0.1657337 0.00576903 Nonsense NA 
163 H41R,M244I,I71

6V 
-0.0448887 0.0299149 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,A-
72G 

164 L125* -0.1408701 0.05195171 Nonsense A-619G,G-251T 
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166 L68R,S367R,I43
7L,P591L,S827
G,F846L 

0.01353867 0 Nonsynonymous A-47G 

167 Q184*,K187E,E
427Q 

-0.1753071 0.02795187 Nonsense NA 

168 G128E,Y155* -0.1719376 0.03022883 Nonsense G-811A,ins-
723T,ins-642T 

169 NA -0.0125837 0.00466284 Synonymous C-352T,C-255T 
171 S586P 0.00337818 0.00304191 Nonsynonymous NA 
174 T7I,G128E,Y15

5*,G242C,D797
N 

-0.1856799 0.06318132 Nonsense G-733C,ins-642T 

175 I716V,V809I 0.00215588 0 Nonsynonymous G-733C,ins-642T,T-
230C,G-189A 

178 NA 0.00187864 0 Synonymous C-793A,C-736T 
180 Q184* -0.1988257 0.03800455 Nonsense ins-642T,A-463G,A-

82G 
181 R29K,P694L,I71

6V 
-0.0014903 0.00502028 Nonsynonymous ins-642T 

184 NA -0.0345731 0.00679012 Synonymous C-793A,C-736T,ins-
642T,G-456A 

185 NA NA NA Synonymous NA 
189 NA 0.00806218 0.00148593 Synonymous NA 
190 H282Q,L283S,P

284* 
-0.1716636 0.06731263 Nonsense NA 

191 A454P,D483N,I
716V 

-0.2196272 0.04661055 Nonsynonymous C-793A,C-736T,ins-
642T,G-456A,A-
72G 

192 N588K,V598L 0.00089936 0.02535026 Nonsynonymous NA 
193 H41R,I716V -0.0082844 0.00270806 Nonsynonymous C-793A,C-736T,ins-

642T,A-451G,T-
230C,G-189A,A-
72G 

194 Y155*,G242C,K
281I,A758S 

-0.1924096 0 Nonsense G-811A,G-733C,G-
658A,A-619G,C-
116T 

195 Q184*,I716V,D
815G 

-0.1920711 0.02342695 Nonsense NA 

197 I716V 0.00638286 0.00866287 Nonsynonymous del-723T,ins-
642T,G-52A,ins-
32T,T-28A 

198 N47K,W48L,K4
9E,V50G,N51* 

-0.1598178 0.02261423 Nonsense C-648T,ins-642T,T-
230C,G-189A 

199 S827I -0.0174063 0.00400494 Nonsynonymous C-670G,ins-642T,G-
589A,C-567A,C-
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319G,G-162A,C-
153T,A-140G,A-
121T,G-96A 

201 I716V -0.0119713 0.00341702 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,A-72G 

202 V343I,G803A -0.0007192 0.00640144 Nonsynonymous C-352T,C-255T 
208 NA 0.00285336 0.00623146 Synonymous NA 
209 K516N,I716V -0.0015078 0.00562345 Nonsynonymous ins-642T,T-592C,A-

543G,C-492G,A-
167G,A-121T,A-
95G 

210 NA 0.00139633 0.00291057 Synonymous NA 
211 H41R,A454P,D4

83N,I716V 
-0.2355735 0.01125774 Nonsynonymous C-793A,C-736T,ins-

642T,C-412T,T-
230C,G-189A,A-
72G 

212 W120*,E270Q,P
694L,I716V 

-0.1537223 0.01362576 Nonsense C-793A,C-736T,ins-
642T,A-451G,T-
230C,G-189A 

215 N588K -0.0020989 0.00557056 Nonsynonymous NA 
217 L40F 0.00631758 0.00549977 Nonsynonymous NA 
218 A99V,P296L,N5

88K 
NA NA Nonsynonymous ins-125A,ins-125A 

219 N238H 0.00159339 5.03E-05 Nonsynonymous A-527G,A-85C 
220 N595S,I716V 0.00524321 0.00164693 Nonsynonymous G-733C,ins-642T,A-

121T,A-95G,G-
52A,ins-32T,T-28A 

221 H41R,I716V -0.0272671 0.01592473 Nonsynonymous C-793A,C-736T,ins-
642T,C-412T,T-
230C,G-189A,A-
72G 

224 T7I,A99V,N588
K,K856E 

0.00841317 0.0032877 Nonsynonymous ins-125A,ins-125A 

225 A99V,P296L,N5
88K 

NA NA Nonsynonymous ins-125A,ins-125A 

226 S367R,P591L,R
705C,Y830F,I85
1T 

-0.006818 0.00471906 Nonsynonymous T-426C,ins-228A,A-
47G 

227 V325I,I716V -0.0073903 0.00474914 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,G-189A 

228 A99V,I437V,L7
31V 

-0.0022476 0 Nonsynonymous ins-125A,ins-125A 
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233 NA 0.00485861 0.00381621 Synonymous C-512T,ins-494A,A-
482G,T-391C,G-
381C,A-243G,T-
170C 

234 R29K,I716V 0.00513469 0.00096979 Nonsynonymous ins-642T 
236 A123D,K516N,I

716V 
-0.0020995 0.00549764 Nonsynonymous ins-642T,T-592C,A-

543G,C-492G,A-
121T,A-95G 

238 N588K -0.0013084 0.0139719 Nonsynonymous G-709C 
239 NA -0.0120355 0.01266316 Synonymous NA 
241 A99V,L388V,N

588K 
-0.0084083 0.00281812 Nonsynonymous ins-125A,ins-125A 

242 NA -0.0069621 0.20556877 Synonymous T-262C 
243 T669K -0.2458508 0 Nonsynonymous NA 
246 NA 0.00968582 0 Synonymous C-255T 
247 I826M 0.00814294 0.00025581 Nonsynonymous C-512T,G-483A,A-

482G,G-381C,A-
243G 

249 A810V -0.0010431 0 Nonsynonymous C-512T,ins-494A,A-
482G,T-391C,G-
381C,A-243G,T-
170C 

250 I716V,A839V 0.00117139 0.00963949 Nonsynonymous ins-642T,T-592C,A-
543G,C-492G,A-
121T,A-95G 

251 E45K 0.00402381 0.0046702 Nonsynonymous ins-723T,C-654T,A-
370G,A-331G,T-
41A 

257 Y155*,G242C,R
364C,K412E,S7
82C 

-0.1940504 0 Nonsense G-733C,ins-642T 

259 H41R,I716V -0.0077734 0.00687615 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,G-189A,A-
72G 

260 A99V,P296L,N5
88K 

NA NA Nonsynonymous ins-125A,ins-125A 

268 N588K,V598L,F
738L,I775M 

-0.0019513 0.00628316 Nonsynonymous G-64A 

269 N588K,I675T 0.00423699 0.00203207 Nonsynonymous NA 
271 A99V,P296L,N5

88K 
NA NA Nonsynonymous ins-125A,ins-125A 

272 A99V,P296L,N5
88K 

NA NA Nonsynonymous ins-125A,ins-125A 
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274 NA 0.00445163 0.00311307 Synonymous A-571G 
276 I384T -0.0180566 0.00345725 Nonsynonymous NA 
278 I716V 0.00302495 0.00698085 Nonsynonymous ins-642T,T-592C,A-

543G,C-492G,A-
121T,A-95G 

281 V20I,V527I,P60
8L,F701I,I716V 

0.00574547 0.00099715 Nonsynonymous G-733C,ins-
637A,A-121T,A-
95G,G-52A,A-
39G,ins-32T,T-28A 

282 NA 0.00165479 0.00247244 Synonymous NA 
286 A810V -0.0012986 0.00155016 Nonsynonymous C-512T,ins-494A,A-

482G,T-391C,G-
381C,A-243G 

287 A99V,N588K -0.0395358 0 Nonsynonymous T-641A,T-450C,ins-
125A,ins-125A 

290 I256L 0.00179127 0.0047329 Nonsynonymous NA 
291 NA -0.0008971 0.00335467 Synonymous NA 
295 I716V -0.0260844 0 Nonsynonymous C-793A,C-736T,ins-

642T,G-456A,A-
72G 

297 A99V,P296L,N5
88K 

-0.1260505 NA Nonsynonymous ins-125A,ins-125A 

298 P694S,I716V -0.0612323 0.0203894 Nonsynonymous C-793A,C-736T,ins-
642T,G-456A,A-
72G 

304 R29K,E63D 0.00416011 0.00341728 Nonsynonymous ins-642T 
305 I716V 0.00594383 0.0051731 Nonsynonymous G-733C,ins-642T,A-

121T,A-95G,G-
52A,ins-32T,T-28A 

307 S782C -0.0182512 0.0039585 Nonsynonymous NA 
309 L223V,I225Y,L

226T,R227A,L2
28F,G229R,F23
0L,L231F,V232
S,E233G,L234T,
I235Y,S236F,L2
37S,N238K,A23
9C,V240C,A241
C,G242W,F243
L,M244H,T245
D,G246R,S247F,
A248R,F249I,N
250* 

-0.1921588 0.0193739 Nonsense A-742G,C-512T,G-
381C,A-243G 
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310 NA -0.0488871 0 Synonymous C-793A,C-736T,ins-
642T,G-456A,A-
72G 

312 S699L -0.0776178 0.16039301 Nonsynonymous NA 
320 N588K -0.0041501 0.02487121 Nonsynonymous G-129T 
321 N588K -0.0080535 0.00964949 Nonsynonymous ins-642T 
324 NA 0.00703846 0.00357527 Synonymous C-512T,ins-494A,A-

482G,T-391C,G-
381C,A-243G,T-
170C 

325 A99V,G380R,N
588K,K856E 

0.00355811 0 Nonsynonymous NA 

327 H41R -0.0067704 0.00578463 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,C-
362A,T-230C,G-
189A,A-72G 

328 V20I,V527I,P60
8L,F701I,I716V 

-0.0020599 0.00209727 Nonsynonymous A-790G,G-
733C,ins-637A,A-
121T,A-95G,G-
52A,A-39G,ins-
32T,T-28A 

330 NA -0.0081508 0.00190708 Synonymous ins-642T,A-82G 
331 NA -0.00934 0 Synonymous T-391C,G-381C,A-

243G,T-170C 
332 N47D,S712N,I7

16V 
0.00755639 0 Nonsynonymous C-670G,ins-642T,C-

567A,C-319G,G-
162A,C-153T,A-
140G,A-121T,G-
96A 

333 NA -0.0002132 0.02890556 Synonymous NA 
334 NA -0.0036786 0.01189646 Synonymous G-328A 
342 V20I,V527I,P60

8L,F701I,I716V 
-0.0089829 0.01299654 Nonsynonymous G-733C,ins-

637A,A-121T,A-
95G,G-52A,A-
39G,ins-32T,T-28A 

345 D316E,I716V -0.0225235 0.0139829 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,G-189A,A-
72G 

346 H41R -0.0118931 0 Nonsynonymous C-793A,C-736T,ins-
642T,A-451G,T-
230C,G-189A,A-
72G 

348 V20I,T221I,P37
3S,N588K 

NA NA Nonsynonymous G-733C,ins-642T,C-
511G,A-408G,C-
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371T,A-121T,A-
95G,G-52A,T-
40A,ins-32T,T-28A 

349 Y69*,D70N,I71
6V 

-0.1522268 0.00672011 Nonsense G-733C,ins-642T,T-
230C,G-189A 

350 NA 0.00581325 0.00257939 Synonymous NA 
351 V20I,L505* -0.1584013 0 Nonsense C-793A,C-736T,ins-

642T,C-508T,C-
412T,A-121T,A-
95G,G-52A,A-
48G,T-40A,ins-
32T,T-28A 

353 Y155*,G242C,K
412E,S782C 

-0.107856 0.02329395 Nonsense G-733C,ins-642T 

359 NA -0.00957 0 Synonymous T-627A,G-51A 
363 M260I,L553K,L

554K,Q556K,A5
57T,F558G,P559
F,A560P,G561C,
K562W,F563* 

-0.1986467 0 Nonsense G-64A 

365 N588K,V598L -0.0009908 0 Nonsynonymous G-64A 
367 W353*,F558S,S

827I 
-0.2366081 0 Nonsense C-670G,ins-642T,C-

567A,C-319G,G-
162A,C-153T,A-
140G,A-121T,G-
96A 

370 E45K -0.0042439 0.00459341 Nonsynonymous T-120A,T-50G 
373 V20I,V527I,P60

8L,F701I,I716V 
0.00411649 0.00518258 Nonsynonymous G-733C,ins-

637A,A-121T,A-
95G,G-52A,ins-
32T,T-28A 

374 NA 0.00429621 0 Synonymous C-512T,ins-494A,A-
482G,T-391C,G-
381C,A-243G,T-
170C 

382 Q184*,G254S -0.1297796 0 Nonsense ins-642T,A-463G,A-
82G 

383 R29K -0.000517 0.00981088 Nonsynonymous ins-642T 
384 A99V,N588K,K

856E 
0.00978734 9.27E-05 Nonsynonymous ins-125A,ins-125A 

389 NA 0.00743378 0 Synonymous A-571G,G-51A 
390 NA -0.0057557 0 Synonymous C-793A 
393 Q184*,G254S -0.1623546 0.00694162 Nonsense A-82G 
400 R29K 0.00206958 0.0074097 Nonsynonymous ins-642T 
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402 N588K 0.01495159 0 Nonsynonymous NA 
403 I716V 0.00531234 0.00045975 Nonsynonymous ins-642T,G-52A,ins-

32T,T-28A 
405 H41R,A99V,I71

6V 
-0.0091594 0 Nonsynonymous C-793A,C-736T,ins-

642T,A-451G,T-
230C,G-189A,A-
72G 
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Supplementary Table 4. One-way ANOVA test of simulated libraries to determine if there 

is a significant difference when using PacRAT.  

Each test was performed for simulations at all three coverages per gene. P-values for pairwise 

comparisons between methods were calculated using the Tukey test and reported here. Nearly all 

simulated libraries showed significant improvements (p < 0.05) with PacRAT except the library 

generated from a 759bp insert sequence across all three coverages (highlighted orange) and the 

936 library at 10X coverage (highlighted purple). This indicates that PacRAT does not improve 

barcode-variant mapping for smaller inserts, but is more crucial as insert sizes (and error rates) 

increase.  
Size of 

variable 
region (bp) 

SimLoRD 
Parameter 

ANOVA (df = 1) Comparison between ABP and PacRAT (p-values) 
F statistic p-value  10X 5X 3X 

759 adjusted 2666.134 7.7509E-18 0.99981365 0.69736541 0.78105659 
936 adjusted 21798.43 2.6097E-23 0.62449709 2.0916E-05 2.3756E-05 
1128 adjusted 10432.88 2.1694E-21 0.02317619 9.2129E-08 6.1294E-08 
1710 adjusted 17714.41 9.0595E-23 4.563E-14 2.7311E-14 2.7089E-14 
2166 adjusted 72159.58 1.9844E-26 2.7089E-14 2.7089E-14 2.7089E-14 
2538 adjusted 145442.3 2.96E-28 2.7089E-14 2.7089E-14 2.7089E-14 
2961 adjusted 156165.4 1.9317E-28 2.7089E-14 2.7089E-14 2.7089E-14 
4086 adjusted 2234635 2.2503E-35 2.7089E-14 2.7089E-14 2.7089E-14 
759 default 7414.062 1.68E-20 5.5423E-08 2.7255E-11 1.6157E-09 
936 default 9752.343 3.25E-21 7.3386E-13  2.0513E-12  4.9183E-14 
1128 default 32614.59 2.33E-24 2.7089E-14 2.7089E-14 2.7089E-14 
1710 default 43628.94 4.06E-25 2.7089E-14 2.7089E-14 2.7089E-14 
2166 default 473927.7 2.47E-31 2.7089E-14 2.7089E-14 2.7089E-14 
2538 default 85208.39 7.32E-27 2.7089E-14 5.0848E-14 2.7089E-14 
2961 default 34793.84 1.58E-24 2.7089E-14 1.7345E-10 2.7089E-14 
4086 default 10728.29 1.83E-21 2.7089E-14 0.00568811 3.5973E-10 
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Supplementary Table 5. Primers used for amplifying and cloning MALx3 alleles. 

Primer 
ID 

Primer Name Primer sequence Notes 

P170 MAL33_F GAATGGGACTGATTGGA
ACAGCGC 

Amplifying MAL33 only 

P171 MAL33_R AACTTCTGTGGTAGATGA
AGGGCG 

Amplifying MAL33 only 

P172 MAL33_F_Gibso
n 

gcggccgctctagaactagtggatctcg
GAATGGGACTGATTGGA
ACAGCGC 

Amplifying MAL33 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P173 MAL33_R_Gibso
n 

gaattcctgcagcccgggggatctcgA
ACTTCTGTGGTAGATGAA
GGGCG 
 

Amplifying MAL33 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P183 MAL13_2_F ACGCAGTTAAGAGCTAT
TGTCCGG 

Amplifying  MAL13 only 

P184 MAL13_2_R CCTCTGCCCTTCAACTAG
TGCTCC 

Amplifying MAL13 only 

P188 P188_MAL13_F_
Gibson 

gcggccgctctagaactagtggatctcg
ACGCAGTTAAGAGCTAT
TGTCCGG 

Amplifying MAL13 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P189 P189_MAL13_R
_Gibson 

gaattcctgcagcccgggggatctcgC
CTCTGCCCTTCAACTAGT
GCTCC 

Amplifying MAL13 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P190 P190_YPR196W
_F 

TTCTTTCCCAACTCTTTC
GCCAGC 

Amplifying MAL73 only 

P191 P190_YPR196W
_R 

TCGTAGTGTACATGGTCC
TCTTCC 

Amplifying MAL73 only 

P192 P192_YPR196W
_F_Gibson 

gcggccgctctagaactagtggatctcg
TTCTTTCCCAACTCTTTC
GCCAGC 

Amplifying MAL73 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P193 P193_YPR196W
_R_Gibson 

gaattcctgcagcccgggggatctcgT
CGTAGTGTACATGGTCCT
CTTCC 

Amplifying MAL73 with 
homology to plasmid 
YMD2307 NruI cut site. Used 
for mini library. 

P194 MAL33_BC_Gib
son_R 

gaattcctgcagcccgggggatctcgN
NNNNNNNNNAACTTCTG
TGGTAGATGAAGGGCG 

Barcoded primer used with 
P172 to amplify and barcode 
unique MAL33 alleles. Similar 
ones were designed for MAL13 
(P196) and MAL73 (P195), but 
not used here. 
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P199 MAL33_barseq_
F 

aatgatacggcgaccaccgagatctaca
cAAACTTCAAAGCCGCAA
CAAAACC 

Amplifying for barcode 
sequencing 

P200 MAL33_barseq_
Rev1 

caagcagaagacggcatacgagatGT
GCCTACtggccgattcattaatgcag
ctgg 

Amplifying for barcode 
sequencing 

P197 MAL33_barseq_
Read1 

CACAACAGATGAGGTGT
TTCGCCCTTCATCTACCA
CAGAAGTT 

Sequencing primer, Read 1 

P198 MAL33_barseq_
Read2 

atcgaattcctgcagcccgggggatctc
g 

Sequencing primer, Read 2 

P202  MAL33_barseq_I
ndex 

ggaaacctgtcgtgccagctgcattaatg
aatcggcca 
 

Index primer 
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Supplementary Table 6. Percent identity and similarity between MALx3 sequences. 

A) Percent identity between nucleotide sequences of MALx3 genes. 
 

 MAL13 MAL23 MAL33 MAL43 MAL63 MAL73 
MAL13       
MAL23 70.24%      
MAL33 70.75% 77.14%     
MAL43 69.89% 94.27% 75.44%    
MAL63 71.78% 94.76% 74.17% 92.64%   
MAL73 67.44% 82.31% 74.45% 84.85% 78.20%  

 
B) Percent identity (top) and similarity (bottom) between amino acid sequences of MALx3 
proteins.  
 

 MAL13 MAL23 MAL33 MAL43 MAL63 MAL73 
MAL13       
MAL23 69.68% 

78.53% 
     

MAL33 68.08% 
77.80% 

74.26% 
80.00% 

    

MAL43 69.05% 
77.68% 

94.89% 
97.02% 

72.13% 
79.15% 

   

MAL63 70.53% 
78.95% 

94.47% 
96.17% 

71.06% 
78.51% 

92.98% 
95.11% 

  

MAL73 64.63% 
74.74% 

85.32% 
90.43% 

70.64% 
78.09% 

87.45% 
91.70% 

81.91% 
87.87% 
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